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ABSTRACT 
 
 

The effects of human genetic and environmental 

factors on the gut and airway microbiome 
 

Mi Young Lim 

Department of Public Health 

Graduate School of Public Health 

Seoul National University 

 

The human microbiome consists of an enormous variety of microorganisms including 

bacteria, archaea, fungi, and viruses that reside in all body surfaces that are exposed to 

the external environment such as the skin, oral cavity, airway, vagina, and gut. Although 

the human microbiome has long been known to play important roles in human health 

and disease, only the recent advances in high-throughput sequencing methods and 

analytic techniques have enable detailed investigation of the human microbiome 

composition, function, and host-microbe interactions. Through these studies, it has 

become apparent that in the healthy state, the human microbiota is involved in a broad 

range of activities for the maintenance of human health, including nutrient metabolism, 

epithelial cell proliferation, development and maintenance of the immune system, and 

protection against pathogens. Meanwhile, disruption of the normal microbiota 

(dysbiosis) has been linked to the various diseases such as obesity, cancer, a variety of 

inflammatory diseases of the airways, skin, mouth, and intestinal tract. To direct future 



 

 

ii 

therapy for microbiome-related diseases, it is necessary to first characterize the “normal” 

microbiota in the healthy population and identify factors that are associated with 

compositional changes in human microbiome. For these purposes, in this thesis, a large-

scale investigation of the gut microbiota and the airway microbiota was conducted in 

Korean twins and their families. 

First, we identified that the gut microbiota of healthy Koreans were clustered into two 

enterotypes using metagenomic sequencing data which was generated from 36 fecal 

samples of healthy Korean monozygotic (MZ) twins. The two enterotypes were 

enriched by either Bacteroides or Prevotella. We observed that the enterotype of an 

individual was stable over time, and that most co-twins shared their enterotypes. We 

also found that the subject’s enterotypes were significantly associated with the serum 

uric acid level and the long-term intakes of nutrients such as dietary fiber, vitamins, and 

minerals. These results suggest that both host genetics and dietary habits could be 

important contributors to the enterotype of an individual. 

Second, we characterized the gut microbiota of 655 MZ (N=306) and dizygotic (DZ) 

(N=74) twins, and family members of twin pairs (N=275), of which approximately 18% 

(121 individuals) had metabolic syndrome (MetS). We found that Methanobrevibacter, 

Lactobacillus, and Sutterella were significantly enriched in MetS individuals, while 

Akkermansia, Odoribacter, and Bifidobacterium were significantly enriched in healthy 

individuals. Among the gut microbes associated with MetS status, Actinobacteria, to 

which the Bifidobacterium belong, had the highest heritability (45.7%). Even after 

adjustment for MetS status, reduced abundances of Actinobacteria and Bifidobacterium 

were significantly linked to the minor allele at the apolipoprotein A-V gene (APOA5) 

SNP rs651821, which is associated with triglyceride level and MetS. Therefore, our 

results demonstrate that altered gut microbiota mediated by a specific host genotype can 

contribute to the development of MetS.  

Third, we assessed the influences of host genetics and lifestyles such as smoking, 

alcohol consumption, and physical activity on the airway microbiota composition. A 
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total of 257 sputum samples from 74 MZ twin pairs (n=148), 14 DZ twin pairs (n=28), 

and their parents and siblings (n=81) were analyzed for airway microbiota composition 

using next-generation sequencing of partial 16S rRNA gene sequences. We found that 

several taxa, including Providencia and Bacteroides, were significantly influenced by 

host genetic factors. Smoking had the strongest effect on the overall microbial 

community structure among the various host lifestyle factors. The pack-year value was 

positively associated with abundance of the Veillonella genus, which is known to be 

related to airway inflammation, but negatively associated with that of Haemophilus. Co-

occurrence network analysis showed that the taxa were clustered according to the 

direction of correlations or trends for smoking, and that the taxa influenced by host 

genetics were closely correlated with each other. These results demonstrate that the 

composition of the airway microbiota is shaped by complex interactions among host 

genetics and lifestyle factors, such as smoking. 

In conclusion, this study shows that the composition of the healthy human 

microbiome is influenced not only by extrinsic environmental factors including diet and 

lifestyle but also by host genetics, and that the changes in the abundances of the specific 

microbial taxa caused by these factors are associated with metabolic syndrome and 

possibly airway inflammation. These data suggest that personalized approaches will be 

required in the prevention and treatment of microbiome-related diseases. 
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Human microbiome 
 

Humans consist of not only our own somatic cells but also a tremendous diversity of 

commensal microbes including bacteria, archaea, fungi, and viruses. These microbes 

exist at all body surfaces that are exposed to the external environment, including the 

skin, oral cavity, airway, vagina, and gut, forming a community known as the human 

microbiome (Turnbaugh et al., 2007). Over the past few years, with advances in 

sequencing methods and analytical techniques, the human microbiome has been 

intensively studied. As a representative example, the Human Microbiome Project (HMP) 

Consortium, the largest human microbiome study to date, has reported the structure and 

function of the ‘normal’ microbiome in 300 healthy US adults at 18 body sites using 

16S rRNA gene sequencing (Human Microbiome Project Consortium, 2012). Through 

such efforts, our understanding of human microbiome biology have been greatly 

improved. 

Each body site provides a highly specialized ecological niche for its own microbial 

community (Figure 1.1). For example, the gut microbiota is composed of members of 

Firmicutes and Bacteriodetes; the vaginal microbiota mainly comprises Firmicutes; the 

skin microbiota consists of Actinobacteria, Firmicutes, and Proteobacteria (Cho and 

Blaser, 2012). The existence of these body site-specific microbial communities imply 

that each habitat of the human body coevolved with specific microbes which harbor 

different functional repertoires (Pflughoeft and Versalovic, 2012). At each body site, 

members of the normal microbiome play critical roles in contributing to the 

maintenance of human health by participating in many metabolic functions, promoting 

differentiation of host tissues, modulating the immune system, or protecting the host 

against pathogens. In line with this, alterations in the composition of the human 

microbiome have been reported to be significantly associated with various diseases 

including obesity, autism, and a variety of inflammatory diseases of the airways, skin, 
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mouth, and intestinal tract (Cho and Blaser, 2012). Therefore, it is important to 

understand which factors contribute to compositional changes in human microbiome in 

order to prevent and control microbiome-related diseases.  
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Figure 1.1 Compositional differences in the microbiome by anatomical site (Cho and 

Blaser, 2012).  
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Gut microbiome 
 

In the human gut, a total of approximately 1014 microbial cell are present, which are 

tenfold as many cell as the rest of our bodies. Their collective genomes contain orders 

of magnitude more genes than our own genome (Gill et al., 2006). The gut microbiota 

participates in a diverse range of biochemical and metabolic activities that are essential 

to the host. For example, these microbes break down indigestible dietary 

polysaccharides and produce micronutrients and vitamins; they regulate the function of 

the host's intestinal epithelium and immune system; they provide protection against 

invasion by potentially harmful pathogens (Sommer and Bäckhed, 2013).  

The human intestine is a stable, protected, and nutrient-rich environment for the 

bacterial growth, and thus the composition of the adult gut microbiota is relatively stable 

over time. However, this habitat also can be changed due to antibiotic exposure, enteric 

infection, or a long-term change in diet, all of which can lead to alterations in the gut 

microbial composition. For example, in a healthy volunteer study, it has been shown 

that repeated antibiotic administration can result in the development of a new stable 

state in the gut microbiota (Dethlefsen and Relman, 2011).  

Recent studies have revealed that there are significant variations in the composition 

of the gut microbiota of healthy individuals (Human Microbiome Project Consortium, 

2012, Yatsunenko et al., 2012). Several factors has been known to affect the gut 

microbial composition. For instance, aging is closely associated with changes in the gut 

microbiota. The relative abundance of Bifidobacteria was shown to be significantly 

decreased with increasing age in three different populations. Geography is another 

factor in shaping the gut microbiota. Large inter-personal variations was observed in the 

gut microbial communities of humans living in geographically and culturally distinct 

setting, indicating that the differences in host ethnicity, geographic location of residence, 

lifestyle, and diet may lead to the differences in the gut microbiota (Yatsunenko et al., 

2012). More recently, it has been reported that host genetics also influence the 
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composition of the microbiota (Goodrich et al., 2014). 

Taken together, the intra- and inter-personal variations driven by those various factors 

may be related to the development of the gut microbiome-related diseases such as 

obesity, diabetes, and inflammatory bowel diseases. Therefore, identifying specific 

disease-associated taxa and the factors that affect the abundances of such taxa will help 

optimize strategies to control disease. 
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Airway microbiome 
 

The airways of healthy humans have been considered to be sterile when examined by 

culture-dependent techniques. However, recent studies using culture-independent 

techniques has revealed that even healthy airways harbor a unique steady-state 

microbiota (Charlson et al., 2011, Erb-Downward et al., 2011). Although the HMP did 

not include sampling of the lung, a series of studies to explore the airway microbiome 

is actively being conducted in similar ways to studies of other body sites. Accumulated 

data now indicate that the airway microbiota of healthy individuals is different from 

those of individuals with chronic lung diseases such as asthma, chronic obstructive 

pulmonary disease (COPD), and cystic fibrosis (Marsland and Gollwitzer, 2014), 

although whether changes in the microbiota are the cause or consequence of diseases 

remains to be elucidated.  

The respiratory tract is associated not only with antimicrobial peptide-producing 

epithelial cells but also with various immune cells including antibody-producing B cells, 

effector or memory T cells, dendritic cells. Accordingly, the airway microbiota can play 

critical roles in modulation of the immune response in the respiratory tract, tightly 

interacting with host factors. For example, studies in childhood asthma have shown that 

exposure to a diverse microbial environment early in life is protective against asthma 

(Ege et al., 2011, Fujimura et al., 2010), emphasizing the importance of the airway 

microbiota in the development of the immune system. 

Given the clear differences in the airway microbiota between healthy and diseased 

individuals, it is important to characterize the “normal” airway microbiota in the healthy 

population for valid comparison. Much remains to be studied regarding the factors that 

underlie alterations in the composition of the airway microbiota and their relationships 

with specific microbes for the development of patient-tailored strategies for lung disease. 
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Techniques for studying the human microbiome 
 

Advances in low-cost high-throughput sequencing techniques enabled large-scale 

surveys of the human microbiome such as the HMP (Turnbaugh et al., 2007) and the 

Metagenomics of the Human Intestinal Tract (MetaHIT) consortium (Qin et al., 2010). 

These rapid advances also led to the development of diverse analytic techniques and 

tools. 

16S ribosomal RNA gene (16S) sequencing is the most commonly used technique for 

studying the human microbiome. This allows researcher to rapidly and cost-effectively 

identify the bacteria and archaea that are present in the communities of interest. 

However, this method has several limitations. 16S sequencing cannot identify viral and 

fungal communities. Also, 16S sequencing cannot directly identify the metabolic and 

functional capabilities of the microbial community. To predict community-wide 

functional profiles using 16S sequence data and a database of reference genomes, a 

recent bioinformatics pipeline, PICRUSt, can be used (Langille et al., 2013). 

Metagenome sequencing is a technique to sequence the DNA of an entire microbial 

community including archaea, bacteria, fungi, and viruses. The resulting metagenomic 

data can yield species-level taxonomic profiles using bioinformatic tools such as 

MetaPhlAn (Segata et al., 2012), and detailed metabolic and functional profiles using 

pipelines such as HUMAnN (Abubucker et al., 2012). However, deep metagenomic 

sequencing for many samples is still expensive, and computational challenges in 

processing sequence data remain formidable.  

Taxonomic and functional profiles produced from 16S or metagenomic sequence data 

are used for subsequent visualization and analysis. The diversity of microbial 

communities is traditionally described in terms of alpha (or within-sample) diversity 

and beta (or between-sample) diversities. Alpha diversity is measured as the number 

and distribution of taxa expected within a given community. On the other hand, beta 

diversity is measured as the degree to which samples differ from one another, allowing 



 

Chapter I                                                Backgrounds 

９ 

further analysis by dimensionality reductions, such as principal coordinates analysis 

(PCoA), or by sample clustering. Clustering of human gut microbiome samples based 

on their taxonomic similarity led to the concept of enterotype, which can be used as a 

way of stratifying samples to reduce the considerable variation in the composition of 

the human microbiome. In addition, specific taxa or functional pathways which are 

significantly associated with metadata of interest can be identified by tools such as 

LEfSe (Segata et al., 2011) or MaAsLin (Morgan et al., 2012).  

These sequencing techniques and analytic tools have allowed us to gain a more 

accurate understanding of the human microbiota and its functions in human health and 

disease (Figure 1.2).   
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Figure 1.2 A workflow for studying the human microbiome (Morgan and Huttenhower, 

2014)  
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Objectives and Hypotheses  
 

Objectives: 
The objectives of this study were 1) to identify the enterotypes of healthy Koreans and 

determine their characteristics, 2) to investigate links between the gut microbiota, host 

genetics, and metabolic syndrome, and 3) to assess the influence of host lifestyle and 

genetic factors on the healthy airway microbiota in Korean twins and their families. 

 

Hypothesis No. 1: 
The gut microbiota of healthy Koreans can be categorized into enterotypes, and specific 

enterotypes are associated with host-related factors. 

 

Hypothesis No. 2: 
There are differences in the composition of the gut microbiota between healthy 

individuals and individuals with metabolic syndrome, and host genetic factors can 

partially contribute to the differences. 

 

Hypothesis No. 3: 
The composition of the healthy airway microbiota is shaped by both lifestyle factors 

and host genetic factors.  
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Introduction 

 

Trillions of microbes reside in the human gut, carrying out functions that are critical to 

host health, including dietary energy extraction, development and maintenance of the 

immune system, and protection against pathogens (Candela et al., 2008, Cebra, 1999, 

Turnbaugh et al., 2006). The composition of the gut microbiota is known to vary greatly 

among healthy individuals (Human Microbiome Project Consortium, 2012, Turnbaugh 

et al., 2009), and to be influenced by various factors such as age, nutrition, and 

geography (De Filippo et al., 2010, Yatsunenko et al., 2012). In addition, compositional 

and functional changes in the gut microbiota have been observed in patients with several 

chronic disorders including obesity, type 2 diabetes, and inflammatory bowel disease 

(Morgan et al., 2012, Qin et al., 2012, Turnbaugh et al., 2006). 

Arumugam et al. suggested that human gut microbial communities can be clustered 

into three enterotypes, each of which is represented by different dominant genera: 

Bacteroides, Prevotella, or Ruminococcus. These enterotypes were not significantly 

correlated with host properties such as nationality, age, gender, or body mass index 

(BMI) (Arumugam et al., 2011). Subsequent studies have demonstrated associations of 

enterotypes with long-term dietary patterns (Wu et al., 2011) and several diseases such 

as symptomatic atherosclerosis (Karlsson et al., 2012) and nonalcoholic steatohepatitis 

(Zhu et al., 2013). Recently, it has been somewhat controversial about the number and 

discreteness of enterotypes (Claesson et al., 2012, Koren et al., 2013, Ou et al., 2013, 

Wu et al., 2011). A recent study using Human Microbiome Project (HMP) data showed 

that the gut microbiota is represented as a bimodal distribution and smooth gradient 

rather than a discrete distribution (Koren et al., 2013). More recently, Arumugam et al. 

stated in the addendum of their original enterotype paper that enterotypes should be 

considered as a way to simplify the complexity of the gut microbiota rather than as 

distinct clusters (Arumugam et al., 2014). So far, however, it is unknown whether the 
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enterotypes that were studied mainly in populations from Europe and the United States 

(Arumugam et al., 2011, Huse et al., 2012, Wu et al., 2011) are present in an Asian 

population with different dietary and genetic backgrounds. In addition, whether 

enterotypes are influenced by host genotype, or how stable enterotypes are over time, 

remains uncertain. 

Here, we conducted taxonomic and functional profiling of gut microbiomes from 

healthy Korean monozygotic (MZ) twins to characterize their enterotypes and 

functional clusters, and to determine the presence or absence of genetic effects on 

enterotypes as well as the longitudinal stability of enterotypes in a Korean population. 

In addition, we further investigated associations of enterotypes with long-term dietary 

habits and clinical biomarkers. 
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Materials and Methods 
 

Sample collection  
Thirty-six fecal samples were obtained from 20 MZ twins (10 MZ twin pairs) enrolled 

in the Healthy Twin Study in Korea (Sung et al., 2006). Among them, 16 MZ twins (8 

MZ twin pairs) provided fecal samples at two time points with an average interval of 2 

years, and 4 MZ twins (2 MZ twin pairs) provided samples at only one time point. 

Therefore, 36 fecal samples were collected and subsequently analyzed. The fecal 

samples were produced at home and immediately placed in freezer. Frozen fecal 

samples were brought to clinics and stored at –80°C prior to subsequent analysis. 

Antibiotic exposure was considered exclusion criteria in this study. 

 

Metadata collection 
Anthropometrical measurements and biochemical tests were conducted for each subject 

at every visit. Weight and height were measured using the InBody 3.0 (Biospace Inc., 

Seoul, Korea) body composition analyzer, and BMI was calculated as the weight (kg) 

divided by the square of the height (m2). Blood pressure was measured with a standard 

mercury sphygmomanometer. Blood samples were drawn from an antecubital vein after 

an overnight fast of at least 8 h and sent to one central laboratory for blood tests within 

24 h. Measurements of glucose, total cholesterol, triglyceride, high-density lipoprotein, 

and low-density lipoprotein were assessed by enzymatic methods. Insulin levels were 

measured by a radioimmunoassay method. The serum uric acid level was assayed by a 

uricase enzymatic colorimetric method, and high-sensitive C-reactive protein was 

measured by latex agglutination. 

Participants also filled out questionnaires covering lifestyle, medication, and disease 

history. Long-term dietary information was obtained using a 106-item food frequency 

questionnaire for Koreans (Ahn et al., 2007). For each food item, the intake in grams 
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per day was estimated based on the consumption frequency (nine categories: never or 

seldom, once a month, two to three times a month, once or twice a week, three to four 

times a week, five to six times a week, once a day, twice a day, or three times or more 

every day) and the portion size (three categories: small, medium, or large). Average 

daily intakes of energy and 23 nutrients including protein, fat, carbohydrates, fiber, 

vitamins, and minerals were calculated using a computer program (Korean Genomic 

Epidemiological Cohort Study Information System, version 1.0), but this information 

was missing for four of the 36 samples. For the analyses, we used the average daily 

intake for each of the 30 food groups that were created by combining similar food items 

into a single group. We also used energy-adjusted nutrient intakes that were calculated 

as the standardized residuals from the regression of a specific nutrient on energy. 

All experiments were performed in accordance with relevant guidelines and 

regulations approved by the institutional review board of Samsung Medical Center, 

Busan Paik Hospital, and Seoul National University (IRB No. 144-2011-07-11). Written 

informed consent was obtained from all participants. 

 

Metagenomic shotgun sequencing and analysis 
DNA extraction from each fecal sample was conducted using the MoBio Power Soil 

DNA Isolation Kit (MoBio, Solana Beach, CA, USA). All samples were sequenced by 

101-bp paired-end sequencing on a HiSeq platform (Illumina, San Diego, CA, USA) 

according to the manufacturer's instructions. The raw reads were filtered to remove low-

quality reads and human sequence contamination. To estimate the taxonomic 

composition of each sample, the filtered reads were mapped to a set of clade-specific 

marker genes using MetaPhlAn (Segata et al., 2012). For metabolic reconstruction, 

high-quality reads were mapped to the protein-coding sequences from the KEGG 

Orthology using USEARCH, and best hits were further passed through HUMAnN 

(Abubucker et al., 2012). 
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Enterotyping and functional clustering 
For enterotyping and functional clustering of the gut microbiota, we calculated Jensen–

Shannon (JS) distance for the genus-level relative abundance profiles and for the KEGG 

pathway relative abundance profiles. Recently, Koren et al. recommended using at least 

two distance metrics because of the sensitivity of enterotyping to the distance metrics 

(Koren et al., 2013). Therefore, we also applied the two other distance metrics (Bray-

Curtis [BC] and Euclidean [EU] distances). To cluster the samples based on these 

distance metrics, we used the partitioning around medoids (PAM) method in the R 

package ‘cluster’. To determine the optimal number of clusters and evaluate the cluster 

quality, we calculated Calinski–Harabasz pseudo F-statistic (CH) and Rousseeuw’s 

Silhouette internal cluster quality index (SI) values for each of three distance metrics as 

a relative and an absolute measure, respectively, recommended by Koren et al. (Koren 

et al., 2013) using the R package ‘clusterSim’. The samples were plotted by principal 

coordinate analysis using the R package ‘ade4’.  

 

Statistical analysis 
To determine taxonomic and metabolic features that were differentially abundant either 

between enterotypes or between functional clusters, LEfSe (linear discriminant analysis 

[LDA] effect size) was applied under the condition α = 0.01, with an LDA score of at 

least 2 (Segata et al., 2011). The concordance rate for the enterotype in MZ twins was 

calculated as the percentage of paired fecal samples from MZ twin pairs that were 

assigned to the same enterotype at each time point. Similarly, the persistency rate of the 

enterotype over time was calculated as the percentage of individuals who were assigned 

to the same enterotype at two different time points. Two-sample permutation tests were 

conducted on JS distances of the gut microbiota based on the genus-level relative 

abundances for the four types of comparisons for all samples obtained from each 

individual: an individual at different time points, twin pairs at the same time point, twin 

pairs at different time points, and unrelated individuals. Differences in 
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anthropometrical/biochemical biomarker measures and long-term diets (both dietary 

patterns and nutritional factors) between enterotypes were analyzed using the 

nonparametric Wilcoxon rank-sum test. To identify host properties that demonstrated 

significantly different abundances between co-twins discordant for enterotype, we 

applied the Wilcoxon signed-rank test. Heat maps of the energy-adjusted nutrient 

intakes across samples were generated using the Multi-Experiment Viewer software 

(version 4.8.1). Hierarchical clustering of samples was performed with the energy-

adjusted nutrient intake data using EU distance and an average linkage method. Fisher’s 

exact test was used to determine associations between enterotypes and groups clustered 

based on long-term patterns of nutrient intakes. P-values were adjusted for multiple 

testing with the Benjamini–Hochberg method.  
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Results 

 

Clustering Korean gut microbiome into enterotypes 
We investigated whether the gut microbiota of healthy Korean MZ twins could be 

grouped into enterotypes, following the procedure of the previous study (Arumugam et 

al., 2011). The characteristics of participants in the study are summarized in Table 2.1. 

The highest CH value was obtained for two clusters for all of the tested distance metrics. 

For two clusters, SI provided weak support (0.25 < SI ≤ 0.5) using EU distance, and no 

support (SI ≤ 0.25) using JS and BC distances by the criteria proposed by Kaufman and 

Rousseeuw (Kaufman and Rousseeuw, 2009) (Figure 2.1). Interestingly, we observed 

that the sample assignments to clusters obtained by using JS and EU distances were 

perfectly identical (Table 2.2). We thus inferred that these two distance metrics formed 

reliable clusters from our metagenome data, and chose to use the two clusters generated 

using JS distance for further analyses, as in Arumugam et al. (Arumugam et al., 2011). 
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Table 2.1 Characteristics of participants in this study. 

  n (%) or mean±SD 
 Time point 1 Time point 2 Total 
 n=20 n=16 n=36 

Age (years) 38.9±6.5 39±6.3 38.9±6.3 
Male:Female 8:12 6:10 14:22 

Body mass index (kg/m2) 23.6±3.7 23.1±3.4 23.4±3.5 
Fasting blood sugar (mg/dL) 93.5±12.6 96.4±15 94.8±13.6 

Uric acid (mg/dL) 4.9±1.8 4.7±1.9 4.8±1.8 
Triglyceride (mg/dL) 124.9±136.2 109.3±39.6 117.9±103.9 

Total cholesterol (mg/dL) 184.7±29.5 192.3±45.1 188.1±36.8 
Systolic blood pressure (mmHg) 113.7±15.5 115.1±16 114.3±15.5 
Diastolic blood pressure (mmHg) 71.3±10.1 75.4±11.6 73.1±10.9 

HDL-cholesterol (mg/dL) 47.1±10.7 41.5±8.9 44.6±10.2 
LDL-cholesterol (mg/dL) 113.8±26.7 118.8±35.2 116±30.4 
Waist circumference (cm) 79.2±9.9 78.3±11.3 78.8±10.4 
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    (A)                               (B)  

 

Figure 2.1 Estimation of the optimal number of enterotypes. (A) The Calinski–

Harabasz pseudo F-statistic and (B) Rousseeuw’s Silhouette internal cluster quality 

index for three distance metrics (Jensen–Shannon [JS], Bray–Curtis [BC], Euclidean 

[EU] distances) of the genus-level relative abundance profiles.  
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Table 2.2 Sample assignment to the enterotypes for three distance metrics (Jensen–

Shannon [JS], Bray–Curtis [BC], Euclidean [EU] distances) and to the functional 

clusters based on JS distance. 

SampleID Twin Enterotype  Functional cluster 
JS EU BC   JS 

S183_1 01 1 1 1  2 
S183_2 01 1 1 1  1 
S184_1 01 1 1 1  1 
S184_2 01 1 1 1  1 
S197_2 02 2 2 2  2 
S198_2 02 2 2 2  2 
S205_1 03 2 2 2  2 
S205_2 03 2 2 2  2 
S206_1 03 2 2 2  2 
S206_2 03 2 2 2  2 
S223_1 04 1 1 1  2 
S223_2 04 1 1 1  2 
S224_1 04 1 1 2  2 
S224_2 04 1 1 1  1 
S241_2 05 1 1 1  1 
S242_2 05 1 1 1  1 
S249_1 06 2 2 2  2 
S249_2 06 1 1 2  2 
S250_1 06 2 2 2  2 
S250_2 06 2 2 2  2 
S251_1 07 2 2 2  2 
S251_2 07 1 1 2  2 
S252_1 07 2 2 2  2 
S252_2 07 2 2 2  2 
S267_1 08 2 2 2  2 
S267_2 08 2 2 2  2 
S268_1 08 2 2 2  2 
S268_2 08 2 2 2  2 
S279_1 09 2 2 2  2 
S279_2 09 2 2 2  2 
S280_1 09 1 1 1  2 
S280_2 09 1 1 1  1 
S281_1 10 1 1 1  1 
S281_2 10 2 2 2  2 
S282_1 10 2 2 2  2 
S282_2 10 2 2 2   2 
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Compositional and functional characteristics of enterotypes 
Fifteen (41.7%) of the 36 samples were assigned to enterotype 1, and the rest (58.3%) 

were assigned to enterotype 2 (Figure 2.2A, B and Table 2.2). To identify the genera 

with different abundance values between the two enterotypes, LEfSe analysis was 

performed. In agreement with previous studies (Claesson et al., 2012, Wu et al., 2011), 

enterotype 1 and 2 were enriched in Bacteroides and Prevotella, respectively (Figure 

2.2C). We also observed that Catenibacterium was overrepresented in enterotype 1, 

whereas 23 genera, including Lactobacillus, Dorea, and Coprococcus, were more 

abundant in enterotype 2 (Figure 2.2D). 

To investigate the functional potential of each enterotype, we applied LEfSe to the 

relative abundance profiles of KEGG modules. The functional modules involved in the 

biosynthesis of vitamins, such as riboflavin (vitamin B2), pantothenate (vitamin B5), 

biotin (vitamin B7), and tetrahydrofolate (vitamin B9 derivative), were highly abundant 

in enterotype 1. Additionally, modules for pentose phosphate pathways and nucleotide 

(guanine and adenine) biosynthesis were also enriched in enterotype 1 (Figure 2.3). On 

the other hand, enterotype 2 was associated with an increased abundance of transport 

systems for glutathione, multiple sugars, and branched chain amino acids.   
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Figure 2.2 Identification of enterotypes in a Korean population. (A) The first two 

principal coordinates of the Jensen–Shannon distances of the genus-level relative 

abundance profiles. Samples are colored by enterotype as identified by the partitioning 

around medoids (PAM) clustering algorithm. Red is enterotype 1 and green is enterotype 

2. (B) Sample assignment to the enterotypes. Samples assigned to enterotype 1 are 

represented by red, samples assigned to enterotype 2 are represented by green. (C) 

Relative abundances of Bacteroides and Prevotella in each enterotype. Boxes represent 

the interquartile range (IQR) between the first and third quartiles, with a line at the 

median. (D) Histogram of the linear discriminant analysis (LDA) score for differentially 

abundant genera between the enterotypes. Negative (red bars) and positive (green bars) 

LDA scores represent genera overrepresented in enterotype 1 and enterotype 2, 

respectively. Features with LDA scores >2 are presented.  
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Figure 2.3 Functional differences between enterotypes. Histogram of the linear 

discriminant analysis (LDA) scores for differentially abundant KEGG modules between 

the enterotypes. Negative (red bars) and positive (green bars) LDA scores represent 

KEGG modules overrepresented in enterotype 1 and enterotype 2, respectively. Features 

with LDA scores >2 are presented.  
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Genetic and temporal influences on enterotypes  
Our subjects consisted of MZ twin pairs, some of whom had longitudinal samples 

collected after an average interval of 2 years. To determine the genetic and temporal 

influences on enterotypes, we subsequently calculated the concordance rate for the 

enterotype in MZ twins and the persistency rate of the enterotype. In terms of the 

concordance rate between the MZ co-twins, 13 (72.2%) of the 18 paired fecal samples 

from 10 MZ twin pairs (2 MZ pairs at one time point and 8 MZ twin pairs at two time 

points) belonged to the same enterotype. The kappa measure of agreement for the paired 

fecal samples was κ = 0.43. Five and eight paired fecal samples from 9 MZ twin pairs 

belonged to enterotype 1 and enterotype 2, respectively. Among the 18 paired fecal 

samples, 5 paired fecal samples from 4 MZ twin pairs (3 MZ twin pairs at one time 

point and 1 twin pair at two time points) were discordant for enterotype, meaning that 

one sibling of each twin pair was placed in enterotype 1 and the other sibling was placed 

in enterotype 2 (Figure 2.2B and Table 2.3). In terms of the persistency of the enterotype 

of the same individual after an average of 2 years, 13 (81.3%) of the 16 individuals were 

assigned to the same enterotype, whereas only 3 (18.7%) of the 16 individuals showed 

enterotype changes over the 2-year period (κ = 0.61) (Figure 2.2B and Figure 2.4).   

To confirm our observation, we additionally compared the JS distances between 

individuals over time, MZ twin pairs (at the same time point and at two different time 

points), and unrelated individuals (Figure 2.5). The results indicated that the JS distance 

between communities from co-twins at the same time point was shorter than the distance 

between communities from unrelated individuals, bordering on statistical significance 

(P = 0.0765). We also observed that the same individual had significantly more similar 

gut microbial communities over about a 2-year interval compared to those from 

unrelated individuals (P = 0.0015).   
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Table 2.3 Enterotype assignment of the paired fecal samples from the MZ twin pairs at 

each of the two time points 

Enterotype 

Concordant paired 

fecal samples 

Discordant paired  

fecal samples 
Total 

N % N % N % 

1 5 27.8 - - 5 27.8 

2 8 44.4 - - 8 44.4 

1/2 - - 5 27.8 5 27.8 

Total 13 72.2 5 27.8 18 100.0 

  



 

Chapter II                          Characterization of gut enterotypes 

２９ 

 

Figure 2.4 Persistency of enterotypes over time. The numbers of samples assigned to 

each enterotype at two different time points over the 2-year period are presented.  



 

Chapter II                          Characterization of gut enterotypes 

３０ 

 

Figure 2.5 Jensen–Shannon distances of the genus-level relative abundance profiles 

between individuals over time (self), twin pairs (at the same time point and at two 

different time points), and unrelated individuals (two sample permutation test; *P < 0.05; 

mean ± s.e.m.).  
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Functional clusters based on KEGG pathway profiles   
We further investigated the characteristics of functional clusters based on KEGG 

pathway abundances. The optimal number of clusters was two, when the JS distance 

metric was applied (Figure 2.6). All samples that were classified as enterotype 2 were 

grouped into functional cluster 2. However, among the 15 fecal samples classified as 

enterotype 1, only eight were assigned to functional cluster 1, which was comprised of 

only enterotype 1 samples. The other seven enterotype 1 samples were assigned to 

functional cluster 2 along with all of the enterotype 2 samples (Table 2.2 and Table 2.4). 

These seven samples had relatively low levels of Bacteroides and higher levels of genera 

that were overrepresented in enterotype 2 compared to the rest of the enterotype 1 

samples, with an alpha value of 0.05 based on LEfSe (data not shown). This finding 

suggests that some samples belonging to enterotype 1 appeared to be functionally closer 

to enterotype 2 than to enterotype 1. 

When we performed LEfSe analysis to identify differentially abundant KEGG 

modules between two functional clusters, we observed that all of the KEGG modules 

overrepresented in enterotype 1 were also enriched in functional cluster 1 (Figure 2.7). 

In functional cluster 2, several additional KEGG modules were enriched, such as 

threonine and lysine biosynthesis, the maltose/maltodextrin and putative sugar transport 

systems, and the cobalt transport system, which were not enriched in enterotype 2 based 

on genus-level abundances. Overall, our results show that the enterotypes based on 

genus-level abundances do not necessarily correspond with the functional clusters based 

on metabolic pathway profiles.   
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(A)                                       (B) 

 

Figure 2.6 Identification of two functional clusters based on KEGG pathway profiles. 

(A) Estimation of the optimal number of functional clusters calculated from the 

Calinski–Harabasz pseudo F-statistic and Rousseeuw’s Silhouette internal cluster 

quality index for three distance metrics (Jensen–Shannon [JS], Bray–Curtis [BC], 

Euclidean [EU] distances) of the KEGG pathway relative abundance profiles, and (B) 

the first two principal coordinates of the Jensen–Shannon distances of the KEGG 

pathway profiles. Samples are colored by functional cluster as identified by the 

partitioning around medoids (PAM) clustering algorithm. Red is functional cluster 1 and 

green is functional cluster 2.  
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Table 2.4 Distribution of samples based on enterotypes and functional clusters 

Metabolic pathway 

Community composition 
Total 

Enterotype 1 Enterotype 2 

N % N % N % 

Functional cluster 1 8 22.2 0 0.0 8 22.2 

Functional cluster 2 7 19.4 21 58.3 28 77.8 

Total 15 41.7 21 58.3 36 100.0 
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Figure 2.7 Functional differences between two functional clusters based on KEGG 

pathway profiles. Histogram of the linear discriminant analysis (LDA) scores for 

differentially abundant KEGG modules between the functional clusters. Negative (red 

bars) and positive (green bars) LDA scores represent KEGG modules overrepresented 

in functional cluster 1 and functional cluster 2, respectively. Features with LDA scores 

>2 are presented.  
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The associations of enterotypes with clinical biomarkers 
We investigated the association of enterotypes with host properties including 

anthropometrical/biochemical measures. The enterotypes were not significantly 

correlated with biomarkers such as age, BMI, blood pressure, fasting blood sugar, total 

cholesterol, or triglyceride (Figure 2.8). The only biomarker found to be significantly 

different between the enterotypes was the serum uric acid level (Wilcoxon rank-sum 

test, adj. P = 0.04). Enterotype 2 had significantly higher levels of uric acid than 

enterotype 1 (Figure 2.8).   
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Figure 2.8 Association of enterotypes with host properties. The Wilcoxon rank-sum test 

was used to assess the association of enterotypes with age, body mass index, and clinical 

biomarkers (*adj. P < 0.05). Boxes represent the interquartile range (IQR) between the 

first and third quartiles, with a line at the median.  
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The associations of enterotypes with long-term diets 
We next investigated associations between enterotype and long-term diets using the 

Wilcoxon rank-sum test. Enterotype 2 was associated with diets higher in fruit and egg 

food items compared to enterotype 1 (Figure 2.9A; adj. P = 0.03). For energy-adjusted 

nutrient intakes, enterotype 2 had significantly higher levels of dietary fiber, minerals 

(potassium and iron), and vitamins (vitamin A, vitamin C, vitamin E, folate, carotene, 

and retinol) than enterotype 1 (Figure 2.9B). No significant associations were noted 

between enterotypes and macronutrients such as protein, fat, and carbohydrate (Figure 

2.9B).  

We next examined the association of overall long-term dietary patterns with the 

enterotypes. Hierarchical clustering revealed that samples could be clustered into two 

groups based on 23 energy-adjusted nutrient values (Figure 2.10). However, no 

statistically significant association between two clustered groups and enterotypes was 

observed. On the other hand, when we performed hierarchical clustering using only 9 

energy-adjusted nutrient values related to the enterotypes (Figure 2.9C), we could 

observe not only the clustering of the samples into two groups, but also the significant 

association between these groups and the enterotypes (Fisher’s exact test, P = 0.03). 

These results suggest that the major determinants of the enterotypes are the long-term 

intakes of dietary fiber and micronutrients, rather than protein, fat, or carbohydrate.  

Finally, for enterotype-discordant twin pairs, we performed the Wilcoxon signed-rank 

test to identify significantly different host characteristics including anthropometrical, 

biochemical, and dietary features. No significant difference was found at a false 

discovery rate of 5%. Similarly, no significant differences were observed in host 

characteristics between functional clusters based on KEGG pathway profiles. 
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Figure 2.9 Association of enterotypes with long-term dietary intakes. (A)-(B), The 

Wilcoxon rank-sum test was used to assess the association of (A) intakes of food items 

and (B) energy-adjusted nutrient intakes with the enterotypes (*adj. P < 0.05). In (A), 

boxes represent the interquartile range (IQR) between the first and third quartiles, with 

a line at the median. In (B), colors represent the mean values of the standardized 

residuals obtained from the regression of a specific nutrient on energy. Darker blue 

corresponds to higher intake of the nutrient. (C) Heat map of hierarchical clustering for 

only the nutrient variables shown to be significantly associated with the enterotypes in 

this study. Clustering was performed using Euclidean distance and an average linkage 

method. Red indicates enterotype 1 and green indicates enterotype 2.  

(A) (B) 

(C) 
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Figure 2.10 Heat map of hierarchical clustering for 23 energy-adjusted nutrient values. 

Clustering was performed using Euclidean distance and an average linkage method. Red 

indicates enterotype 1 and green indicates enterotype 2. 

 

  



 

Chapter II                          Characterization of gut enterotypes 

４０ 

Discussion  

 

The enterotypes of human gut microbiota have recently been studied in populations in 

Europe and the United States, and the number of enterotypes was somewhat 

controversial (Arumugam et al., 2011, Claesson et al., 2012, Ou et al., 2013, Wu et al., 

2011). Our study clearly indicated that healthy Koreans, with completely different 

ethnic group and diet, are categorized into two different enterotypes based on their gut 

microbial composition: Bacteroides (enterotype 1) and Prevotella (enterotype 2). The 

third enterotype with high abundances of Ruminococcus, suggested in the previous 

study by Arumugam et al. (Arumugam et al., 2011), was not observed in this study. A 

study using HMP data showed that the sample size could affect the number of 

enterotypes (Zhou et al., 2014). In this regard, our results should be interpreted with 

caution due to the relatively small sample size. However, our results were consistent 

with a number of previous studies with larger sample sizes. In these studies, two 

enterotypes were also observed (Claesson et al., 2012, Wu et al., 2011), and a recent 

study by Koren et al. indicated the bimodal distribution of gut microbiota (Koren et al., 

2013). Therefore, our results confirm that most humans can be clustered into at least 

two enterotypes, regardless of the ethnicity or geographic region (Arumugam et al., 

2011). 

Our analysis showed that 58.3% (n=21) of samples belonged to Prevotella enterotype, 

whereas 41.7% (n=15) of samples belonged to Bacteroides enterotype. In contrast, it 

has been reported that in Western populations, a greater proportion of individuals belong 

to the Bacteroides enterotype. For examples, Arumugam et al. reported that 63.0%, 

13.0%, and 24.0% of 154 Americans were assigned to Bacteroides, Ruminococcus and 

Prevotella enterotypes, respectively, and that, similarly, most (63.0%) of 85 Danish 

individuals also were grouped to Bacteroides enterotype (Arumugam et al., 2011). Zhou 

et al. also identified the predominance of the Bacteroides enterotype (61.2%) in the 
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HMP healthy cohort (Zhou et al., 2014). The differences in the proportion of 

Bacteroides vs. Prevotella enterotypes between Korean and Western populations may 

be caused by the differences in dietary habits or demographic characteristics of the 

populations. However, in order to compare more accurately the prevalence of the 

specific enterotypes across studies, further studies taking methodological differences 

across studies into account are needed. 

With regard to the functional potential of enterotypes, we observed that modules for 

various vitamin biosynthesis and pentose phosphate pathway were enriched in 

enterotype 1 (Figure 2.3). This observation is in agreement with a recent study showing 

that the Prevotella-dominated (relatively Bacteroides-reduced) gut microbiota of 

patients with untreated rheumatoid arthritis had a reduced abundance of vitamin 

metabolism and pentose phosphate pathway modules compared to healthy individuals 

(Scher et al., 2013). Thus, Prevotella are likely to be key microbes leading to differences 

in the abundances of these functional modules between the enterotypes. Indeed, the 

enzymes of the pentose phosphate pathway do not exist in Prevotella (Shah and Collins, 

1990). In line with our observation of the enrichment of various vitamin biosynthesis 

modules in enterotype 1, Bacteroides living in the gut are known to have a high 

abundance of genes in the KEGG pathway for vitamin and cofactor metabolism 

(Karlsson et al., 2011). In addition, the enrichment in transport system modules in 

enterotype 2 implies that the microbes of enterotype 2 may have the high efficiency in 

the uptake of nutrients from the extracellular environment. It has been reported that at 

the phylum level, Firmicutes have relatively more transport systems than Bacteroidetes 

(Turnbaugh et al., 2009). Several taxa enriched in enterotype 2, such as Lactobacillus, 

Dorea, and Coprococcus, belong to the Firmicutes, which may contribute to the 

enrichment of transport system modules in enterotype 2.  

The MZ twin design has the advantage of matching for age, sex, and genetic 

background. Another advantage of studying twins is that twins share maternal 

influences and common environment. Therefore, estimating the concordance rate of the 
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enterotype can help suggest whether the enterotype is related to host genetics, although 

in order to better understand host genetic effects on the enterotype, it is required to 

compare the concordance rate of MZ twins to that of DZ twins. Our finding of a high 

level of concordance for enterotypes of MZ twins (Table 2.3) indicates that the 

enterotype might be affected by the host genetics to some extent. However, a part of the 

MZ twin pairs (27.8%) were found to be enterotype-discordant. This discordance may 

be partially caused by the fact that all of our subjects were adults (aged 30–48 years at 

the first time point), and thus the diets and environments of the twin pairs might not 

have been shared for a long time. In addition, our data showed that the enterotype of 

each individual was generally stable over time (Figure 2.4). Previous studies on the 

stability of enterotypes have suggested that neither a 10-day nor 6-month dietary change 

was sufficient to lead to enterotype switching (Roager et al., 2014, Wu et al., 2011). A 

recent study with very limited data reported the stability of enterotypes over a long-term 

period (Rajilić-Stojanović et al., 2012): the enterotypes of all five participating subjects 

appeared to have changed over a period of 8 or 12 years. To better understand the factors 

causing the change of an individual’s enterotype, larger longitudinal studies with 

demographic, nutritional, and behavioral data are needed. 

Among a broad range of clinical biomarkers, the serum uric acid level showed a 

significant association with the enterotypes (Figure 2.8). Uric acid is the end product of 

purine metabolism in humans, and its production is in balance with uric acid disposal 

under the steady-state condition. Approximately two-thirds of uric acid pool is excreted 

from the kidney into urine, and the remainder is excreted into gut where uric acid is 

broken down into allantoin by gut bacteria (intestinal uricolysis) (Sorensen, 1959). We 

found that 5-hydroxyisourate hydrolase (K07127), which is involved in the conversion 

of uric acid to allantoin, was enriched in enterotype 1 (data not shown). Thus, 

differences in the functional capacity to metabolize uric acid between the enterotypes 

may contribute to differences in serum uric acid levels between the enterotypes. Further 

studies combining metagenomic, metatranscriptomic, and metabolomic approaches are 
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needed to determine which enterotype-associated gut microbes affect serum uric acid 

levels, and how.  

Enterotypes were previously reported to be associated with long-term dietary patterns: 

the “Bacteroides” enterotype was correlated with a diet enriched in protein and animal 

fat, while the “Prevotella” enterotype was associated with a carbohydrate-enriched diet 

(Wu et al., 2011). In the present study, no such association was observed. Instead, we 

found that long-term intakes of dietary fiber and micronutrients were significantly 

associated with the enterotypes (Figure 2.9). Our data show that enterotype 2 is 

overrepresented not only by Prevotella but also by several bacteria, such as 

Lactobacillus and Coprococcus, which have the ability to ferment dietary fiber (Ahn et 

al., 2013, Stewart et al., 2009). Indeed, De Filippo et al. found that the gut microbiome 

of rural African children was dominated by saccharolytic bacteria, including Prevotella 

and Xylanibacter, compared to that of European children (De Filippo et al., 2010). 

These differences were attributed to the high dietary fiber intake of the rural children. 

Even though our study subjects were composed of members of a single ethnic group, 

we were able to observe the association of dietary fiber intake with enterotypes.  

The types of vitamins whose intake levels were found to be associated with the 

enterotypes were vitamin A, including retinol and carotene, vitamin C, and vitamin E 

(Figure 2.9B). All of these vitamins have antioxidant properties, and influence immune 

function by strengthening epithelial barriers and cellular immune responses (Maggini et 

al., 2007). Moreover, a study with vitamin A-deficient mice revealed that vitamin A can 

modulate the composition of gut microbiota, and in turn affect the differentiation of pro-

inflammatory Th17 cells (Cha et al., 2010). Thus, our data suggest that dietary vitamin 

intakes may partially contribute to particular configurations of the gut microbiota, and 

therefore, host immune phenotypes may differ according to the host’s enterotype. 

We also observed that in enterotype 1, folate intake was lower (Figure 2.9B) and the 

KEGG module related to folate biosynthesis was significantly increased (Figure 2.3). 

Folate is a water-soluble B vitamin produced by both gut microbes and plants, and is 
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involved in various cellular processes including the synthesis of nucleotides and certain 

amino acids. Therefore, it is likely that enterotype 1 has adapted to compensate for a 

dietary shortage of this essential nutrient, in agreement with Yatsunenko et al.’s 

observation that the genes related to the riboflavin biosynthesis are more abundant in 

the gut microbiome of the Malawian and Amerindian infants whose vitamin availability 

is lower than the U.S. infants (Yatsunenko et al., 2012). 

With regard to minerals, higher dietary iron intake was found to be associated with 

enterotype 2 (Figure 2.9B). Iron is an essential micronutrient for most of the gut 

microbiota, and the ability to acquire iron differs among bacterial strains. Several studies 

have reported that iron supplementation leads to compositional changes in the gut 

microbiota in humans and in animal models (Alexandra et al., 2014, Werner et al., 2011, 

Zimmermann et al., 2010). Thus, the gut microbial compositions forming the different 

enterotypes could be influenced by dietary iron intake. 

In conclusion, we presented that the gut microbiota of a Korean MZ twin population 

can be categorized into two enterotypes, each enriched in either Bacteroides or 

Prevotella. Our longitudinal samples of MZ twins showed that most co-twins shared 

their enterotypes, and that the enterotype of an individual remained mostly unchanged 

over a long-term period. The serum uric acid level and the long-term intakes of nutrients 

such as dietary fiber, vitamins, and minerals were found to be associated with the 

subjects’ enterotypes. 
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Introduction 

 

Due to recent dramatic changes in human lifestyle, the metabolic syndrome (MetS), 

which consists of multiple clinical factors leading to high risk of type 2 diabetes and 

cardiovascular disease (Wilson et al., 2005), has become increasingly prevalent 

worldwide. It was estimated that approximately 20–30% of adults suffer from MetS in 

most countries (Grundy, 2008). For example, recent data showed that 34.6% and 31.3% 

of adults suffer from MetS in the United States and South Korea, respectively (Ford, 

2005, Lim et al., 2011). The hallmarks of MetS include abdominal obesity, dyslipidemia, 

hypertension, and hyperglycemia. These symptoms are closely associated with insulin 

resistance and chronic low-grade inflammation, which lead to the development of type 

2 diabetes and cardiovascular disease (Esposito et al., 2004). Although several factors 

have been implicated in the development of MetS, including host genetic factors (e.g., 

single nucleotide polymorphisms (SNPs) in or near lipoprotein lipase (LPL), cholesteryl 

ester transfer protein (CETP), and apolipoprotein A (APOA)-cluster), dietary habit (e.g., 

a high fat/high calorie diet), and sedentary lifestyle (e.g., physical inactivity) (Kaur, 

2014, Kraja et al., 2011), the pathogenesis of MetS is not yet fully elucidated. 

Recently, a number of studies have indicated that the gut microbiota are involved in 

the energy metabolism of the host, regulating nutrient absorption, gut hormone 

production, fat storage, or gut permeability (Bäckhed et al., 2004, Cani et al., 2008, 

Maccarrone et al., 2010, Samuel et al., 2008). In addition, accumulated data have 

suggested that dysbiosis of the gut microbiota is closely related to the development of 

obesity and, subsequently, other hallmarks of MetS (Ley et al., 2006, Turnbaugh et al., 

2009, Turnbaugh et al., 2006, Vijay-Kumar et al., 2010, Zupancic et al., 2012). These 

data imply that the gut microbiota might play a critical role in the development of MetS 

in humans, but few studies have investigated the gut microbiota of individuals in 

relation to MetS. 
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The composition of the gut microbiota is modulated by multiple factors, including 

the age, sex, and diet of the host (Delzenne et al., 2011). In addition, increasing evidence 

from mouse models has suggested that host genetics also contribute to shaping the gut 

microbiota (Benson et al., 2010, Kovacs et al., 2011, McKnite et al., 2012, Zhang et al., 

2009a). Recently, Goodrich et al. found that a number of gut microbial taxa, including 

Christensenellaceae, were heritable in humans, which strongly suggests that the human 

gut microbiota can be influenced by host genetics (Goodrich et al., 2014). At the level 

of specific loci, several studies have shown that variations in several host genes, such 

as nucleotide-binding oligomerization domain 2 (NOD2) and fucosyltransferase 2 

(FUT2), may contribute to alterations in gut microbial community structure, and 

consequently, affect Crohn’s disease (CD) susceptibility in humans (Ateequr et al., 2011, 

Philipp et al., 2011, Tong et al., 2014). Therefore, it can be hypothesized that MetS, gut 

microbial composition, and host genotype are interrelated. However, to our knowledge, 

no studies to date have investigated which specific gut microbes are responsible for 

MetS, or the degree to which such microbes are related to SNPs in particular host genes.  

The APOA5 gene encodes apolipoprotein A-V, a component of chylomicrons, very-

low-density lipoprotein (VLDL), and high-density lipoprotein (HDL) particles (O’Brien 

et al., 2005). This gene, which is located proximal to the APOA1/C3/A4 gene cluster on 

chromosome 11, appears to be involved in the regulation of triglyceride metabolism. 

Human APOA5 transgenic mice had greatly reduced plasma triglyceride levels 

compared to their wild-type counterparts, whereas mice lacking the APOA5 gene had 

triglyceride levels fourfold higher than control mice (Pennacchio et al., 2001). In 

addition, it has been shown in humans that SNPs in the APOA5 gene are associated with 

increased levels of plasma triglyceride. The rs651821 SNP, located 3 bp upstream from 

the start codon of APOA5, showed significant associations with increased risk of 

hypertriglyceridemia or MetS in various populations (Hong et al., 2014, Tan et al., 2012, 

Yamada et al., 2008). Because APOA5 is also expressed in the intestine, although the 

expression level is much lower than that in the liver (Guardiola et al., 2012), we 
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hypothesized that there would be a relationship between the APOA5 SNP rs651821 and 

the gut microbiota, and that such a relationship might be associated with MetS. 

Here, we investigated the gut microbiota of 655 Korean twins and their families to 

identify specific gut microbes significantly associated with MetS status, estimate 

heritability of the gut microbes, and determine the associations of MetS-related and 

heritable gut microbes with an APOA5 genetic variant.   
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Materials and Methods 

 

Description of study population and their specimens 
A total of 655 individuals from participants enrolled in the Healthy Twin Study in Korea 

(Sung et al., 2006) were included in this study. The study population consisted of 153 

monozygotic (MZ) twin pairs (n = 306), 37 dizygotic (DZ) twin pairs (n = 74), and their 

parents and siblings (n = 275) (Table 3.1). They had not taken any antibiotics or cold 

medicine 3 months before sampling. Overall, the mean subject age was 47.01 (± 12.19 

SD) years, with a range of 20 to 81 years, and 58.47% of the subjects were female. The 

study protocol was approved by the Institutional Review Board of Samsung Medical 

Center (IRB file No. 2005-08-113), Busan Paik Hospital (IRB file No. 05-037), and 

Seoul National University (IRB file No. 144-2011-07-11). Written informed consent 

was obtained from all participants. 

The fecal samples from the participants were obtained at home and immediately 

frozen in a home freezer. Then, frozen fecal samples were transferred to clinics and 

stored at –80°C until analysis. All participants answered questionnaires covering 

lifestyle, medication, and disease history, and underwent clinical tests, biochemical tests, 

and anthropometrical measurements. Genotyping of the participants was performed 

using the Affymetrix Genome-Wide Human SNP Array 6.0 (Affymetrix, Inc., Santa 

Clara, CA, USA). 

 

Measures of MetS components and definition of MetS 
Waist circumference was measured at a level midway between the lowest lateral border 

of the ribs and the uppermost lateral iliac crest. Blood pressure was measured using a 

standard manual sphygmomanometer. Blood samples were drawn from an antecubital 

vein after overnight fasting for at least 8 h. Triglyceride and HDL cholesterol were 
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assayed using homogeneous and enzymatic methods, respectively. Fasting blood sugar 

(FBS) was measured using a hexokinase enzymatic method.  

MetS was defined following the revised National Cholesterol Education Program 

Adult Treatment Panel III (NCEP ATP III) criteria (Grundy et al., 2005) with the 

Korean-specific waist circumference cutoff values for abdominal obesity (Lee et al., 

2007). The subjects were considered to have MetS if they had three or more of the 

following five criteria: 1) waist circumference ≥ 90 cm in males or ≥ 85 cm in females, 

2) blood pressure ≥ 130/85 mm Hg, 3) triglycerides ≥ 150 mg/dL (1.7 mmol/L), 4) HDL 

cholesterol < 40 mg/dL (1.03 mmol/L) in males or < 50 mg/dL (1.3 mmol/L) in females, 

and 5) FBS ≥ 100 mg/dL (5.6 mmol/L).  

 

Analysis of the gut microbiome 
DNA was extracted from the fecal samples using the QIAamp DNA Stool Mini Kit 

(Qiagen, Inc., Valencia, CA, USA) with the following protocol modifications: 

Approximately 200 mg of fecal sample were mixed with 1.3-mL ASL buffer in a 0.7-

mm garnet bead tube (MO BIO Laboratories, Carlsbad, CA, USA) and vortexed for 30 

s. The samples were subsequently heated at 95°C for 10 min and then centrifuged. The 

supernatant was transferred into a 0.1-mm glass bead tube (MO BIO Laboratories, 

Carlsbad, CA, USA), homogenized twice by bead beating for 2 min each, and 

centrifuged. The supernatant was transferred into a new tube, vortexed with an 

inhibitEX tablet (Qiagen, Inc., Valencia, CA, USA) for 1 min, and incubated for 1 min. 

The samples were centrifuged, and the supernatant was placed in a new sample tube. 

The remaining steps of the DNA extraction process were performed by the automated 

QIAcube instrument (Qiagen, Inc., Valencia, CA, USA) and eluted in 200-μL AE buffer. 

The extracted DNA samples were stored at –20°C until use.  

PCR amplification of the fecal DNA samples was performed with the Illumina-

adapted universal primers 515F/806R targeting the V4 region of the 16S rRNA gene 
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(Caporaso et al., 2011). PCR mixtures (50 μL) contained 35.5-μL PCR water, 5 μL of 

10× Takara Ex Taq buffer, 0.1 mM Takara dNTP mix, 0.25 μM of each primer, 0.05 

units Ex Taq polymerase (TaKaRa, Shiga, Japan), and 5.0-μL genomic DNA. Reactions 

were held at 94°C for 3 min to denature the DNA, followed by amplification for 35 

cycles at 94°C for 45 s, 50°C for 60 s, and 72°C for 90 s; a final extension at 72°C for 

10 min was added to ensure complete amplification. The amplicons were purified using 

the MO BIO UltraClean PCR Clean-Up Kit (MO BIO Laboratories, Carlsbad, CA, USA) 

and quantified using the KAPA Library Quantification Kit (KAPA Biosystems, Woburn, 

MA, USA). The amplicons for each sample were normalized, pooled, and sequenced on 

the MiSeq platform using a paired-end 2 × 300 bp reagent kit (Illumina, San Diego, CA, 

USA).  

Sequence data were processed using QIIME (v 1.7.0) (Caporaso et al., 2010). 

Sequences were clustered into operational taxonomic units (OTUs) at 97% identity 

using an open-reference OTU picking protocol against the 13_5 revision of the 

Greengenes database. The taxonomy assignments for OTUs were based on the 

Greengenes reference sequence using the RDP classifier. The resulting tables of OTU 

counts were subsequently converted to relative abundance tables. Unclassified taxa at 

each taxonomic level were excluded from the analyses. Phylogenetic investigation of 

communities by reconstruction of unobserved states (PICRUSt) (Langille et al., 2013) 

was used to infer putative functional metagenomes from 16S rRNA gene sequence 

profiles. The relative abundance of each functional pathway was calculated for each 

sample, and non-microbial functional pathways belonging to the ‘Organismal Systems’ 

and ‘Human Diseases’ categories were excluded from downstream analysis.  

 

Statistical analysis 
Permutational multivariate analysis of variance using distance matrices (Adonis) 

(Anderson, 2001) and analysis of similarities (ANOSIM) (Clarke, 1993) were 

performed using the Vegan package in R to identify a significant influence of MetS 
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status on the gut microbial diversity. These tests were performed using a Bray-Curtis 

distance matrix calculated from the genus-level relative abundance data. Additionally, 

two-dimensional nonparametric multi-dimensional scaling (NMDS) plots were 

generated from a Bray-Curtis distance matrix using the Vegan package in R to visually 

represent microbiota compositional differences among samples.  

Multivariate analysis was performed using multivariate association with linear 

models (MaAsLin) (Morgan et al., 2012) to identify significant associations of 

microbial abundances (at all taxonomic levels from kingdom to genus) as well as 

associations of functional pathway abundances with MetS status, after accounting for 

confounding variables. In the analysis, age and sex were treated as fixed effects, and 

MZ twin and family relationships were treated as random variables. Low abundance 

taxa (the average relative abundance across all the samples < 0.1%) were excluded from 

MaAsLin analysis. Correlation between the each MetS component and MetS-related 

microbes was assessed by Spearman’s rank correlation test. Associations were 

considered to be significant with a Benjamini and Hochberg false discovery rate (FDR)-

corrected P-value of < 0.25. 

Bray-Curtis distances of the genus-level relative abundance profiles between MZ 

twin pairs, DZ twin pairs, family members, and unrelated individuals were compared 

by two-sample t-test with 1000 Monte Carlo permutations.  

Heritability estimates for each microbial taxon were obtained using a variance 

component method in Sequential Oligogenic Linkage Analysis Routines (SOLAR) 

(Almasy and Blangero, 1998). Low-abundance taxa were excluded from this analysis. 

The relative abundances of the taxa were transformed using the inverse normal 

command in SOLAR. Heritability estimates (H2r) was calculated after adjustment for 

covariates including age, sex, and MetS. FDR-corrected P-values of < 0.05 were 

considered to indicate significance. Heritability estimates for metabolic traits were 

calculated in the same manner, except that only age and sex were included as covariates. 

Heritability of MetS itself was analyzed using a threshold model with adjustment for 
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age and sex in SOLAR. 

The associations between host genotype and specific gut microbial taxa were tested 

using the family-based association tests for quantitative traits (QFAM) module 

implemented in PLINK (http://pngu.mgh.harvard.edu/purcell/plink/) (Purcell et al., 

2007). QFAM performs a simple linear regression of quantitative phenotype on 

genotype, while accounting for family structure. Because the QFAM do not accept 

covariates, the gut microbial abundances, which were transformed with the arcsine 

square root transformation, were regressed on MetS status and/or triglyceride in 

addition to age and sex, and the standardized residual values were used as quantitative 

phenotypes in QFAM analysis. A total of 100,000 permutations were carried out to 

correct for the dependence between related individuals, and the results were reported as 

pointwise empirical P-value (EMP1). The resulting EMP1 values were adjusted for 

multiple testing with the FDR correction. The effects of host genotype on each MetS 

trait were also examined with QFAM. The association of host genotype with MetS status 

was assessed with the chi-squared test. 

 

  

http://pngu.mgh.harvard.edu/purcell/plink/
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Results 

 

Association of gut microbial community structure and MetS status 
Among the 655 individual in our study, the subjects who fulfilled MetS criteria 

represented 18.47% of the total, 12.75% of MZ twins, 13.51% of DZ twins, and 26.18% 

of family members (Table 3.1). To assess the strength of relationships between microbial 

community diversity and MetS phenotype, we first performed two different 

nonparametric analyses for multivariate data, including Adonis and ANOSIM statistical 

tests, on the Bray-Curtis distance matrix for the genus-level relative abundance profiles. 

The analyses showed that the gut microbial communities of MetS individuals were 

significantly different from those of healthy individuals (Adonis: P = 0.034, ANOSIM: 

P = 0.028), although the gut microbiota from these two groups were not clearly 

separated on a two-dimensional NMDS plot (Figure 3.1). 

To evaluate the associations of gut microbial taxa with MetS status, with adjustments 

for age, sex, and correlation structures from identical twin and family relationships, we 

conducted MaAsLin analysis (Morgan et al., 2012) (Figure 3.2A). The results indicated 

that Lactobacillus, Methanobrevibacter, and the Sutterella were markedly increased in 

MetS individuals, while Parabacteroides, Odoribacter, Akkermansia, Bifidobacterium, 

and the Christensenellaceae were significantly overrepresented in healthy individuals. 

For the taxa identified by MaAsLin, we confirmed correlations between the gut 

microbial abundances and each MetS component, including waist circumference, 

triglycerides, FBS, blood pressure, and HDL cholesterol, using Spearman’s rank 

correlation test. We observed a tendency in which the taxa enriched in the MetS 

individuals were positively correlated with waist circumference, triglycerides, blood 

pressure, or FBS, but negatively correlated with HDL cholesterol, while the opposite 

trend was observed for the taxa enriched in healthy individuals, although there were 

several exceptions (Figure 3.2B). For example, Lactobacillus, enriched in the MetS 
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individuals, was positively correlated with FBS and waist circumference, but negatively 

correlated with HDL cholesterol. In contrast, Odoribacter and Rikenellaceae, 

overrepresented in healthy individuals, were positively correlated with HDL cholesterol, 

and negatively correlated with all other MetS components. A similar tendency was 

observed even after adjustment for age, sex, and family structure (Figure 3.2C). 

To further investigate the gut microbial functions associated with MetS status, we 

used PICRUSt (Langille et al., 2013) to predict functional metagenomes from 16S 

rRNA gene sequences and their reference genomes. Functional pathways that were 

differentially abundant between healthy and MetS individuals were identified, with 

adjustments for age, sex, and family structure, using MaAsLin (Morgan et al., 2012). 

We found that cysteine and methionine metabolism, nicotinate and nicotinamide 

metabolism, vitamin B6 metabolism, and peptidoglycan biosynthesis pathways were 

overrepresented in MetS individuals, whereas the pathways associated with 

carbohydrate, lipid, and energy metabolism (e.g., pyruvate, glycerophospholipid, and 

methane metabolism), cell motility (e.g., bacteria chemotaxis, flagellar assembly, and 

bacterial motility proteins), and genetic information processing (e.g., RNA transport and 

the sulfur-relay system) were enriched in healthy individuals (Figure 3.3). Thus, we 

concluded that the gut microbiota of MetS individuals are compositionally and 

functionally distinct from the gut microbiota of healthy individuals.  
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Table 3.1 Characteristics of participants in this study. 
 n (%) or mean ± SD 

 Overall MZ twins DZ twins Nontwin 

 n=655 n=306 n=74 n=275 

Females 383 (58.47) 184 (60.13) 36 (48.65) 163 (59.27) 

Age (yr) 47.01 ± 12.19 41.83 ± 7.99 41.23 ± 7.57 54.32 ± 13.26 

Waist ≥ 90 (M) or 85 (F) cm 156 (23.82) 53 (17.32) 9 (12.16) 94 (34.18) 

BP ≥ 130/85 mm Hg 104 (15.88) 32 (10.46) 12 (16.22) 60 (21.82) 

Triglyceride ≥ 150 mg/dL 164 (25.04) 63 (20.59) 20 (27.03) 81 (29.45) 

HDL < 40 mg/dL (M) or 50 mg/dL (F) 296 (45.19) 122 (39.87) 29 (39.19) 145 (52.73) 

FBS ≥ 100 mg/dL 158 (24.12) 58 (18.95) 12 (16.22) 88 (32) 

MetS* 121 (18.47) 39 (12.75) 10 (13.51) 72 (26.18) 

M: males; F: females; Waist: waist circumference; BP: blood pressure; HDL: high-density lipoprotein 

cholesterol; FBS: fasting blood sugar; MetS: metabolic syndrome; MZ: monozygotic; DZ: dizygotic; 

Nontwin: parents or siblings of twin pairs 

*Abnormal values for at least three of the following: Waist, BP, Triglyceride, HDL, and FBS 
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Figure 3.1 Nonparametric multi-dimensional scaling (NMDS) plots of gut microbiota. 

Bray-Curtis distance matrix calculated from the genus-level relative abundance data 

were used in this NMDS analysis. Red and blue dots represent MetS individuals and 

healthy individuals, respectively. Arrows indicate MetS components that had significant 

correlations with the ordination. (DBP: diastolic blood pressure; SBP: systolic blood 

pressure; FBS: fasting blood sugar; HDL: high-density lipoprotein cholesterol; Waist: 

waist circumference).  
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Figure 3.2 Significant differences in the composition of the gut microbiota between the 

healthy and MetS groups. (A) Bar plot of γ-coefficients from multivariate analysis 

assessing associations between microbial taxa and MetS status, with adjustments for 

age, sex, and family structures. Positive (red bar) and negative (blue bar) coefficient 

values represent taxa enriched in the MetS group and healthy group, respectively. The 

error bar represents the standard error. B-C: Heat maps of (B) Spearman’s rank 

correlation coefficients and (C) γ-coefficients from multivariate analysis between MetS-

associated gut microbial taxa and each MetS component (DBP: diastolic blood pressure; 

SBP: systolic blood pressure; Waist: waist circumference; Triglyceride; FBS: fasting 

blood sugar; HDL: high-density lipoprotein cholesterol). Red and blue in the row-side 

color bar on left-hand side indicate that the taxa were significantly enriched in MetS 

individuals and healthy individuals, respectively, in MaAsLin analysis. The asterisk 

indicate significant associations at FDR-corrected P-values of < 0.25.   
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Figure 3.3 Significant associations between inferred gut microbial functions and MetS 

status. Box plots of relative abundances (arcsine square root transformed values) of 

Kyoto Encyclopedia of Genes and Genomes (KEGG) pathways that were significantly 

differentially abundant between healthy and MetS individuals. The significant 

associations were assessed by multivariate analysis, with adjustments for age, sex, and 

family structures. 
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Heritability of MetS-associated gut microbial populations 
It is known that MetS is significantly influenced by host genetics (Bellia et al., 2009, 

Lin et al., 2005, Sung et al., 2009). We evaluated the heritability of MetS and its 

individual traits with adjustments for age and sex. Consistent with a previous study 

conducted with Korean twins (Sung et al., 2009), MetS exhibited high heritability 

(70.3%). In addition, all of the MetS components exhibited significant heritability, 

ranging from 23.9% for diastolic blood pressure (DBP) to 73.5% for waist 

circumference (Figure 3.4A).  

To assess the influences of host genetics on the gut microbiota, we measured the 

Bray-Curtis distances between the gut microbial communities of MZ twin pairs, DZ 

twin pairs, family members, and unrelated individuals, based on the genus-level relative 

abundance profiles. The results indicated that the overall gut microbial community 

structures were not more similar between MZ twin pairs than between DZ twin pairs (P 

= 0.332; two-sample t-test, 1000 Monte Carlo permutations), although MZ twin pairs 

had more similar gut microbial communities compared to those from members of a 

family or unrelated individuals (P = 0.022 and P < 2.2e-16) (Figure 3.4B). We also 

observed the similar results from the Bray-Curtis, unweighted UniFrac, and weighted 

UniFrac distances that were calculated with a rarefied OTU table (Figure 3.5).  

Because MetS is highly heritable (Figure 3.4A) and the gut microbiota is closely 

related to MetS status (Figure 3.2), we calculated H2r for each taxa after adjusting not 

only for age and sex, but also for MetS, to assess the genetic influence on the abundance 

of each taxa, independently of MetS status. Among the 85 tested microbial taxa from 

genus level to kingdom level with greater than 0.1% average relative abundance, 50 taxa 

(58.8%) were significantly heritable (FDR-corrected P < 0.05), with heritability 

estimates ranging between 13.1% and 45.7% (Appendix A). Focusing on the taxa found 

to be significantly associated with MetS status by MaAsLin, we determined that 17 

(65.4%) of the 26 taxa were heritable (Figure 3.4C). Among the taxa enriched in the 

MetS group, Methanobrevibacter (H2r ± SE; 20.9 ± 5.9%) and Lactobacillus (14.8 ± 
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5.9%) were significantly heritable. On the other hand, among the taxa enriched in the 

healthy group, the Actinobacteria phylum (45.7 ± 5.5%), Bifidobacterium (37.4 ± 9.4%), 

Christensenellaceae (30.6 ± 5.9%), and Odoribacter (19.2 ± 5.8%) exhibited significant 

heritability. These results indicate that host genetic factors greatly influence the relative 

abundances of specific gut microbes that are related to MetS. 
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Figure 3.4 Heritability of MetS phenotype and gut microbiota. (A) Bar graph of the 

heritability estimates (H2r) of MetS status as well as each MetS component (DBP: 

diastolic blood pressure; SBP: systolic blood pressure; Triglyceride; FBS: fasting blood 

sugar; Waist: waist circumference; HDL: high-density lipoprotein cholesterol). The 

error bar represents the standard error of the estimates. (B) Bar graph of Bray-Curtis 

distances of the genus-level relative abundance profiles between monozygotic (MZ) 

twin pairs, dizygotic (DZ) twin pairs, family members, and unrelated individuals (mean 

± standard error of the mean; *P < 0.05 for two-sample t-test with 1000 Monte Carlo 

(A) (B) 

(C) 
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permutations). (C) Dot plot of the heritability estimates (H2r) of the gut microbial taxa. 

Red dots and blue dots denote the heritability estimates of taxa that were significantly 

enriched in MetS individuals and healthy individuals, respectively, in MaAsLin analysis. 

Heritability values were obtained for inverse-normal-transformed relative abundances 

of the gut microbial taxa after adjustments for age, sex, and MetS status. Only taxa with 

FDR-corrected P-values < 0.05 are shown. 
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Figure 3.5 Differences in the gut microbiota between family members. Bar graph of 

Bray-Curtis, unweighted UniFrac, and weighted UniFrac distances between the gut 

microbial communities of monozygotic (MZ) twin pairs, dizygotic (DZ) twin pairs, 

family members, and unrelated individuals (mean ± standard error of the mean; *P < 

0.05 for two-sample t-test with 1000 Monte Carlo permutations). These distances were 

calculated with a rarefied OTU table containing 8,000 sequences per sample. 
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Association of APOA5 SNP rs651821 with MetS-related gut microbial taxa 
To further investigate whether a specific host gene can influence abundances of specific 

gut microbial taxa, we performed a targeted analysis of APOA5 SNP rs651821. Because 

this SNP has been previously associated with triglyceride levels and MetS (Hong et al., 

2014, Tan et al., 2012, Yamada et al., 2008), we first tested whether such a relationship 

existed in this study population with total of 351 individuals (275 healthy and 76 MetS) 

whose rs651821 genotype data were available (minor allele frequency = 33.1%). We 

observed that the prevalence of MetS was higher in carriers of the minor C allele than 

in non-carriers (P = 0.0488; chi-square test) (Figure 3.6A). Moreover, we found that 

each minor copy of rs651821 was significantly associated with a 24.65 mg/dL increase 

in triglyceride (EMP1 = 0.0011) using the QFAM procedure in PLINK (Purcell et al., 

2007). There were trends of greater increases in DBP, SBP, FBS, and waist 

circumference and of greater reduction in HDL cholesterol in carriers of the minor allele, 

although none of these trends were statistically significant (Figure 3.6B). These findings 

confirmed that minor alleles of APOA5 SNP rs651821 were closely linked to increased 

risk of high triglyceride levels as well as MetS in our cohort. 

Next, we further tested for associations between APOA5 SNP rs651821 and each of 

17 MetS-related and heritable gut microbial taxa (listed in Figure 3.4C) using the QFAM 

module. After adjustment for age and sex, five significant associations were detected 

between SNP rs651821 and gut microbial taxa (FDR-corrected P < 0.05). Each 

additional copy of the minor C allele at APOA5 SNP rs651821 decreased the abundances 

of the Actinobacteria phylum, the Actinobacteria class, Bifidobacteriales, 

Bifidobacteriaceae, and Bifidobacterium (Table 3.2). Notably, although these taxa were 

found to be significantly related to MetS status (Figure 3.2), SNP rs651821 remained 

associated with the abundances of these taxa even after adjusting for MetS status, age, 

and sex (Table 3.3 and Figure 3.7). The associations between these taxa and SNP 

rs651821 were also observed even after adjustment for triglyceride additionally. 

Collectively, these data demonstrate that APOA5 SNP rs651821 might be an important 
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host genetic factor in determining the abundances of the health-promoting 

Bifidobacterium bacteria and the taxa to which this genus belongs.
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(B) 

 
Figure 3.6 Associations of APOA5 SNP rs651821 with MetS. (A) Prevalence of MetS 

according to APOA5 SNP rs651821. Chi-square test: P-value = 0.0488 in the 

comparison of the prevalence of MetS among the genotypes. (B) Box plots of each MetS 

component according to APOA5 SNP rs651821. Triglyceride increased significantly in 

carriers of the minor allele (EMP1 = 0.0011 in the QFAM procedure). The box plots 

(A) 
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indicate the median (horizontal solid line), mean (diamond), interquartile range (IQR) 

between the first and third quartiles (box), minimum and maximum values excluding 

outliers (whiskers), and the number of outliers. 
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Table 3.2 Significant associations of APOA5 SNP rs651821 with gut microbial taxa 

using the QFAM procedure in PLINK (adjusted for age and sex). 

Taxon BETA EMP1  FDR.EMP1 
p__Actinobacteria -0.2713 0.0020  0.0102 
p__Actinobacteria|g__Bifidobacterium -0.2632 0.0026  0.0102 
p__Actinobacteria|f__Bifidobacteriaceae -0.2586 0.0029  0.0102 
p__Actinobacteria|o__Bifidobacteriales -0.2586 0.0029  0.0102 
p__Actinobacteria|c__Actinobacteria -0.2583 0.0030  0.0102 
p__Bacteroidetes|g__Paraprevotella 0.0961 0.2058  0.5759 
p__Tenericutes -0.0907 0.3030  0.5759 
p__Tenericutes|c__Mollicutes -0.0901 0.3090  0.5759 
p__Bacteroidetes|g__Odoribacter 0.0802 0.3420  0.5759 
p__Proteobacteria|c__Gammaproteobacteria -0.0748 0.3961  0.5759 
p__Bacteroidetes|g__Parabacteroides 0.0739 0.4022  0.5759 
p__Bacteroidetes|f__Porphyromonadaceae 0.0732 0.4065  0.5759 
p__Firmicutes|f__Lactobacillaceae -0.0445 0.6479  0.7709 
p__Firmicutes|f__Christensenellaceae 0.0428 0.6751  0.7709 
p__Firmicutes|g__Lactobacillus -0.0410 0.6802  0.7709 
p__Euryarchaeota|g__Methanobrevibacter 0.0286 0.7331  0.7789 
p__Bacteroidetes|f__[Odoribacteraceae] 0.0055 0.9462  0.9462 

The standardized residuals of the arcsine square root transformed microbial abundances regressed against 

age and sex were used as quantitative phenotypes in this analysis.  

BETA: the effect size (regression coefficient); EMP1: pointwise empirical p-value; FDR.EMP1: FDR-

corrected EMP1  
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Table 3.3 Significant associations of APOA5 SNP rs651821 with gut microbial taxa 

using the QFAM procedure in PLINK (adjusted for MetS status, age, and sex ). 

Taxon BETA EMP1 FDR.EMP1 
p__Actinobacteria -0.2541 0.0037 0.0160 
p__Actinobacteria|g__Bifidobacterium -0.2477 0.0038 0.0160 
p__Actinobacteria|f__Bifidobacteriaceae -0.2429 0.0045 0.0160 
p__Actinobacteria|c__Actinobacteria -0.2418 0.0047 0.0160 
p__Actinobacteria|o__Bifidobacteriales -0.2429 0.0047 0.0160 
p__Bacteroidetes|g__Paraprevotella 0.1108 0.1441 0.4083 
p__Bacteroidetes|g__Parabacteroides 0.0948 0.2795 0.5527 
p__Bacteroidetes|f__Porphyromonadaceae 0.0943 0.2806 0.5527 
p__Bacteroidetes|g__Odoribacter 0.0899 0.2926 0.5527 
p__Tenericutes -0.0653 0.4605 0.7194 
p__Tenericutes|c__Mollicutes -0.0649 0.4655 0.7194 
p__Proteobacteria|c__Gammaproteobacteria -0.0566 0.5219 0.7394 
p__Firmicutes|f__Christensenellaceae 0.0550 0.5903 0.7396 
p__Euryarchaeota|g__Methanobrevibacter 0.0421 0.6091 0.7396 
p__Firmicutes|f__Lactobacillaceae -0.0412 0.6694 0.7490 
p__Firmicutes|g__Lactobacillus -0.0375 0.7049 0.7490 
p__Bacteroidetes|f__[Odoribacteraceae] 0.0226 0.7895 0.7895 

The standardized residuals of the arcsine square root transformed microbial abundances regressed against 

age, sex, and MetS status were used as quantitative phenotypes in this analysis. 

BETA: the effect size (regression coefficient); EMP1: pointwise empirical p-value; FDR.EMP1: FDR-

corrected EMP1  
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Figure 3.7 Associations of APOA5 SNP rs651821 with specific members of the gut 

microbiota. Box plots of the standardized residuals of the arcsine square root 

transformed microbial abundances regressed against age, sex, and MetS according to 

APOA5 SNP rs651821. The box plots indicate the median (horizontal solid line), mean 

(diamond), the interquartile range (IQR) between the first and third quartiles (box), 

minimum and maximum values excluding outliers (whiskers), and the number of 

outliers.  
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Discussion 

 

Metabolic disorders, including MetS, obesity, and type 2 diabetes, are complex diseases 

that result from interactions between the host's intrinsic characteristics and 

environmental factors. Although it is now widely accepted that the gut microbiota is a 

key environmental factor for modulating host metabolism, only a few studies have 

pointed to specific gut microbes in relation to MetS, and our understanding of the links 

between host genetic factors, gut microbiota, and MetS in humans is still quite limited. 

In this study, we demonstrated that host genetics strongly influences the abundance of 

specific gut microbial taxa related to MetS. In particular, the Bifidobacterium genus is 

strongly associated with host genetics and its abundance is significantly reduced with 

each additional copy of the minor allele at APOA5 SNP rs651821, leading to an 

increased risk of MetS. 

We identified a specific set of gut microbial taxa that may have beneficial or harmful 

impacts on host metabolism related to MetS (Figure 3.2). A number of studies has 

focused on microbial associations with obesity and type 2 diabetes in humans, and the 

results of these studies have been well summarized in reviews (Sanz et al., 2014, 

Tagliabue and Elli, 2013). Although the results are not fully consistent (Appendix B), 

we observed that the patterns of gut microbial alterations in MetS individuals were 

generally similar to those of patients with obesity or type 2 diabetes (Sanz et al., 2014, 

Tagliabue and Elli, 2013). For example, the reduction in Bifidobacterium and the 

expansion of Betaproteobacteria and Alcaligenaceae that we observed in MetS 

individuals have also been reported to be associated with obesity or type 2 diabetes 

(Larsen et al., 2010, Wu et al., 2010, Zhang et al., 2009b). According to a meta-analysis 

of obesity-associated gut microbiota alterations (Angelakis et al., 2012), 

Bifidobacterium has been shown to have a consistent anti-obesity effect in humans. We 

also found that Akkermansia, whose anti-obesity functions were demonstrated in diet-
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induced obese mice (Everard et al., 2013), was enriched in the healthy individuals, 

although there have been conflicting results on the association between Akkermansia 

abundance and type 2 diabetes in humans (Qin et al., 2012, Zhang et al., 2013). 

Additionally, we newly identified several gut microbial taxa that may be responsible for 

the improvement of host metabolism, such as the Porphyromonadaceae family, 

including the genera Parabacteroides, the Rikenellaceae family, and the genus 

Odoribacter. It is noteworthy that the relative abundances of these taxa were not only 

enriched in the healthy individuals but also associated with improving at least one of 

the MetS features (Figure 3.2B). Generally, Lactobacillus is considered to be beneficial 

to human health. However, we found an increase in this genus in the gut microbiota of 

the MetS individuals. Indeed, inconsistent results have been reported with respect to the 

association between Lactobacillus abundance and obesity (Armougom et al., 2009, 

Balamurugana et al., 2010, Kadooka et al., 2010, Million et al., 2011, Million et al., 

2013). Seventeen species of Lactobacillus are associated with the human gut (Walter, 

2008), and different functional capacities to attenuate obesity complications were 

Lactobacillus strains specific (Wang et al., 2015). These characteristics of Lactobacillus 

spp. may have caused the considerable controversy over the effect of Lactobacillus on 

the control of adiposity. Taken together, although the mechanisms of interaction 

between these specific gut microbes and the host metabolism remain to be elucidated, 

our findings suggest that specific modulations of the gut microbiota might be an 

effective strategy for preventing or treating MetS.  

Our data show that host genetics can influence the abundances of specific taxa. The 

overall gut microbial community structures of MZ twin pairs had an almost identical 

degree of similarity to that of DZ twin pairs, as shown in previous studies (Turnbaugh 

et al., 2009, Yatsunenko et al., 2012). This may be due to the influences of early life 

environmental exposures or to limited statistical power, as recently pointed out by 

Goodrich et al. (Goodrich et al., 2014). In spite of these results, we could not exclude 

the possibility that specific taxa are influenced by host genetic factors. By applying 
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variance components methods, we found that more than half of the tested taxa were 

significantly heritable, and the higher taxonomic levels that encompass the 

Bifidobacterium (Actinobacteria, Actinomycetales, and Bifidobacteriaceae) had the 

highest heritability estimates among the taxa related to MetS status (Figure 3.4C). 

Consistent with our results, the heritability of Bifidobacteriaceae was also reported in 

the twins in UK (Goodrich et al., 2014). Because Bifidobacterium dominates the gut 

microbiota of breast-fed infants and decreases with increasing age (Yatsunenko et al., 

2012), it can be expected that the abundance of this genus in adult twins could be 

affected by an early shared environment. However, surprisingly, no significant influence 

of the common environments was detected in our study (C2: 0.0198, FDR-corrected P 

= 0.4620) (Appendix A). Goodrich et al. also demonstrated that the Christensenellaceae 

family was the most heritable taxon in the UK twins, and this family was associated 

with a lean host phenotype (Goodrich et al., 2014). Consistent with this previous study, 

we observed the high heritability of the Christensenellaceae family, which was enriched 

in the healthy individuals in our Korean population. Therefore, the families 

Bifidobacteriaceae and Christensenellaceae are likely to play important roles in 

improving host metabolism, interacting with host genetics regardless of ethnicity, diet, 

or geographic region. We note again that we estimated the heritability of each taxon 

after removing the effects of MetS status as well as age and sex. Therefore, our data 

suggest that host genetic factors can influence the development of MetS by determining 

the abundances of specific gut microbial taxa that are associated with MetS status. 

Through a targeted analysis of the association of APOA5 SNP rs651821 with MetS-

related and heritable taxa, we observed that minor alleles of this host genetic variant 

were significantly associated with decreased abundances of Bifidobacterium and its 

parent taxa, which were simultaneously the health-associated and most heritable taxa 

(Figure 3.7). This finding suggests that the APOA5 variant may contribute to the 

compositional change of the MetS-related gut microbiota. The APOA5 gene is 

predominantly expressed in the liver, but it is also produced at a much lower level in the 
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intestine (Guardiola et al., 2012). The role of APOA5 as an important regulator of 

triglyceride metabolism has been demonstrated extensively in mice and human studies, 

which have mainly focused on liver and plasma (Pennacchio et al., 2001, Ribalta et al., 

2002, Schaap et al., 2004, van der Vliet et al., 2002). Recently, a novel role of APOA5 

in the gut was reported by a study of APOA5-deficient mice: APOA5 plays a role in the 

lymphatic transport of dietary lipids by modulating the production of chylomicrons by 

the gut (Zhang et al., 2015). Based on our results and the results of this recent study, it 

is likely that the gut environment of carriers of the minor allele of APOA5 SNP rs651821 

may be different from that of noncarriers in terms of lipid metabolism, which may lead 

to unfavorable conditions for the growth of Bifidobacterium. Interestingly, in a recent 

CD patient-based study combining host transcriptomic and microbial profiling, the 

authors found that APOA1, APOA4, and APOC3 gene expressions within the CD ileum 

were downregulated and associated with abundances of specific Firmicutes and 

Bacteroidetes taxa (Haberman et al., 2014). Although they did not report the expression 

of the APOA5 gene, our results are in line with their findings in that apolipoproteins in 

the APOA1/C3/A4/A5 gene cluster are associated with specific microbial taxa, and this 

association would be important for gut microbiota-related diseases. Our study 

demonstrated that APOA5 gene determines the abundance of Bifidobacetrium 

independent of both MetS and triglyceride levels.  

This study also has limitations that should be noted. First, this was a candidate gene 

study. The host genetic influence on the gut microbial composition could be derived 

from the effects of various and multiple genetic variants such as SNPs, copy-number 

variations, or mutations. To gain a thorough understanding of the associations between 

host genetic variants and microbial taxa, it would be helpful to conduct a genome-wide 

association study. However, because of the relatively small sample size with limited 

statistical power in this study, we performed a targeted association analysis for only one 

MetS-related SNP with MetS-related and heritable taxa. Second, our study cannot 

define the sequential causal relationship in this setting. Future studies using animal 
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models with gene knock-outs are warranted to confirm a causal link between APOA5 

genotype, alteration of gut microbiota, and MetS development. 

In summary, we identified a specific set of gut microbial taxa that were significantly 

associated with MetS status and their relationship with host genetics. Our results suggest 

the possibility that an altered gut microbiota, which may be partially mediated by 

specific host genetic variants, can contribute to the development of MetS. It will be 

important to consider host genetics when developing future microbiome-targeted 

therapeutic strategies for metabolic disorders such as MetS. 
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Introduction 

 

Until recently, due to limitations in analytical methods, the airways of healthy humans 

were thought to be sterile (Marsland and Gollwitzer, 2014). However, recent studies 

using high-throughput next-generation sequencing (NGS) techniques have reported that 

the airways are not sterile (even in a healthy host) and harbor diverse microbial 

communities (Charlson et al., 2011, Hilty et al., 2010). Several investigations have 

shown that changes in the composition of the airway microbiota are associated with the 

development of chronic lung diseases such as asthma, chronic obstructive pulmonary 

disease (COPD), and cystic fibrosis (CF) (Erb-Downward et al., 2011, Hilty et al., 2010, 

van der Gast et al., 2011). In addition, a decreased microbiota diversity has been 

reported in these diseases (Blainey et al., 2012, Erb-Downward et al., 2011). The airway 

microbiota plays an important role in host health and diseases, although the underlying 

mechanisms remain unclear. Therefore, it is important to characterize the “normal” 

airway microbiota in a large, healthy population to gain insights into the basic 

characteristics of airway microbiota, to identify causes of airway microbiota variations 

across healthy individuals, and to use the information as a reference for identifying 

specific microbial signatures of microbiota-related lung diseases. 

Chronic lung diseases are caused by both genetic and environmental factors. 

Numerous epidemiological studies have reported that chronic lung diseases are 

influenced by various lifestyle factors. It is well-established that smoking is the main 

risk factor for the development of not only COPD including emphysema and chronic 

bronchitis but also asthma in adults (Løkke et al., 2006, Lindberg et al., 2005, Piipari et 

al., 2004). For examples, a 25 year follow-up study showed that more than 25% of 

continuous smokers develop COPD (Løkke et al., 2006). Lifestyle factors such as 

physical inactivity and alcohol consumption are also known to be associated with these 

diseases (Lieberoth et al., 2012, Reilly et al., 2008). In addition, several genome-wide 
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association studies have identified susceptibility loci that are associated with the 

diseases (Chen et al., 2015, Cho et al., 2014, Torgerson et al., 2011). 

Few studies to date have examined associations between host genetic or lifestyle 

factors and the airway microbiota. For example, it has been reported that the use of 

antibiotics, a class approach to control chronic respiratory infections in CF patients, is 

related to the decreased richness of the airway microbiota (Daniels et al., 2013, Stokell 

et al., 2015). Although smoking is another environmental factor that can lead to 

alterations in the composition of the airway microbiota by directly affecting the airway 

environment (Demling, 2008), at this time few studies have assessed the links between 

smoking and the airway microbiota (Charlson et al., 2010, Erb-Downward et al., 2011, 

Morris et al., 2013, Segal et al., 2013), and little is known regarding how smoking 

affects a normal balanced microbiota. One of these previous studies compared the 

bronchoalveolar lavage communities of healthy non-smokers (n=45) and smokers 

(n=19), but did not observe significant differences in lung microbiota (Morris et al., 

2013). These findings should be confirmed in a larger study. In terms of host genetic 

effects, host genetics play a role in shaping the gut microbial composition (Goodrich et 

al., 2014). However, whether the airway microbiota of healthy individuals is influenced 

by host genetic factors has yet to be determined. In this context, our knowledge of the 

airway microbiota and its relationship with various host-associated factors remains 

limited. 

In this study, to evaluate the effects of host genetics and lifestyle factors such as 

smoking, alcohol consumption, and physical activity on the airway microbiota 

composition, we comprehensively investigated associations of airway microbiota with 

host factors using a total of 257 sputum samples and their metadata from healthy Korean 

monozygotic (MZ) twins, dizygotic (DZ) twins, and their families.   
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Materials and Methods 

 

Study subjects and sputum sample collection 
The sputum samples and associated metadata were obtained from participants enrolled 

in the Healthy Twin Study in Korea (Sung et al., 2006). Samples were excluded from 

this study if the participants had received antibiotic treatment or cold medication within 

the past three months. In addition, samples from participants with asthma or COPD were 

excluded. The final study subjects consisted of 257 individuals, including 74 pairs of 

MZ twins (n=148), 14 pairs of DZ twins (n=28), and their parents or siblings (n=81). 

Prior to sputum induction, distilled water was used as a mouth rinse to minimize 

contamination of sputum samples with oral microbes. Serial expectorated sputum 

samples were collected in sterile plastic tubes and stored at -70°C until use. All subjects 

were asked to complete a questionnaire about smoking, alcohol consumption, and 

physical activity. The pack-year of smoking was calculated as packs per day multiplied 

by years of smoking. Weekly consumption of alcohol (g/week) was calculated as the 

frequency of drinking per week multiplied by the mean amount of alcohol consumption 

at each drinking session. Physical activity was assessed using the Korean version of the 

International Physical Activity Questionnaire (Booth et al., 2003). Nicotine dependence 

was measured using the Fagerstrom Test of Nicotine Dependence (FTND) (Heatherton 

et al., 1991). The study was approved by the Institutional Review Board of Samsung 

Medical Center (IRB file No. 2005-08-113), Busan Paik Hospital (IRB file No. 05-037), 

and Seoul National University (IRB file No. 144-2011-07-11). All participants provided 

written informed consent. 

 

DNA extraction and 16S rRNA gene sequencing 
The sputum samples were washed twice with cold phosphate-buffered saline (PBS), 

followed by DNA extraction using a PowerSoil DNA Isolation Kit (MO BIO 
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Laboratories, Carlsbad, CA, USA) according to the manufacturer's instructions. DNA 

was eluted in 50 µL of MoBio elution buffer and then stored at -20°C until use. The 16S 

rRNA genes were amplified using the 515F and 806R primers for the V4 region, as 

described previously (Caporaso et al., 2012). PCR products were purified using MO 

BIO UltraClean PCR Clean-Up Kit (MO BIO Laboratories, Carlsbad, CA, USA), and 

subsequently quantified using the KAPA Library Quantification Kit (KAPA Biosystems, 

Woburn, MA, USA). Sequencing was performed on the MiSeq platform using a paired-

end 2 × 300-bp reagent kit according to the manufacturer’s instructions (Illumina, San 

Diego, CA, USA).  

 

Sequence analysis 
Sequences generated from the MiSeq run were processed using QIIME v1.8.0  

(Caporaso et al., 2010) and were clustered into 97% identity using a two-step open-

reference operational taxonomic unit (OTU) picking method. Taxonomy was assigned 

to each OTU using the Ribosomal Database Project (RDP) classifier based on the 13_5 

revision of the Greengenes database. Read counts from the OTU table were collapsed 

at six levels from domain to genus, and subsequently converted to relative abundances 

for further analysis. Unclassified taxa at a given taxonomic level were excluded from 

the analysis. 

 

Bioinformatics analysis and statistical test  
The Bray-Curtis distances between each sample were calculated using the genus-level 

abundance profiles to evaluate the similarity between microbial communities from MZ 

twin pairs, DZ twin pairs, family members of the twin pairs, and unrelated individuals 

belonging to the various twin families. The statistical significance of differences was 

evaluated using a two-sample t-test via 1,000 Monte Carlo permutations. For the test, 

20% of the unrelated pairs selected randomly were used to reduce the number of 

unrelated pairs. 



 
Chapter IV  Effects of human genetics and smoking on airway microbiota 

８３ 

Heritability for each microbial taxon was estimated using a variance component 

method implemented in Sequential Oligogenic Linkage Analysis Routines (SOLAR) 

(Almasy and Blangero, 1998). Low-abundance taxa (average relative abundance < 0.1%) 

were excluded from this analysis. Heritability estimates (H2r) were calculated for 

inverse normalized microbial abundances, after controlling for age, sex, and pack-years 

of smoking. P-values were false discovery rate (FDR)-corrected for multiple testing.  

Non-metric multidimensional scaling (NMDS) analysis was performed using 

MetaMDS function within the vegan package in R based on the Bray–Curtis distance 

measure obtained for the genus-level data. A total of 20 iterations were performed and 

the NMDS dimension with the lowest stress was retained for data visualization. Vectors 

of metadata were fitted onto the NMDS ordination plot using the envfit function of the 

vegan package. 

Multivariate analysis was conducted using multivariate association by linear models 

(MaAsLin) (Morgan et al., 2012) to test for associations of microbial abundances (at all 

taxonomic levels from domain to genus) with lifestyle factors, such as smoking (pack-

years or FTND score), alcohol consumption, and physical activity. In this analysis, age 

and sex were used as fixed effects, and MZ twin ID and family ID were used as random 

effects. Only taxa with average abundances across all samples > 0.1% were included in 

the MaAsLin analysis. FDR-corrected p-values (q-values) of < 0.25 were considered 

significant. Univariate analysis was conducted to identify taxonomic features 

differentially abundant between never-smokers and ever-smokers using linear 

discriminant analysis effect size (LEfSe) (Segata et al., 2011) under the condition α = 

0.05, with an LDA score of at least 2. 

Alpha diversity indexes—the Chao1 index (richness) and the Shannon index 

(diversity)—were calculated with rarefied data (10,000 sequences per sample) using 

QIIME (Caporaso et al., 2010). Wilcoxon rank sum test and Spearman’s correlation test 

were used to evaluate the significance of the association between these index measures 

and metadata. The co-occurrence relationships between the relative abundances of taxa 



 
Chapter IV  Effects of human genetics and smoking on airway microbiota 

８４ 

(at the genus level) found to be significantly heritable or significantly associated with 

smoking were evaluated by calculating Spearman's ranked correlation. Networks of co-

occurring taxa were visualized using the edge-weighted spring embedded layout 

algorithm in Cytoscape (Smoot et al., 2011). In the network, each node represents a 

genus, and pairs of nodes were linked by edges (correlation coefficients) only when 

their FDR-corrected p-values were less than 0.25.  
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Results 
 

Participant characteristics 
A total of 257 sputum samples from individuals enrolled in the Healthy Korean Twin 

Study cohort was collected as described in a previous study (Gombojav et al., 2013). 

This study population comprised 74 MZ twin pairs (n=148) and their parents or siblings 

(n=58), as well as 14 DZ twin pairs (n=28) and their parents or siblings (n=23). The 

average age of the subjects was 46.15 (±12.70) years, and 57.98% were female (Table 

4.1). All subjects had not taken antibiotics within three months prior to sampling and 

had no current symptoms of chronic lung diseases, such as asthma or COPD. 

Demographic and lifestyle characteristics of the study participants are shown in Table 

4.1. 
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Table 4.1 Characteristics of participants in this study. 

Variable Overall 
(n=257) 

MZ twin  DZ twin 

Twin pairs 
(n=148) 

Family 
members 

(n=58) 
 Twin pairs 

(n=28) 

Family 
members 

(n=23) 

Females, n (%) 149 
(57.98) 84 (56.76) 34 (58.62)  16 (57.14) 15 (65.22) 

Age (years) 46.15 
(12.70) 41.22 (8.67) 56.93 

(14.27)  40.5 (7.31) 58.9 
(11.58) 

BMI (kg/m2) 23.63 
(3.21) 23.33 (2.86) 23.95 (3.59)  23.19 

(3.55) 24.7 (3.53) 

Smoking 
(pack-years)§ 

12.25 
(12.78) 

11.46 
(12.42) 

14.61 
(15.49)  10.65 

(8.24) 5 (10.03) 

Alcohol 
consumption 

(g/week)# 

121.04 
(257.00) 

116.26 
(211.93) 

153.15 
(442.45)  94.37 

(111.37) 
136.79 
(156.5) 

Physical activity 
(MET-min/week)$ 

5885.75 
(9827.53) 

5233.04 
(9854.18) 

6131.18 
(8760.54)  6969.73 

(12388.92) 
8865.05 

(12055.24) 

Data are presented as means (standard deviation) unless otherwise stated. 

Missing data (numbers for overall, MZ twin pairs, family members of MZ twins, DZ twin pairs, and family 
members of DZ twins, respectively) 

§One hundred and fifty-two subjects with missing data (152, 84, 32, 20, 16); 

#Sixty-four subjects with missing data (64, 27, 23, 4, 10); 
$Thirty-seven subjects with missing data (37, 23, 7, 4, 3). 
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Core airway microbiota of a healthy population 
A mean of 46,311 sequences (± 30,529 SD) per sample were obtained by 16S rRNA 

gene sequencing from sputum samples collected from each subject. Proteobacteria 

(34%), Bacteroidetes (32%), Firmicutes (21%), Fusobacteria (6%), and Actinobacteria 

(4%) constituted the five most abundant bacterial phyla. At the family level, 

Prevotellaceae (25%), Neisseriaceae (17%), Pasteurellaceae (16%), and Veillonellaceae 

(12%) were the most abundant families (Figure 4.1A). These families were present in 

all samples, and constituted the family-level core airway microbiota. At the genus level, 

Prevotella (25%) and Neisseria (16%), followed by Haemophilus (11%), Veillonella 

(11%), and Streptococcus (6%) were most abundant in this healthy population, and were 

present as members of the genus-level core microbiota (Figure 4.1B). Notably, 

Prevotella showed substantial inter-individual variation. All members of the core airway 

microbiota (> 1% average relative abundance and 100% prevalence) at the genus and 

family levels are represented in Figure 4.1.  
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Figure 4.1 Composition of the airway microbiota. (A) Pie chart of the average relative 

abundances of the families (> 1% average relative abundance and 100% prevalence). 

(B) Bar chart of relative abundances of the genera across each sampled airway 

microbiome (> 1% average relative abundance and 100% prevalence).  

(A) 

(B) 



 
Chapter IV  Effects of human genetics and smoking on airway microbiota 

８９ 

Host genetic effects on the airway microbiota 
We investigated whether host genetics influence airway microbiota. By comparing 

Bray-Curtis distances between MZ twin pairs, DZ twin pairs, family members of the 

twin pairs, and unrelated individuals belonging to the various twin families, we found 

that the airway microbiota of MZ twin pairs were significantly more similar to one 

another than were those of DZ twin pairs (p-value=0.046, two sample t-test via 1,000 

Monte Carlo permutations; Figure 4.2A). As expected, MZ twin pairs had more-similar 

microbial community structures than family members and unrelated individuals (p-

value=0.004 and p-value< 2.2e-16; Figure 4.2A). This result suggested that the overall 

community structure of airway microbiota could be partially modulated by host genetics. 

To identify specific microbial taxa with heritability, we estimated the heritability of 

each taxa based on a variance component model using SOLAR (Almasy and Blangero, 

1998). Among the 71 tested taxa with > 0.1 % average relative abundance, 36 taxa 

(50.7%) were significantly heritable at a q-value of < 0.25. The heritability estimates of 

these taxa ranged from 0.17 to 0.70 (Appendix C). At the genus level, we observed 

significant moderate (H2r = 0.3~0.6) to high (H2r > 0.6) heritability for Providencia 

(H2r ± SE; 0.70±0.06), Bacteroides (0.55±0.07), Prevotella (0.48±0.40), Haemophilus 

(0.43±0.15), Gemella (0.42±0.09), Porphyromonas (0.36±0.09), and Rothia (0.36±0.15) 

(Figure 4.2B). Collectively, these data demonstrate that host genetic factors could 

specifically affect a portion of the airway microbiota.  
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Figure 4.2 Influences of host genetic factors on the airway microbiota. (A) Comparison 

of the airway microbiota from monozygotic (MZ) twin pairs, dizygotic (DZ) twin pairs, 

family members of the twin pairs, and unrelated individuals belonging to the various 

twin families. Bray-Curtis distances were calculated with genus-level relative 

abundance profiles (mean ± s.e.m.; *P < 0.05 for two sample t-test via 1,000 Monte 

Carlo permutations). (B) Heritability estimates (H2r) of airway microbial taxa (mean ± 

s.e.m.). Genera with significant heritability (H2r > 0.3 and FDR-corrected p-values < 

0.25) are shown.  

(A) (B) 
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Relationship between smoking and airway microbiota 
We first investigated the relationship between the overall airway microbial community 

structure and lifestyle factors (smoking history (pack-years), alcohol drinking (g/week), 

and physical activity (MET-min/week)) by conducting NMDS analysis. We found that 

pack-years of smoking was significantly correlated with the NMDS ordination of the 

microbial community structure (R2=0.110, p-value=0.027); increasing pack-year values 

was represented by a vector pointing to the right of the NMDS plot (Figure 4.3A). The 

remaining lifestyle factors were not significantly correlated with the NMDS ordination 

of the microbial community structure (alcohol consumption: R2=0.086, p-value=0.054; 

physical activity: R2=0.046, p-value=0.195). Additionally, the FTND score, a 

commonly used measure of nicotine dependence, was significantly correlated with the 

NMDS ordination (R2=0.161, p-value=0.003) (Figure 4.3A). We categorized the 

individuals into ever-smokers and never-smokers based on the pack-year value: 

Individuals with a > 0 pack-year smoking history were defined as ever-smokers, 

whereas those with pack-year values of zero were defined as never-smokers. This 

categorical variable also showed a significant correlation with the NMDS ordination 

(R2=0.073, p-value=0.012) (Figure 4.3A). Therefore, our data showed that smoking 

significantly influenced the structure of the airway microbial communities. 

To identify specific microbial taxa significantly associated with lifestyle factors while 

accounting for age, sex, and family structures, we performed the MaAsLin analysis 

(Morgan et al., 2012). Among the lifestyle factors, the variable of pack-year smoking 

history showed the highest number of significant associations with microbial taxa 

(n=14): pack-year of smoking was positively associated with taxa from the Firmicutes 

phylum, the Clostridiales order, the Veillonellaceae family, and the Veillonella genus, 

while this variable was inversely associated with taxa from the Gammaproteobacteria 

class, including the Actinobacillus and Haemophilus genera (Figure 4.3B and Table 4.2). 

In addition, we observed significant associations of specific microbial taxa with alcohol 

consumption (n=5) and physical activity (n=1). For example, alcohol consumption was 
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positively associated with taxa from Actinobacteria Rothia, and physical activity was 

negatively associated with the Firmicutes Lachnospiraceae, respectively (Table 4.2). 

When testing for an association of the microbial taxa with the FTND, instead of a pack-

year variable, we found that higher FTND scores were associated with increased 

abundances of taxa from the Veillonellaceae family, including the Veillonella and 

Megasphaera genera (Figure 4.3B and Table 4.3). The Haemophilus and taxa to which 

this genus belongs were negatively associated with FTND score (Table 4.3). 

To confirm the results of multivariate analyses, we performed univariate analysis 

using LEfSe (Segata et al., 2011) with respect to smoking history (ever- vs. never-

smokers). A total of 24 microbial taxa were significantly differentially abundant 

between never-smokers and ever-smokers (Figure 4.4 and Table 4.4). The genera 

including Veillonella, Megasphaera, and Prevotella were significantly enriched in ever-

smokers, while Haemophilus and Actinobacillus were increased in never-smokers. This 

observation was consistent with multivariate analysis. These results suggested that 

smoking is a major environmental factor that not only drives the difference in microbial 

community structure between samples but also affects the abundance of specific 

microbial taxa. 

We additionally explored the association between lifestyle variables and alpha 

diversity indexes (Chao1 richness and Shannon diversity index). There were no 

significant correlations between the lifestyle factors and alpha diversity (Spearman's 

correlation; ρ = 0.03~0.07, p-value > 0.05, Figure 4.5). In agreement with this, both 

richness and diversity estimates were not significantly different regarding age or sex 

(Spearman's correlation; ρ = 0.06, p-value > 0.05, Wilcoxon rank sum test; p-value > 

0.05, Figure 4.5).   
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Figure 4.3 Associations of lifestyle factors with airway microbiota. (A) Non-metric 

multidimensional scaling (NMDS) plot of genus composition. Points represent samples 

that are colored according to pack-years of smoking (a gradient from light blue to dark 

blue). Gray points indicate samples with missing pack-year values. Vectors represent 

correlations between community composition and metadata. The black arrows indicate 

significant correlations with the ordination, whereas the gray arrows indicate non-

significant correlations. (B) Significant associations between smoking and microbial 

taxa. The r-coefficient and q-value shown in each plot were determined by MaAsLin 

analysis.  

(A) (B) 
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Table 4.2 Complete list of significant associations of lifestyle factors with microbial 

abundances. 

Variable Feature Coefficient P.value Q.value 

Alcohol consumption (g/week) p__Actinobacteria 0.000115655 0.03146 0.21478 

Alcohol consumption (g/week) p__Actinobacteria|c__Actinobacteria 0.000117847 0.02965 0.21052 

Alcohol consumption (g/week) p__Actinobacteria|o__Actinomycetales 0.000117936 0.02919 0.21052 

Alcohol consumption (g/week) p__Actinobacteria|f__Micrococcaceae 0.000124183 0.01729 0.17048 

Alcohol consumption (g/week) p__Actinobacteria|g__Rothia 0.00012418 0.01729 0.17048 

Smoking (Pack-years) p__Firmicutes 0.002753123 0.00433 0.11086 

Smoking (Pack-years) p__Firmicutes|c__Clostridia 0.002686105 0.01056 0.12108 

Smoking (Pack-years) p__Firmicutes|o__Clostridiales 0.002685454 0.01057 0.12108 

Physical activity 
(MET-min/week) p__Firmicutes|f__Lachnospiraceae -1.05E-06 0.02062 0.18653 

Smoking (Pack-years) p__Firmicutes|f__Peptostreptococcaceae -0.0002458 0.02276 0.19239 

Smoking (Pack-years) p__Firmicutes|f__Veillonellaceae 0.002872027 0.00715 0.11086 

Smoking (Pack-years) p__Firmicutes|g__Veillonella 0.002752688 0.00548 0.11086 

Smoking (Pack-years) p__Fusobacteria|o__Fusobacteriales -0.00159946 0.02907 0.21052 

Smoking (Pack-years) p__Fusobacteria|f__Fusobacteriaceae -0.00142758 0.03289 0.21624 

Smoking (Pack-years) p__Fusobacteria|g__Fusobacterium -0.00142538 0.03251 0.21624 

Smoking (Pack-years) p__Proteobacteria -0.00375528 0.02155 0.1866 

Smoking (Pack-years) p__Proteobacteria|c__Gammaproteobacteria -0.00328716 0.00363 0.11086 

Smoking (Pack-years) p__Proteobacteria|f__Pasteurellaceae -0.00290249 0.00818 0.11086 

Smoking (Pack-years) p__Proteobacteria|g__Actinobacillus -0.00130816 0.01212 0.13444 

Smoking (Pack-years) p__Proteobacteria|g__Haemophilus -0.00236609 0.01506 0.15724 
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Table 4.3 Significant associations of Fagerstrom Test of Nicotine Dependence (FTND) 

scores with microbial abundances. 

Variable Feature Coefficient P.value Q.value 

Smoking (FTND) p__Firmicutes|g__Megasphaera 0.007 0.00148 0.08767 

Smoking (FTND) p__Proteobacteria|c__Gammaproteobacteria -0.014 0.00911 0.17201 

Smoking (FTND) p__Proteobacteria|g__Haemophilus -0.012 0.01026 0.17201 

Smoking (FTND) p__Firmicutes|f__Veillonellaceae 0.013 0.01172 0.17201 

Smoking (FTND) p__Proteobacteria|f__Pasteurellaceae -0.013 0.01269 0.17201 

Smoking (FTND) p__Firmicutes|c__Clostridia 0.012 0.01464 0.17201 

Smoking (FTND) p__Firmicutes|o__Clostridiales 0.012 0.01465 0.17201 

Smoking (FTND) p__Firmicutes|g__Veillonella 0.011 0.02511 0.21743 

Smoking (FTND) p__Proteobacteria -0.017 0.02845 0.23488 

FTND values were considered a continuous variable. 
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Figure 4.4 Significant differences in the composition of the airway microbiota between 

ever- and never-smokers. Circular cladogram obtained from univariate analysis (LDA 

Effect Size) showing the taxa enriched in the airway microbiota of ever- (red) and never- 

(green) smokers. Each ring from the center to the periphery represents phylogenetic 

levels from phylum to genus. 
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Table 4.4 Significant differences in the relative abundances of the airway microbiota 

between ever- and never-smokers. 

Taxon 
Ever-smokers   Never-smokers   Fold 

change 

LDA 
score 

(log 10) Mean S.E.M   Mean S.E.M   

p__Bacteroidetes 0.3504 0.0126   0.2729 0.0217   1.2839 4.5764 

p__Bacteroidetes|o__Bacteroidales 0.3427 0.0129   0.2607 0.0224   1.3146 4.5989 

p__Bacteroidetes|f__Prevotellaceae 0.2912 0.0132   0.2068 0.0239   1.4084 4.6210 

p__Bacteroidetes|g__Prevotella 0.2912 0.0132   0.2067 0.0239   1.4085 4.6209 

p__Firmicutes|c__Clostridia 0.1439 0.0075   0.1185 0.0183   1.2146 4.2333 

p__Firmicutes|o__Clostridiales 0.1438 0.0075   0.1184 0.0183   1.2145 4.2327 

p__Firmicutes|f__Veillonellaceae 0.1342 0.0074   0.1084 0.0182   1.2384 4.1400 

p__Firmicutes|g__Veillonella 0.1171 0.0064   0.0976 0.0159   1.2001 4.0399 

p__Firmicutes|g__Megasphaera 0.0085 0.0009   0.0045 0.0015   1.8822 3.2967 

p__Proteobacteria 0.2976 0.0164   0.4041 0.0317   0.7366 4.6943 

p__Proteobacteria|c__Gammaproteobacteria 0.1405 0.0087   0.2236 0.0195   0.6283 4.5739 

p__Proteobacteria|f__Pasteurellaceae 0.1372 0.0087   0.1982 0.0171   0.6922 4.4739 

p__Proteobacteria|g__Haemophilus 0.0982 0.0064   0.1472 0.0140   0.6674 4.3633 

p__Proteobacteria|g__Actinobacillus 0.0126 0.0032   0.0179 0.0035   0.7044 3.5777 

p__Bacteroidetes|o__Flavobacteriales 0.0071 0.0009   0.0117 0.0020   0.6112 4.0445 

p__Bacteroidetes|f__Flavobacteriaceae 0.0054 0.0008   0.0092 0.0019   0.5860 3.8296 

p__Bacteroidetes|g__Capnocytophaga 0.0054 0.0008   0.0092 0.0019   0.5856 3.7711 

p__Proteobacteria|g__Eikenella 0.0013 0.0001   0.0051 0.0014   0.2492 3.3247 

p__Firmicutes|f__Peptostreptococcaceae 0.0008 0.0001   0.0012 0.0003   0.6628 2.8452 

p__Proteobacteria|o__Burkholderiales 0.0008 0.0001   0.0011 0.0001   0.7931 2.6930 

p__Proteobacteria|f__Burkholderiaceae 0.0007 0.0001   0.0010 0.0001   0.7153 2.7543 

LDA scores (log 10) were obtained from univariate analysis (LDA Effect Size).         

Fold change for each taxon was calculated by dividing the mean abundance in the ever-smokers by that of 

the never-smokers.   
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Figure 4.5 Choa1 richness (upper panel) and Shannon diversity index (lower panel) 

according to lifestyle factors (smoking, alcohol consumption, and physical activity), age, 

and sex. The alpha diversity indexes were calculated from rarefied OTU table. The r-

coefficient and p-value shown in each scatter plot were calculated by Spearman’s rank 

correlation. The p value shown in each box plot was calculated by Wilcoxon rank-sum 

test. 
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The influence of smoking and host genetics on specific taxa of the airway 

microbiota 
Our findings indicate that both host genetics and smoking influence specific taxa of the 

airway microbiota. To increase our understanding of the interactions among airway 

microbial communities, smoking, and host genetics, we performed a further analysis by 

combining the results of the following two analyses: SOLAR analysis (estimating the 

heritability of specific taxa; Appendix C) and MaAsLin analysis (testing for the 

association between smoking and specific taxa; Table 4.2). For the genera shown to be 

significantly associated with pack-year of smoking (hereafter, “smoking-associated 

genera”) or the genera with significant moderate to high heritability (hereafter, “host 

genetics-associated genera”), the q-values from MaAsLin (x-axis) were plotted as 

individual points against the corresponding q-values from SOLAR (y-axis) in Figure 

4.6A. In most cases, the genera showed significant associations with either smoking or 

host genetics. Haemophilus was the only genus found to be significantly associated with 

both factors. 

To reveal relationships among the smoking-associated genera and the host genetic-

associated genera, we performed co-occurrence analysis based on Spearman’s rank 

correlations. In this analysis, we also included genera that were significantly associated 

with the FTND score or the categorical variable of smoking history (ever- vs. never-

smokers). There were 65 significant correlations that had a q-value of < 0.25 (Figure 

4.6B). We observed that the smoking-associated genera co-occurred according to the 

tendency toward smoking. For example, Veillonella, which was positively associated 

with pack-year values, had positive correlations with Megasphaera and Prevotella 

(Spearman's correlation; ρ = 0.64 and 0.54, respectively). Other smoking-associated 

genera, such as Haemophilus and Actinobacillus, which were negatively associated with 

pack-year values, co-occurred together (Spearman's correlation; ρ = 0.31). On the other 

hand, Veillonella was anti-correlated with Haemophilus and Actinobacillus (Spearman's 

correlation; ρ = -0.23 and -0.28, respectively). Additionally, we observed that the genera 
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associated only with host genetics were closely linked, forming a Rothia-centered 

cluster. A strong positive correlation was observed between the two most-heritable 

genera, Providencia and Bacteroides (Spearman’s correlation; ρ = 0.66), and these 

genera were positively correlated with Rothia (Figure 4.6B). The data demonstrated that 

relationships among members of the airway microbiota are affected by both smoking 

and host genetics. 
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Figure 4.6 Effects of smoking and host genetics on specific microbial taxa. (A) Scatter 

plot of FDR-corrected p-values (q-values) for the association of each genus with pack-

years of smoking (x-axis; obtained from MaAsLin analysis) versus q-values for the 

heritability of each genus (y-axis; obtained from SOLAR analysis). Red, blue, and green 

points represent genera that are significantly associated with pack-years of smoking, 

host genetics, and both, respectively. Here, q-values < 0.25 were considered significant. 

(B) Co-occurrence and co-exclusion relationships among the genera shown to be 

significantly associated with smoking (pack-years, FTND, or ever- vs. never-smokers) 

or to have significant heritability (H2r > 0.3). Nodes represent genera. Nodes are colored 

according to the associations between genus and smoking: Pink and light blue nodes 

indicate genera positively and negatively associated with smoking, respectively. Gray 

nodes indicate genera not significantly associated with smoking. The border of each 

node is colored according to the significance of the heritability (black: q-value < 0.25 

and H2r > 0.3; dark gray: q-value < 0.25 and H2r < 0.3; white: q-value ≥ 0.25). Edges 

(B) 

(A) 

(B) 
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represent significant positive (dark gray) or negative (light gray) correlations between 

the nodes they connect. The width of the edge represents the degree of correlations. 
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Discussion 

 

In this study, we showed that both host genetics and smoking influence the abundance 

of specific taxa of the airway microbiota in healthy adult populations. This finding is 

important because specific taxa of the airway microbiota and associated host factors 

must be identified to understand the underlying mechanism of, and develop methods to 

control, dysbiosis of the airway microbiota, which may have an important role in the 

development of lung diseases.  

Most previous studies on the airway microbiota have focused on identifying 

differences in the microbiota composition of patients with lung diseases and healthy 

controls. By contrast, in this study, we explored the characteristics of a normal airway 

microbiota in healthy populations. Our relatively large sample size (n=257) allowed us 

to determine the core airway microbiota and to investigate associations of various 

lifestyle factors with the airway microbiota with high precision. Furthermore, our study 

population, consisting of twins and their families, allowed us to estimate the heritability 

of each member of the microbiota. Therefore, we detected independent effects of 

lifestyle factors on the airway microbiota taking into consideration host genetic factors 

in this study.  

We characterized the composition of the normal airway microbiota and identified the 

core members, which included Prevotella, Neisseria, Veillonella, and Streptococcus, 

which were present in all samples at > 1% average relative abundance (Figure 4.1). Our 

data are consistent with previous studies using sputum samples from a small number of 

healthy subjects (Cui et al., 2012, Wu et al., 2013). Interestingly, most of the core airway 

microbiota in our samples corresponded to predominant taxa of the oral microbiota 

(Nasidze et al., 2009, Zaura et al., 2009). A previous study reported differences in the 

T-RFLP profiles between sputum and oral mouthwash samples from CF subjects 

(Rogers et al., 2006). In our study, we washed the mouth of the subjects prior to 
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obtaining sputum samples. Therefore, while contamination with oral microbes was 

possible, the degree of any such contamination should be minimal. Because sputum 

samples can be obtained less invasively and more readily, sputum would be the most 

suitable sample for analyzing the airway microbiota of a large, healthy population. 

Host genetics was an important factor influencing the composition of the airway 

microbiota. The overall microbiota structures from MZ twin pairs were significantly 

more similar compared to those from DZ twin pairs, family members, or unrelated 

individuals. These results suggest the airway microbiota to be at least in part genetically 

influenced and have high heritability (Figure 4.2A). As shown in Figure 4.2B, many 

specific airway microbial taxa showed significant heritability estimates. When we 

estimated the heritability of specific microbes, we adjusted for age, sex, and smoking 

history. Therefore, the high heritability of some members of the airway microbiota 

remains valid regardless of these factors. Among them, Providencia (belonging to 

Proteobacteria) was the most highly heritable taxon (Figure 4.2B). Five species of 

Providencia have been isolated from various human specimens, such as urine, sputum, 

and stool (O'Hara et al., 2000). Although P. stuartii has long been recognized as an 

opportunistic pathogen responsible for urinary tract infections in long-term care patients 

with chronic indwelling urinary catheters (Nicolle, 2002), the effect of Providencia on 

the human airway remains largely unknown. Therefore, how Providencia is influenced 

by host genetics should be further investigated. Among the other airway microbiota taxa, 

Bacteroides and Rothia exhibited significant heritability. This finding is interesting 

because these taxa were also identified in the gut and were found to be highly heritable 

in UK twins (Goodrich et al., 2014). Therefore, these two taxa may be specifically 

influenced by host genetic factors regardless of the body site in which they reside. There 

may be common phenotypic factors between bronchial and intestinal epithelial cells. 

Further studies are required to determine whether the heritability of these taxa can also 

be observed at other body sites and to identify the host alleles that contribute to the 

heritability. Goodrich et al. reported that the Christensenellaceae family had the highest 
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heritability among gut microbial taxa (Goodrich et al., 2014). However, we did not 

estimate the heritability of this family because it was present at a very low prevalence 

(0.05) and low average relative abundance (2E-06) in the airway microbiota. Hampton 

et al. reported that the airway microbiota of 13 pediatric CF patients was susceptible to 

environmental influences rather than host genetic effects (Hampton et al., 2014). This 

study suggests that both lifestyle and disease status can affect the composition of the 

airway microbiota. 

Among the lifestyle factors investigated, smoking had the strongest effect on the 

overall microbial community structure (Figure 4.3A). This result is reasonable because 

cigarette smoke contains a wide range of components—including carcinogens, toxins, 

and oxidants (Smith and Hansch, 2000)—which can alter the airway environment by 

inducing cellular damage and inflammation (Stämpfli and Anderson, 2009). We further 

identified a specific set of microbial taxa significantly associated with smoking. 

Interestingly, we observed that the pack-year value was positively associated with 

abundance of the Veillonella genus and all taxa to which this genus belongs (Firmicutes; 

Clostridia; Clostridiales; Veillonellaceae) (Table 4.2). Changes in the abundances of the 

Veillonella genus were similar to those reported in the study by Charlson and colleagues 

(Charlson et al., 2010) that compared the oropharynx of 29 cigarette smokers and 33 

non-smokers, and were confirmed by both MaAsLin multivariate analysis using the 

FTND score and LEfSe univariate analysis using a categorical variable (ever- vs. never-

smokers). The Veillonella genus is part of the normal flora of the oral, respiratory, and 

intestinal tracts of humans. A positive correlation of the relative abundance of 

Veillonella in the lung microbiota with exhaled nitric oxide (a non-invasive measure of 

airway inflammation) in asymptomatic individuals has been reported (Segal et al., 2013). 

Veillonella is a Gram-negative bacterium that can induce an inflammatory host response 

by producing lipopolysaccharides (LPS) (Delwiche et al., 1985). We also found that 

Actinobacillus and Haemophilus were present at greater abundance in individuals with 

lower pack-year values (Figure 4.3B and Table 4.2). This result is consistent with a 
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previous report (Charlson et al., 2010). Interestingly, non-typeable H. influenza is a 

well-known pathogen that causes respiratory tract infections in COPD patients (Sethi, 

2010), but the abundance of Haemophilus decreased with increasing pack-year values 

in the present study. Since members of the Haemophilus genus are common resident 

bacteria of the human airways (Fink and Geme, 2006), further studies are required to 

explore the effect of smoking on specific species or strains of this genus. These 

observations suggest that smoking alters the abundance of specific members of the 

airway microbiota, such as Veillonella, which can lead to an inflammatory condition or 

an environment in which pathogenic bacteria can thrive, and subsequently contribute to 

the development of smoking-related lung diseases. 

In the correlation network, we observed a significant negative relationship between 

the two smoking-associated taxa, Haemophilus (Proteobacteria) and Veillonella 

(Firmicutes) (Figure 4.6B). Since we used Spearman’s correlation measures for the 

relative abundances of the taxa, a high abundance of one member of the microbiota can 

be accompanied by a reduction in the relative abundances of other members. However, 

this co-exclusion relationship suggests that these taxa require different environmental 

conditions to survive. Indeed, Haemophilus is a Gram-negative, aerobic/facultative 

anaerobic bacterium belonging to the Pasteurellaceae family (Foster et al., 2011), 

whereas Veillonella is a genus of anaerobic Gram-negative cocci (Rogosa, 1964). 

Therefore, changes in oxygen levels of the airway environment caused directly by 

smoking or indirectly by smoking-related host responses may play a role in their co-

exclusion relationships, although details on the mechanisms are not yet available. In 

addition, the most heritable genus, Providencia, was present together with the second-

most heritable genus, Bacteroides, in the co-occurrence network (Figure 4.6B). These 

taxa were present at low relative abundances (0.11–0.47%) in the airway microbiota, 

and each belongs to one of two distinct phyla. Thus, our result suggests that these minor, 

heritable taxa may interact in a cooperative manner, and have a preference for a similar 

airway environment that is under the influence of host genetics. By network analysis, 
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we showed that the relationships among microbial taxa are closely associated with not 

only smoking but also host genetics. 

In summary, the data presented here indicate that both host genetics and lifestyle 

contribute to determining the composition of the normal airway microbiota of healthy 

adults. Cigarette smoking was found the lifestyle factor with the greatest influence on 

the composition of the airway microbiota. Further studies using longitudinal sample sets 

are required to understand the causative associations of smoking with specific taxa and 

to identify the health consequences of smoking-related changes in the airway microbiota. 

Our findings linking host genetics, lifestyle, and their airway microbiota can be used to 

establish future therapeutic biological markers for microbiome-mediated lung diseases. 
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Summary and Conclusions 

 

Under normal circumstances, the human microbiome is involved in a wide range of 

host-related processes including nutrient metabolism, development and maintenance of 

the immune system, and protection against pathogens. The host’s intrinsic factors (such 

as age, sex, and host genetics) or extrinsic environmental factors (such as antibiotic 

treatment, diet, and lifestyle) can continually influence the composition and function of 

the human microbiota. In this thesis, three studies were performed to understand 

interactions between the human microbiome, the host’s intrinsic and extrinsic factors, 

and health and diseases.  

First, we characterized the enterotypes of healthy Koreans. We identified that 36 

gut microbiota of healthy Korean twins can be categorized into two enterotypes based 

on the composition of their gut microbial communities. Our longitudinal samples of 

monozygotic (MZ) twins showed that the enterotype of each individual was generally 

stable over time and that the enterotype might be influenced by the host genetics to 

some extent. In addition, our data suggested that host properties such as long-term 

dietary patterns and a particular clinical biomarker could be important determinants of 

an individual’s enterotype.  

Second, we investigated the host genetic influences on the gut microbiota in 

metabolic syndrome (MetS). We characterized the gut microbiota of 655 MZ twins, 

dizygotic twins, and their families, of which approximately 18% had MetS. We found 

that there were significant differences in the composition of the gut microbiota between 

healthy and MetS groups. Among the gut microbes associated with MetS status, 

Bifidobacterium exhibited high heritability and its reduced abundance was significantly 

linked to the minor allele at the apolipoprotein A-V SNP rs651821, which is associated 

with triglyceride level and MetS. This result indicates that altered gut microbiota 

mediated by a specific host genotype can contribute to the development of MetS. 
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Third, we assessed the influences of lifestyle and host genetic factors on the 

normal airway microbiota. We identified the core airway microbiota from 257 sputum 

samples of healthy Korean twins and their families. Among the lifestyle factors, 

cigarette smoking (pack-year of smoking) had the strongest effect on the airway 

microbiota. Several taxa including Providencia and Bacteroides were found to be highly 

heritable. The network analysis showed that the composition of the airway microbiota 

is shaped by complex interactions among cigarette smoking, host genetics, and the 

relationships between community members. 

These studies have several significance. The Korean population has different host 

genetics, dietary habits, and cultural background from the Western populations. Because 

most of large-scale human microbiome studies have been conducted in populations from 

the United States and Europe, we needed to generate the human microbiome data in a 

Korean population. Using a total of 948 fecal and sputum samples from Korean twins 

and their families, we intensively investigated the gut and airway microbiota. By 

comparing the gut microbiota between healthy and MetS individuals, we suggested the 

gut microbial taxa that can be used as diagnostic indicator or therapeutic target for MetS. 

In addition, to our knowledge, this study is the first to investigate the effect of human 

SNPs on specific gut microbiota, which is strongly associated with MetS status. Based 

on twin-family design, we were able to broaden our understanding of host genetic 

effects on the gut and airway microbiota by estimating the heritability of microbial taxa.  

Overall, these data suggest that the human microbial composition is specifically 

modulated by both host genetics and extrinsic factors and that the altered microbiota 

mediated by these factors may be associated with increased risk of microbiome-related 

diseases such as MetS and airway inflammation. Therefore, our results emphasize the 

importance of personalized approaches in the prevention and treatment of these diseases. 

Future studies using animal models or longitudinal sample sets are needed to unveil 

causal relationships between host-related factors, specific microbes, and host 

phenotypes we observed here. 
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Appendices  
 

Appendix A. Heritability of the gut microbiota. 

Taxon H2r p.H2r se.H2r FDR.H2r C2 p.C2 se.C2 FDR.C2 p.sex p.age p.MetS Group 

k__Archaea 0.2222 0.0000 0.0576 0.0001 0.0000 NA NA NA 0.7592 0.0332 0.1594  

p__Euryarchaeota 0.2222 0.0000 0.0576 0.0001 0.0000 NA NA NA 0.7592 0.0332 0.1594  

p__Euryarchaeota|o__Methanobacteriales 0.2254 0.0000 0.0577 0.0001 0.0000 NA NA NA 0.7327 0.0299 0.1590  

p__Euryarchaeota|f__Methanobacteriaceae 0.2254 0.0000 0.0577 0.0001 0.0000 NA NA NA 0.7327 0.0299 0.1590  

p__Euryarchaeota|g__Methanobrevibacter 0.2085 0.0001 0.0595 0.0004 0.0000 NA NA NA 0.5688 0.1840 0.3873 MetS 

k__Bacteria 0.2451 0.0000 0.0563 0.0000 0.0000 NA NA NA 0.4468 0.1264 0.3435  

p__Actinobacteria 0.4569 0.0000 0.0548 0.0000 0.0000 NA NA NA 0.2051 0.0000 0.1055 Healthy 

p__Actinobacteria|c__Actinobacteria 0.4112 0.0000 0.0561 0.0000 0.0000 NA NA NA 0.2319 0.0000 0.1294 Healthy 

p__Actinobacteria|o__Bifidobacteriales 0.3724 0.0002 0.0953 0.0005 0.0286 0.3464 0.0737 0.4606 0.1456 0.0000 0.3518 Healthy 

p__Actinobacteria|f__Bifidobacteriaceae 0.3724 0.0002 0.0953 0.0005 0.0286 0.3464 0.0737 0.4606 0.1456 0.0000 0.3518 Healthy 

p__Actinobacteria|g__Bifidobacterium 0.3740 0.0001 0.0941 0.0005 0.0198 0.3911 0.0727 0.4620 0.2077 0.0000 0.3585 Healthy 

p__Bacteroidetes 0.2520 0.0084 0.1005 0.0164 0.0455 0.2962 0.0874 0.4606 0.3769 0.8094 0.5422  

p__Bacteroidetes|o__Bacteroidales 0.2527 0.0083 0.1005 0.0164 0.0451 0.2978 0.0874 0.4606 0.3785 0.8079 0.5363  

p__Bacteroidetes|f__Bacteroidaceae 0.2383 0.0000 0.0595 0.0001 0.0000 NA NA NA 0.0000 0.0053 0.9052  

p__Bacteroidetes|g__Bacteroides 0.2381 0.0000 0.0595 0.0001 0.0000 NA NA NA 0.0000 0.0048 0.9243  

p__Bacteroidetes|f__Porphyromonadaceae 0.1527 0.0027 0.0583 0.0061 0.0000 NA NA NA 0.0172 0.1113 0.0596 Healthy 

p__Bacteroidetes|g__Parabacteroides 0.1567 0.0024 0.0591 0.0059 0.0000 NA NA NA 0.0165 0.1186 0.0772 Healthy 

p__Bacteroidetes|f__Prevotellaceae 0.1487 0.0628 0.0959 0.1007 0.0737 0.1739 0.0812 0.4606 0.0028 0.0123 0.9730  
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Taxon H2r p.H2r se.H2r FDR.H2r C2 p.C2 se.C2 FDR.C2 p.sex p.age p.MetS Group 

p__Bacteroidetes|g__Prevotella 0.1545 0.0567 0.0962 0.0927 0.0714 0.1826 0.0814 0.4606 0.0034 0.0145 0.9815  

p__Bacteroidetes|f__Rikenellaceae 0.1299 0.0804 0.0911 0.1139 0.0704 0.1678 0.0759 0.4606 0.0000 0.1564 0.0051 Healthy 

p__Bacteroidetes|f__[Odoribacteraceae] 0.1918 0.0276 0.0975 0.0469 0.0580 0.2241 0.0787 0.4606 0.0498 0.1234 0.0029 Healthy 

p__Bacteroidetes|g__Butyricimonas 0.1438 0.0906 0.1058 0.1262 0.0640 0.2124 0.0828 0.4606 0.3988 0.2535 0.0190  

p__Bacteroidetes|g__Odoribacter 0.1916 0.0002 0.0575 0.0006 0.0000 NA NA NA 0.0020 0.2504 0.0350 Healthy 

p__Bacteroidetes|f__[Paraprevotellaceae] 0.0833 0.2201 0.1067 0.2563 0.0964 0.1196 0.0863 0.4606 0.3472 0.0009 0.0667 Healthy 

p__Bacteroidetes|g__Paraprevotella 0.1412 0.0043 0.0561 0.0091 0.0000 NA NA NA 0.6257 0.0565 0.0589 Healthy 

p__Bacteroidetes|g__[Prevotella] 0.0439 0.3435 0.1086 0.3605 0.0723 0.1949 0.0880 0.4606 0.1594 0.0008 0.9142  

p__Cyanobacteria 0.2748 0.0000 0.0654 0.0000 0.0000 NA NA NA 0.0792 0.0098 0.2204  

p__Firmicutes 0.1019 0.1678 0.1052 0.2067 0.0718 0.1937 0.0859 0.4606 0.1613 0.1159 0.5852  

p__Firmicutes|c__Bacilli 0.3528 0.0000 0.0569 0.0000 0.0000 NA NA NA 0.9764 0.0019 0.1743  

p__Firmicutes|o__Lactobacillales 0.3282 0.0000 0.0570 0.0000 0.0000 NA NA NA 0.8384 0.0015 0.1547  

p__Firmicutes|f__Lactobacillaceae 0.1708 0.0010 0.0591 0.0029 0.0000 NA NA NA 0.8536 0.0023 0.0835 MetS 

p__Firmicutes|g__Lactobacillus 0.1481 0.0040 0.0594 0.0086 0.0000 NA NA NA 0.8830 0.0037 0.0882 MetS 

p__Firmicutes|f__Leuconostocaceae 0.1365 0.0780 0.0951 0.1123 0.1437 0.0293 0.0812 0.4493 0.3515 0.0004 0.0993  

p__Firmicutes|f__Streptococcaceae 0.2909 0.0017 0.0937 0.0043 0.0412 0.2829 0.0737 0.4606 0.8866 0.0794 0.9084  

p__Firmicutes|g__Streptococcus 0.3186 0.0008 0.0949 0.0025 0.0242 0.3697 0.0739 0.4620 0.8755 0.2575 0.9764  

p__Firmicutes|c__Clostridia 0.0719 0.2454 0.1040 0.2818 0.0923 0.1287 0.0852 0.4606 0.3155 0.0189 0.4784  

p__Firmicutes|o__Clostridiales 0.0693 0.2530 0.1040 0.2858 0.0945 0.1230 0.0853 0.4606 0.3129 0.0185 0.4730  

p__Firmicutes|f__Christensenellaceae 0.3064 0.0000 0.0593 0.0000 0.0000 NA NA NA 0.0018 0.0195 0.0310 Healthy 

p__Firmicutes|f__Clostridiaceae 0.3365 0.0000 0.0572 0.0000 0.0000 NA NA NA 0.0679 0.0079 0.7328  

p__Firmicutes|g__Clostridium 0.1427 0.0764 0.0973 0.1120 0.0470 0.2629 0.0765 0.4606 0.0088 0.6926 0.6667  
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Taxon H2r p.H2r se.H2r FDR.H2r C2 p.C2 se.C2 FDR.C2 p.sex p.age p.MetS Group 

p__Firmicutes|f__Lachnospiraceae 0.1542 0.0014 0.0564 0.0037 0.0000 NA NA NA 0.2963 0.3847 0.9963  

p__Firmicutes|g__Anaerostipes 0.0120 0.4482 0.0919 0.4535 0.0543 0.2288 0.0751 0.4606 0.6073 0.8601 0.0984  

p__Firmicutes|g__Blautia 0.1946 0.0235 0.0969 0.0408 0.0365 0.3030 0.0719 0.4606 0.7673 0.0000 0.5957  

p__Firmicutes|g__Coprococcus 0.1628 0.0011 0.0571 0.0029 0.0000 NA NA NA 0.1723 0.1506 0.7319  

p__Firmicutes|g__Dorea 0.0278 0.3933 0.1025 0.4077 0.1635 0.0200 0.0848 0.4493 0.0299 0.0018 0.3575 MetS 

p__Firmicutes|g__Lachnospira 0.1533 0.0025 0.0584 0.0059 0.0000 NA NA NA 0.4834 0.1164 0.2724  

p__Firmicutes|g__Roseburia 0.0000 0.5000 NA 0.5000 0.0679 0.1574 0.0418 0.4606 0.0780 0.4168 0.4604  

p__Firmicutes|g__[Ruminococcus] 0.2084 0.0193 0.0984 0.0342 0.1036 0.0884 0.0809 0.4606 0.0002 0.0000 0.8004  

p__Firmicutes|f__Ruminococcaceae 0.0546 0.2915 0.0992 0.3137 0.1731 0.0149 0.0851 0.4493 0.0034 0.1575 0.3533  

p__Firmicutes|g__Faecalibacterium 0.2631 0.0000 0.0572 0.0000 0.0000 NA NA NA 0.1092 0.1204 0.6208  

p__Firmicutes|g__Oscillospira 0.1434 0.0750 0.0969 0.1120 0.0088 0.4534 0.0751 0.4733 0.0000 0.1641 0.0566  

p__Firmicutes|g__Ruminococcus 0.0562 0.1575 0.0581 0.1984 0.0000 NA NA NA 0.0010 0.5001 0.6916  

p__Firmicutes|f__Veillonellaceae 0.1343 0.0085 0.0589 0.0164 0.0000 NA NA NA 0.0000 0.0172 0.0773  

p__Firmicutes|g__Acidaminococcus 0.1312 0.0067 0.0562 0.0140 0.0000 NA NA NA 0.0156 0.2438 0.9763  

p__Firmicutes|g__Dialister 0.1636 0.0028 0.0628 0.0064 0.0000 NA NA NA 0.3238 0.0089 0.2050  

p__Firmicutes|g__Megamonas 0.2177 0.0001 0.0633 0.0005 0.0000 NA NA NA 0.0007 0.0023 0.5567  

p__Firmicutes|g__Megasphaera 0.1375 0.0089 0.0619 0.0169 0.0000 NA NA NA 0.0001 0.4755 0.0332  

p__Firmicutes|g__Phascolarctobacterium 0.3549 0.0002 0.0929 0.0006 0.0045 0.4733 0.0669 0.4733 0.0270 0.4549 0.3422  

p__Firmicutes|g__Succiniclasticum 0.0139 0.3983 0.0543 0.4079 0.0000 NA NA NA 0.5272 0.5507 0.8409  

p__Firmicutes|g__Veillonella 0.2168 0.0171 0.0998 0.0310 0.0531 0.2745 0.0911 0.4606 0.3765 0.0001 0.6574  

p__Firmicutes|f__Erysipelotrichaceae 0.1402 0.0744 0.0955 0.1120 0.0843 0.1287 0.0781 0.4606 0.0127 0.2363 0.9147  
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Taxon H2r p.H2r se.H2r FDR.H2r C2 p.C2 se.C2 FDR.C2 p.sex p.age p.MetS Group 

p__Firmicutes|g__Catenibacterium 0.1208 0.1216 0.1025 0.1656 0.0212 0.3917 0.0781 0.4620 0.0793 0.5195 0.9312  

p__Firmicutes|g__[Eubacterium] 0.2831 0.0000 0.0592 0.0000 0.0000 NA NA NA 0.0053 0.5167 0.6889  

p__Fusobacteria|o__Fusobacteriales 0.1037 0.1587 0.1024 0.1984 0.0581 0.2403 0.0847 0.4606 0.6476 0.6526 0.3199  

p__Fusobacteria|f__Fusobacteriaceae 0.0946 0.1734 0.0997 0.2105 0.0908 0.1265 0.0827 0.4606 0.4864 0.5263 0.6091  

p__Proteobacteria 0.1385 0.0025 0.0527 0.0059 0.0000 NA NA NA 0.6985 0.0000 0.2652  

p__Proteobacteria|c__Betaproteobacteria 0.0731 0.2110 0.0899 0.2491 0.0290 0.3364 0.0702 0.4606 0.8888 0.8048 0.0634 MetS 

p__Proteobacteria|o__Burkholderiales 0.0759 0.2098 0.0929 0.2491 0.0272 0.3505 0.0721 0.4606 0.9092 0.7426 0.0605 MetS 

p__Proteobacteria|f__Alcaligenaceae 0.1344 0.0761 0.0912 0.1120 0.0064 0.4635 0.0706 0.4733 0.6601 0.7359 0.0387 MetS 

p__Proteobacteria|g__Sutterella 0.1361 0.0735 0.0912 0.1120 0.0051 0.4710 0.0705 0.4733 0.6684 0.7389 0.0383 MetS 

p__Proteobacteria|c__Deltaproteobacteria 0.0987 0.1569 0.0971 0.1984 0.0088 0.4547 0.0777 0.4733 0.5911 0.0234 0.0664  

p__Proteobacteria|o__Desulfovibrionales 0.1010 0.1506 0.0967 0.1969 0.0063 0.4676 0.0776 0.4733 0.5962 0.0211 0.0696  

p__Proteobacteria|f__Desulfovibrionaceae 0.1012 0.1500 0.0967 0.1969 0.0061 0.4685 0.0776 0.4733 0.5958 0.0211 0.0697  

p__Proteobacteria|g__Bilophila 0.0501 0.2982 0.0944 0.3168 0.0360 0.3222 0.0792 0.4606 0.1134 0.0001 0.1482  

p__Proteobacteria|g__Desulfovibrio 0.1095 0.1227 0.0934 0.1656 0.0296 0.3404 0.0732 0.4606 0.0069 0.2838 0.8967  

p__Proteobacteria|c__Gammaproteobacteria 0.2351 0.0103 0.0979 0.0190 0.0257 0.3738 0.0813 0.4620 0.2901 0.0000 0.2629 Healthy 

p__Proteobacteria|f__Enterobacteriaceae 0.2593 0.0000 0.0558 0.0000 0.0000 NA NA NA 0.3322 0.0000 0.2650  

p__Proteobacteria|g__Klebsiella 0.1875 0.0423 0.1060 0.0705 0.0490 0.2593 0.0780 0.4606 0.8134 0.0000 0.2318  

p__Proteobacteria|f__Pasteurellaceae 0.2899 0.0000 0.0633 0.0000 0.0000 NA NA NA 0.1868 0.0001 0.3286  

p__Proteobacteria|g__Haemophilus 0.2727 0.0000 0.0644 0.0000 0.0000 NA NA NA 0.1931 0.0002 0.2614  

p__Tenericutes 0.2294 0.0000 0.0575 0.0001 0.0000 NA NA NA 0.0531 0.0000 0.0660 Healthy 

p__Tenericutes|c__Mollicutes 0.2287 0.0000 0.0576 0.0001 0.0000 NA NA NA 0.0609 0.0000 0.0684 Healthy 

p__Verrucomicrobia 0.0534 0.2880 0.0949 0.3137 0.1149 0.0738 0.0839 0.4606 0.0011 0.7013 0.0260 Healthy 
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Taxon H2r p.H2r se.H2r FDR.H2r C2 p.C2 se.C2 FDR.C2 p.sex p.age p.MetS Group 

p__Verrucomicrobia|f__Verrucomicrobiaceae 0.0635 0.2556 0.0961 0.2858 0.0973 0.1085 0.0825 0.4606 0.0025 0.5685 0.0354  

p__Verrucomicrobia|g__Akkermansia 0.0614 0.2629 0.0963 0.2903 0.1012 0.1002 0.0828 0.4606 0.0025 0.5742 0.0360 Healthy 

H2r: total additive genetic heritability; p.H2r: significance of H2r; se.H2r: H2r standard error; FDR.H2r: FDR-corrected H2r p-value; 

C2: common/shared environment; p.C2: significance of C2; se.C2: C2 standard error; FDR.C2: FDR-corrected C2 p-value; 

p.sex; p.age; p.MetS: significance of each covariate; 

Group: association with MetS status (obtained from MaAsLin). "Healthy"-enriched in healthy individuals, "MetS"-enriched in MetS individuals 
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Appendix B. Comparison of the MetS-related gut microbes identified in this study and the obesity- or type 2 diabetes-

related gut microbes reported previously. The taxa enriched and depleted in the individuals with a designated disease in 

each column compared to the healthy individuals are denoted by red and blue, respectively. Green indicates that 

inconsistent results concerning the association between a taxon and a disease were reported in the referenced paper. 
†This study 
‡Sanz Y, Olivares M, Moya-Pérez Á, Agostoni C. (2014). Understanding the role of gut microbiome in metabolic disease risk. Pediatr Res 77:236–244 
§Tagliabue A, Elli M. (2013). The role of gut microbiota in human obesity: Recent findings and future perspectives. Nutr Metab Cardiovasc Dis 23:160-168 

Kingdom Phylum Class Order Family Genus Species MetS† T2D‡ Obesity§ 

Archaea Euryarchaeota Methanobacteria Methanobacteriales Methanobacteriaceae Methanobrevibacter         

Archaea Euryarchaeota Methanobacteria Methanobacteriales Methanobacteriaceae Methanobrevibacter M. smithii       

Bacteria Actinobacteria                 

Bacteria Actinobacteria Actinobacteria               

Bacteria Actinobacteria Actinobacteria Bifidobacteriales             

Bacteria Actinobacteria Actinobacteria Bifidobacteriales Bifidobacteriaceae           

Bacteria Actinobacteria Actinobacteria Bifidobacteriales Bifidobacteriaceae Bifidobacterium         

Bacteria Actinobacteria Actinobacteria Bifidobacteriales Bifidobacteriaceae Bifidobacterium Bifidobacterium spp.       

Bacteria Actinobacteria Actinobacteria Bifidobacteriales Bifidobacteriaceae Bifidobacterium B.animalis       

Bacteria Bacteroidetes Bacteroidia Bacteroidales [Odoribacteraceae]           

Bacteria Bacteroidetes Bacteroidia Bacteroidales [Odoribacteraceae] Odoribacter         

Bacteria Bacteroidetes Bacteroidia Bacteroidales [Paraprevotellaceae]           

Bacteria Bacteroidetes Bacteroidia Bacteroidales [Paraprevotellaceae] Paraprevotella         

Bacteria Bacteroidetes Bacteroidia Bacteroidales Porphyromonadaceae           
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Kingdom Phylum Class Order Family Genus Species MetS† T2D‡ Obesity§ 

Bacteria Bacteroidetes Bacteroidia Bacteroidales Porphyromonadaceae Parabacteroides         

Bacteria Bacteroidetes Bacteroidia Bacteroidales Rikenellaceae           

Bacteria Firmicutes Bacilli Lactobacillales Lactobacillaceae           

Bacteria Firmicutes Bacilli Lactobacillales Lactobacillaceae Lactobacillus         

Bacteria Firmicutes Bacilli Lactobacillales Lactobacillaceae Lactobacillus Lactobacillus spp.       

Bacteria Firmicutes Bacilli Lactobacillales Lactobacillaceae Lactobacillus L. paracasei       

Bacteria Firmicutes Bacilli Lactobacillales Lactobacillaceae Lactobacillus L. plantarum       

Bacteria Firmicutes Bacilli Lactobacillales Lactobacillaceae Lactobacillus L. reuteri       

Bacteria Firmicutes Clostridia Clostridiales Christensenellaceae           

Bacteria Firmicutes Clostridia Clostridiales Lachnospiraceae Dorea         

Bacteria Proteobacteria Betaproteobacteria               

Bacteria Proteobacteria Betaproteobacteria Burkholderiales             

Bacteria Proteobacteria Betaproteobacteria Burkholderiales Alcaligenaceae           

Bacteria Proteobacteria Betaproteobacteria Burkholderiales Alcaligenaceae Sutterella         

Bacteria Proteobacteria Gammaproteobacteria               

Bacteria Tenericutes                 

Bacteria Tenericutes Mollicutes               

Bacteria Verrucomicrobia                 

Bacteria Verrucomicrobia Verrucomicrobiae Verrucomicrobiales Verrucomicrobiaceae Akkermansia         

Bacteria Verrucomicrobia Verrucomicrobiae Verrucomicrobiales Verrucomicrobiaceae Akkermansia A. muciniphila       
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Appendix C. Heritability of the airway microbiota 
Taxon H2r p.H2r se.H2r FDR.H2r C2 p.C2 se.C2 FDR.C2 p.sex p.age p.PY 

k__Bacteria 0.324 0.000 0.093 0.002 0.000 NA NA NA 0.714 0.708 0.165 

p__Actinobacteria 0.000 0.500 NA 0.500 0.158 0.193 0.139 0.388 0.008 0.370 0.056 

p__Actinobacteria|c__Actinobacteria 0.000 0.500 NA 0.500 0.149 0.199 0.138 0.388 0.009 0.365 0.070 

p__Actinobacteria|o__Actinomycetales 0.000 0.500 NA 0.500 0.139 0.216 0.138 0.388 0.010 0.376 0.068 

p__Actinobacteria|f__Actinomycetaceae 0.000 0.500 NA 0.500 0.164 0.248 0.131 0.388 0.009 0.800 0.031 

p__Actinobacteria|g__Actinomyces 0.000 0.500 NA 0.500 0.153 0.247 0.131 0.388 0.010 0.834 0.031 

p__Actinobacteria|f__Micrococcaceae 0.355 0.013 0.153 0.052 0.131 0.151 0.132 0.360 0.023 0.427 0.167 

p__Actinobacteria|g__Rothia 0.355 0.013 0.153 0.052 0.131 0.151 0.133 0.360 0.023 0.420 0.172 

p__Actinobacteria|f__Coriobacteriaceae 0.024 0.476 0.400 0.500 0.144 0.340 0.354 0.477 0.051 0.410 0.044 

p__Actinobacteria|g__Atopobium 0.022 0.479 0.405 0.500 0.141 0.345 0.358 0.477 0.048 0.397 0.042 

p__Bacteroidetes 0.593 0.000 0.122 0.002 0.000 NA NA NA 0.678 0.142 0.073 

p__Bacteroidetes|o__Bacteroidales 0.571 0.053 0.329 0.170 0.016 0.479 0.290 0.479 0.638 0.139 0.063 

p__Bacteroidetes|f__[Paraprevotellaceae] 0.394 0.024 0.192 0.086 0.117 0.230 0.165 0.388 0.163 0.035 0.729 

p__Bacteroidetes|g__[Prevotella] 0.397 0.023 0.192 0.086 0.113 0.238 0.165 0.388 0.164 0.035 0.707 

p__Bacteroidetes|f__Bacteroidaceae 0.546 0.000 0.072 0.000 0.000 NA NA NA 0.786 0.509 0.632 

p__Bacteroidetes|g__Bacteroides 0.551 0.000 0.073 0.000 0.000 NA NA NA 0.812 0.504 0.617 

p__Bacteroidetes|f__Porphyromonadaceae 0.332 0.037 0.174 0.127 0.050 0.373 0.159 0.477 0.785 0.316 0.352 

p__Bacteroidetes|g__Porphyromonas 0.363 0.000 0.087 0.000 0.000 NA NA NA 0.674 0.362 0.269 

p__Bacteroidetes|f__Prevotellaceae 0.473 0.122 0.398 0.241 0.055 0.439 0.360 0.477 0.577 0.083 0.052 

p__Bacteroidetes|g__Prevotella 0.477 0.120 0.398 0.241 0.050 0.444 0.359 0.477 0.579 0.083 0.052 

p__Bacteroidetes|o__Flavobacteriales 0.158 0.230 0.214 0.419 0.193 0.146 0.189 0.360 0.684 0.881 0.123 

p__Bacteroidetes|f__[Weeksellaceae] 0.344 0.132 0.284 0.253 0.233 0.148 0.230 0.360 0.653 0.186 0.064 

p__Bacteroidetes|f__Flavobacteriaceae 0.110 0.305 0.217 0.500 0.222 0.125 0.197 0.360 0.735 0.533 0.141 
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Taxon H2r p.H2r se.H2r FDR.H2r C2 p.C2 se.C2 FDR.C2 p.sex p.age p.PY 

p__Bacteroidetes|g__Capnocytophaga 0.108 0.308 0.217 0.500 0.220 0.127 0.197 0.360 0.733 0.544 0.147 

p__Firmicutes 0.000 0.500 NA 0.500 0.371 0.026 0.122 0.240 0.061 0.904 0.001 

p__Firmicutes|c__Bacilli 0.000 0.500 NA 0.500 0.156 0.130 0.142 0.360 0.034 0.354 0.035 

p__Firmicutes|o__Gemellales 0.429 0.000 0.086 0.000 0.000 NA NA NA 0.675 0.104 0.586 

p__Firmicutes|f__Gemellaceae 0.435 0.000 0.085 0.000 0.000 NA NA NA 0.687 0.103 0.603 

p__Firmicutes|g__Gemella 0.417 0.000 0.086 0.000 0.000 NA NA NA 0.646 0.140 0.527 

p__Firmicutes|o__Lactobacillales 0.000 0.500 NA 0.500 0.147 0.143 0.141 0.360 0.027 0.345 0.028 

p__Firmicutes|f__Carnobacteriaceae 0.044 0.447 0.325 0.500 0.302 0.137 0.274 0.360 0.079 0.033 0.019 

p__Firmicutes|g__Granulicatella 0.041 0.450 0.326 0.500 0.306 0.135 0.274 0.360 0.080 0.033 0.019 

p__Firmicutes|f__Streptococcaceae 0.000 0.500 NA 0.500 0.118 0.195 0.140 0.388 0.036 0.552 0.039 

p__Firmicutes|g__Streptococcus 0.000 0.500 NA 0.500 0.117 0.197 0.140 0.388 0.037 0.552 0.039 

p__Firmicutes|c__Clostridia 0.000 0.500 NA 0.500 0.342 0.038 0.127 0.240 0.580 0.540 0.009 

p__Firmicutes|o__Clostridiales 0.000 0.500 NA 0.500 0.338 0.038 0.126 0.240 0.599 0.554 0.009 

p__Firmicutes|f__[Mogibacteriaceae] 0.272 0.005 0.105 0.023 0.000 NA NA NA 0.234 0.301 0.785 

p__Firmicutes|f__Lachnospiraceae 0.299 0.005 0.116 0.023 0.000 NA NA NA 0.502 0.534 0.640 

p__Firmicutes|g__Oribacterium 0.170 0.055 0.109 0.170 0.000 NA NA NA 0.874 0.301 0.506 

p__Firmicutes|f__Peptostreptococcaceae 0.317 0.000 0.096 0.003 0.000 NA NA NA 0.771 0.334 0.158 

p__Firmicutes|f__Veillonellaceae 0.000 0.500 NA 0.500 0.359 0.025 0.123 0.240 0.618 0.487 0.006 

p__Firmicutes|g__Megasphaera 0.259 0.099 0.195 0.219 0.104 0.256 0.165 0.389 0.168 0.513 0.110 

p__Firmicutes|g__Selenomonas 0.119 0.250 0.175 0.445 0.106 0.227 0.147 0.388 0.652 0.863 0.739 

p__Firmicutes|g__Veillonella 0.000 0.500 NA 0.500 0.379 0.016 0.118 0.240 0.489 0.518 0.003 

p__Fusobacteria|o__Fusobacteriales 0.066 0.336 0.157 0.500 0.000 NA NA NA 0.075 0.926 0.008 

p__Fusobacteria|f__Fusobacteriaceae 0.000 0.500 NA 0.500 0.204 0.135 0.147 0.360 0.075 0.553 0.025 

p__Fusobacteria|g__Fusobacterium 0.000 0.500 NA 0.500 0.207 0.134 0.147 0.360 0.078 0.559 0.025 



 

Appendices 

１３４ 

            

Taxon H2r p.H2r se.H2r FDR.H2r C2 p.C2 se.C2 FDR.C2 p.sex p.age p.PY 

p__Fusobacteria|f__Leptotrichiaceae 0.238 0.105 0.173 0.219 0.035 0.404 0.149 0.477 0.898 0.584 0.137 

p__Fusobacteria|g__Leptotrichia 0.225 0.104 0.167 0.219 0.100 0.234 0.145 0.388 0.426 0.482 0.234 

p__Proteobacteria 0.000 0.500 NA 0.500 0.561 0.055 0.101 0.303 0.501 0.152 0.002 

p__Proteobacteria|c__Betaproteobacteria 0.000 0.500 NA 0.500 0.530 0.028 0.115 0.240 0.544 0.244 0.027 

p__Proteobacteria|o__Burkholderiales 0.000 0.500 NA 0.500 0.000 NA NA NA 0.844 0.041 0.056 

p__Proteobacteria|f__Burkholderiaceae 0.000 0.500 NA 0.500 0.000 NA NA NA 0.953 0.132 0.065 

p__Proteobacteria|f__Neisseriaceae 0.000 0.500 NA 0.500 0.531 0.030 0.115 0.240 0.552 0.227 0.029 

p__Proteobacteria|g__Eikenella 0.000 0.500 NA 0.500 0.120 0.341 0.151 0.477 0.676 0.802 0.076 

p__Proteobacteria|g__Neisseria 0.000 0.500 NA 0.500 0.527 0.022 0.115 0.240 0.472 0.210 0.032 

p__Proteobacteria|c__Epsilonproteobacteria 0.204 0.104 0.154 0.219 0.014 0.463 0.149 0.477 0.377 0.895 0.700 

p__Proteobacteria|o__Campylobacterales 0.204 0.104 0.154 0.219 0.014 0.463 0.149 0.477 0.373 0.894 0.701 

p__Proteobacteria|f__Campylobacteraceae 0.206 0.100 0.153 0.219 0.014 0.462 0.149 0.477 0.378 0.895 0.705 

p__Proteobacteria|g__Campylobacter 0.204 0.102 0.153 0.219 0.013 0.464 0.148 0.477 0.386 0.888 0.720 

p__Proteobacteria|c__Gammaproteobacteria 0.410 0.213 0.529 0.398 0.064 0.447 0.478 0.477 0.701 0.162 0.012 

p__Proteobacteria|f__Enterobacteriaceae 0.367 0.000 0.091 0.000 0.000 NA NA NA 0.057 0.900 0.979 

p__Proteobacteria|g__Providencia 0.698 0.000 0.058 0.000 0.000 NA NA NA 0.627 0.263 0.398 

p__Proteobacteria|f__Pasteurellaceae 0.454 0.002 0.138 0.014 0.000 NA NA NA 0.623 0.132 0.021 

p__Proteobacteria|g__Actinobacillus 0.098 0.278 0.168 0.481 0.000 NA NA NA 0.904 0.390 0.070 

p__Proteobacteria|g__Aggregatibacter 0.254 0.003 0.094 0.016 0.000 NA NA NA 0.013 0.065 0.925 

p__Proteobacteria|g__Haemophilus 0.425 0.007 0.151 0.032 0.000 NA NA NA 0.866 0.221 0.027 

p__Spirochaetes 0.222 0.092 0.161 0.219 0.010 0.467 0.124 0.477 0.065 0.613 0.749 

p__Spirochaetes|c__Spirochaetes 0.222 0.092 0.161 0.219 0.010 0.466 0.124 0.477 0.063 0.591 0.757 

p__Spirochaetes|f__Spirochaetaceae 0.222 0.092 0.161 0.219 0.010 0.466 0.124 0.477 0.063 0.591 0.757 

p__Spirochaetes|g__Treponema 0.222 0.092 0.161 0.219 0.010 0.466 0.124 0.477 0.063 0.591 0.757 
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H2r: total additive genetic heritability; p.H2r: significance of H2r; se.H2r: H2r standard error; FDR.H2r: FDR-corrected H2r p-value; C2: 

common/shared environment; p.C2: significance of C2; se.C2: C2 standard error; FDR.C2: FDR-corrected C2 p-value; p.sex; p.age; p.PY: 

significance of each covariate 
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국문 초록 (Abstract in Korean) 

 

인체의 유전적 요인과 환경적 요인이 

장내와 호흡기 마이크로비옴에 미치는 영향 

 
인체 마이크로비옴은 외부 환경에 노출되어 있는 모든 신체 부위에 존재하는 박

테리아, 고세균, 균류, 바이러스 등의 광범위한 미생물의 집합체이다. 최근 시퀀싱 

기술과 분석 기법의 급속한 발달로 인체 마이크로비옴의 구조, 기능, 숙주와의 상

호작용 등에 대한 연구가 가능하게 되었다. 이를 통해, 정상 상태의 인체 마이크로

비옴이 영양소 대사, 상피세포의 증식, 면역계의 발달과 유지, 병원균으로부터 보

호 등 인체의 건강 유지에 필수적인 다양한 기능을 수행한다는 것이 밝혀졌다. 한

편, 마이크로비옴 구조의 불균형(dysbiosis)은 비만, 암, 다양한 신체 부위에서의 

염증 질환 등과 높은 상관관계가 있는 것으로 보고되고 있다. 향후 마이크로비옴 

관련 질환에 대한 적절한 치료 방법 제시를 위해서는, 건강한 인구 집단에서의 정

상 마이크로비옴의 특성 파악과 마이크로비옴의 구조 변화를 유발하는 요인 규명

이 선행되어야 한다. 이를 위해, 본 연구에서는 한국인 쌍둥이-가족 코호트의 장

내 마이크로비옴과 호흡기 마이크로비옴에 대한 대규모 연구를 수행하였다. 

첫째, 건강한 한국인 일란성 쌍둥이의 36개의 분변 시료에 대해 메타게노믹 시

퀀싱을 수행하여, 건강한 한국인의 장내 마이크로비옴은 두 개의 enterotype (장 

유형)으로 나눠지는 것을 확인하였다. 각 enterotype은 Bacteroides와 

Prevotella가 우세하게 존재하였다. 개인의 enterotype은 2년 후에도 대부분 안정

적으로 유지되었으며, 대부분의 쌍둥이들은 동일한 enterotype에 속하는 것으로 

나타났다. 또한, enterotype은 식이섬유, 비타민, 미네랄 섭취량 등과 연관성이 있

었으며, 임상의학적 지표 중 혈중 요산 수치와도 유의한 상관관계가 있는 것으로 

나타났다. 이러한 결과를 통해, 인체의 유전적인 요인과 식습관 등이 개인의 

enterotype을 결정짓는 중요한 요인이라는 것을 확인하였다.  

둘째, 대사증후군, 장내 마이크로비옴, 유전적 요인의 연관성 규명을 위하여, 대

사증후군을 포함 (18%)하는 655명의 일란성, 이란성쌍둥이, 그들의 부모, 형제의 
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장내 마이크로비옴 분석을 실시하였다. 대사증후군을 갖고 있는 사람의 장내에는 

Methanobrevibacter, Lactobacillus, Sutterella가, 건강한 사람의 장내에는 

Akkermansia, Odoribacter, Bifidobacterium이 더 많은 비율을 차지하는 것으로 

나타났다. 한편, 대사증후군 관련 장내 미생물 중에서, Bifidobacterium이 속해있

는 Actinobacteria가 가장 높은 heritability를 보였으며, 이들은 혈중중성지방 및 

대사증후군과 관련된 apolipoprotein A-V gene (APOA5) SNP rs651821의 

minor allele을 가진 사람에게서 낮은 비율로 존재하였다. 이는 특정 유전형에 의

해서 장내 마이크로비옴의 구조가 변화되고, 나아가 대사증후군의 유발로 이어질 

수 있다는 가능성을 제시해주는 결과이다.  

마지막으로, 건강한 일란성, 이란성쌍둥이, 그들의 부모, 형제, 총 257명의 객담 

시료로부터 16S rRNA gene sequencing을 실시하여, 유전적 요인과 생활습관 요

인이 정상 호흡기 마이크로비옴에 미치는 영향을 연구하였다. 유전적인 요인은 

Providencia와 Bacteroides를 포함하는 특정 taxa들에 영향을 끼치며, 생활습관 

요인 중에서, 흡연이 호흡기 마이크로비옴 구조에 가장 큰 영향을 끼치는 것으로 

확인되었다. 특히, pack-year 변수는 호흡기 염증과 관련이 있는 Veillonella와 유

의한 양의 상관관계, Haemophilus와는 음의 상관관계를 보였다. 네트워크 분석에

서는 흡연에 대하여 같은 경향성을 갖는 taxa들끼리 cluster를 형성하며, 유전적인 

요인에 의해서만 영향을 받는 taxa들은 또 다른 cluster를 형성하는 것으로 나타

났다. 이러한 결과는 호흡기 마이크로비옴의 구조는 유전적인 요인과 흡연 사이의 

복잡한 상호작용에 의해 결정됨을 제시한다.  

결론적으로, 본 연구는 인체 마이크로비옴의 구조는 식습관 및 생활습관 등의 

인체 외적인 환경 요소뿐만 아니라 유전적 요인에 의해서도 영향을 받으며, 이러

한 요인들에 의해 야기된 특정 미생물의 조성 변화는 대사증후군 또는 호흡기 염

증 등과 연관성이 있을 수 있다는 것을 보여주었다. 이러한 결과는 마이크로비옴 

관련 질환의 예방 및 치료에 있어서, 개인 맞춤형 접근법의 필요성을 제시해 준다. 
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