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Chapter 1  
Introduction 
1.1 Background 
1.1.1 Human microbiome and “omics” analysis 
The human body is host to a huge variety of microorganism defined as the human microbiota, 
which have been shown to perform essential functions for the host development and health1,2. The 
human microbiota is constituted of bacteria, archaea, eukaryotes, and viruses, with the bacteria 
being one of the most extensively constituent of the human microbiota. The whole human 
microbiota, their genomes (i.e., genes), and the surrounding environmental conditions is defined 
as the human microbiome3. The human microbiome has been associated with many host conditions, 
such as age, sex, diet and diseases4,5. Associations between human microbiome and disease, such 
as colorectal cancer6–8 and inflammatory bowel disease (IBD)9–11, has been researched extensively, 
with recent studies focusing more on the causality of such associations12–14. Furthermore, there are 
many ongoing translational research for human microbiota-based therapy and diagnosis15–19. 
 
One of the most commonly utilized method to study the human microbiome is “omics” analysis, 
especially metagenomics. Metagenomics allows researchers to study the composition and potential 
function of the microbiota, including unculturable microbiota20–22. The standard protocol of 
metagenomics is 1) DNA extraction, 2) sample and library preparation, 3) DNA sequencing, 4) 
data processing, 5) data analysis20,23. Potential limitation of metagenomics is that signals from 
unexpressed DNA sequences, such as those that belong to dead members, may be picked up. Thus, 
other “omics” analysis, such as metatranscriptomics and metabolomics, is used in complement of 
metagenomics to get a better understanding of the studied environment24. 
 
In metabolomics, metabolites and small molecules within a biological sample was extracted and 
quantified25,26. The standard protocol of metabolomics is 1) extract analytes from the sample, 2) 
analytes separation (liquid/gas chromatography, capillary electrophoresis), 3) quantification (mass 
spectrometry, nuclear magnetic resonance), 4) data processing, 5) data analysis. The final 
metabolite profile depends on the combinations of sample extraction, separation and quantification 
protocols used; thus, it is important to customize the protocol for sample types and metabolites of 
interest. One limitation of metabolomics in microbiome analysis is that it is difficult to separate 
between host and microbiota derived metabolites. 
 
“Omics” analysis allows researchers to study the microbiome in a culture-free way, bypassing 
conventional limitations of unculturable bacteria and low throughput experiments. In this study, 
metagenomics and metabolomics were performed on the fecal sample of Japanese Lynch 
Syndrome cohort, a hereditary colorectal cancer (CRC) cohort. 
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1.1.2 Human gut microbiota and colorectal cancer associations 
Carcinogenesis model of CRC has been described as an adenoma-carcinoma sequence, where 
accumulations of gene mutation caused carcinogenesis progression27–29. The order of gene 
mutation is not deterministic, but some mutations were strongly associated with specific stages. 
For example, mutation in APC were associated with colorectal polyp formation, while KRAS 
mutation were associated with early adenoma transformation28,29. Most of such gene mutations 
trigger signalling cascade, causing uncontrolled cell proliferation and other hallmarks of cancer28,29. 
 
The human gut microbiome has been associated with CRC across all disease phases, including 
tumorigenesis, progression, and treatment response6,13,30,31. Specific microbes may produce 
harmful metabolites, inducing inflammations or gene mutations of colonic cell32–34. For example, 
enterotoxigenic Bacteroides fragilis produces enterotoxin which induced tumorigenesis33, while 
pks+ Escherichia coli derived colibactin induces genomic instability34. Others, like Fusobacterium 
nucleatum may invade colonic mucosa and induces inflammation by direct contact with the host 
cell via outer membrane protein31,35. Furthermore, gut microbiota derived metabolites such as 
butyrate are utilized as energy source by the colon cell, driving cell proliferation36–38. Under 
specific conditions, such cell proliferation have been linked to polyp formation36,37,39,40. 
 
The gut microbiota has also been linked with CRC progression6,15,41–43. For example, previous 
studies have shown distinct gut microbiota pattern associated with specific CRC disease stages, 
such as Peptostreptococcus, Parvimonas and Fusobacterium abundance trend to increase along 
with disease progression6,42. Furthermore, studies have shown F. nucleatum association with 
epithelial mesenchymal transition (EMT), potentially inducing cancer metastasis44–49. In vitro 
experiment shows further evidence of F. nucleatum colonized CRC tissue to move as individual 
cells rather than as a tissue50. 
 
Finally, recent studies have shown gut microbiota associations with treatment response17,18,30,51. 
For example, F. nucleatum have been shown to induce chemoresistance CRC via autophagy 
pathway activation30. Furthermore, F. nucleatum was also associated with immunotherapy 
response, albeit conflicting evidence on its exact roles52–54. 
 
Past studies have mostly focused on association studies, but recently the focus has shifted to 
mechanistic and translational studies. For mechanistic studies, causal relationship between human 
gut microbiomes and CRC have been shown in experiments with model mice, where inoculation 
of specific microbiota exacerbates or attenuates polyp formation and CRC progression12,13. 
However, microbiome studies on model mice may not translate well to human. Some studies tried 
to circumvent this with organoid experiments, utilizing human tissues rather than model mice50,55–

57. 
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Other challenges in elucidating the roles of human gut microbiome in CRC are due to the variation 
of CRC itself. Recent reports have shown that CRC differs between primary tumor sites and 
molecular subtypes58,59. Distinct patterns of human gut microbiome have been associated to 
differences in tumor site or molecular subtypes60,61. In similar fashion, host gene mutations have 
also been associated to human gut microbiome4,62–65. In the case of hereditary CRC, early loss-of-
function of oncogenes or related genes may trigger intestinal environment change, affecting the 
human microbiome prior to CRC tumorigenesis. 
 
1.1.3 Lynch Syndrome and colorectal cancer 
As described in section 1.1.2, CRC progress as gene mutation accumulates28,29. CRC can be 
categorized as sporadic CRC and hereditary CRC based on how the gene mutation occurs28,66. In 
case of sporadic CRC, gene mutation occurs randomly on their somatic cell. However, gene 
mutation was inherited as an autosomal dominant germline mutation in hereditary CRC28,66. 
Hereditary CRC patients are at an increased risk of CRC due to the inherited mutation28,66. 
 
Lynch Syndrome (LS) is the most common cause of hereditary CRC, accounting for 3% of total 
CRC cases66–69. LS is caused by an autosomal dominant, heterozygous germline mutation in 
mismatch-repair (MMR) gene (MLH1, MSH2, MSH6, PMS2) or EPCAM66–69. LS mutations had 
different penetration rate according to mutated genes70. Other than CRC, LS also caused 
predisposition to other cancer, such as endometrial, stomach, small bowel, hepatobiliary system, 
upper urologic tract, ovary, glioblastomas, pancreas, breast, prostate and adrenocortical (LS-
related cancer) 66–69. Most LS study mainly focuses on colorectal and endometrial case, as those 
are the majority of LS-related cancer. 
 
One of the hallmarks of LS is MMR deficiency (dMMR), caused by loss of function of the MMR 
mechanism28,66–69. LS subjects might be dMMR prior to any adenoma formation due to early 
mutation in the wild-type allele, leading to undetected dMMR colonic crypt69,71. MMR status can 
be diagnosed by immunohistochemistry of the MMR proteins or genetic test69,72,73. However, 
dMMR can also be seen in sporadic CRC, such as hypermethylated MLH1 caused dMMR74,75. 
 
Related to dMMR, LS CRC patients are likely to have microsatellite instability28,69,76,77. 
Microsatellites are genomic regions consisting of repeated DNA sequences, which may be 
misaligned during DNA replication causing shorter or longer (instable) microsatellite. MMR 
proteins are responsible for repairing such error; thus, the mutations accumulate in dMMR 
subjects28,69,76,77. 
 
Other features of LS CRC are increased progress rate of adenoma-carcinoma sequences, better 
prognosis, chemoresistance, and better response to immune checkpoint inhibitors28,69,78. Most of 
these features have been associated to the dMMR colon cells in LS CRC. Due to dMMR, LS 
patients could not repair replication error inefficiently, resulting in an increased rate of gene 
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mutation accumulation, especially on regions with repeated sequences28,69. Increased gene 
mutation accumulation may accelerate the adenoma-carcinoma transformation process28,69,71. On 
the other hand, mutation in repeated sequence resulted in frame-shift peptides (FSP), which are 
novel antigen that can be targeted by the immune system, resulting in better prognosis69,79–81. 
Increased immunotherapy response rate may also be attributed to these novel antigens, as dMMR 
cancer cells became an easier target for the re-activated immune system compared to those with 
functioning MMR82–85. 
 
Recent studies study suggests that other than the conventional sporadic CRC pathway, LS CRC 
may progress through three other pathways (Figure 1.1)69,71. The first alternative is via sporadic 
adenomas that acquired secondary dMMR mutation. This is possible as although LS had a 
germline MMR mutation, loss-of-function only occurs after both alleles are mutated, in accordance 
to Knudson's double hit hypothesis. The second alternative is from dMMR colonic crypt that 
accumulated gene mutations and became carcinoma without APC mutation. In this second 
alternative, there is no adenoma step, resulting in hard-to-detect carcinoma. The third alternative 
is a derivative of the second pathway, but acquiring APC mutation midway, causing polyp 
formation. Other studies have reported that pathway preference is associated with mutated MMR 
gene. 
 

 
Figure 1.1 Putative CRC progression pathway in LS subjects 

Three potential CRC progression pathways for LS subjects, with different point of MMR loss-of-function (LoF). 1) 
MMR LoF occurs after adenoma formation caused by stochastic mutation in other oncogenes, e.g., APC; 2) early 
MMR LoF due to stochastic event, followed by adenoma formation; 3) similar to the second pathway, with no apparent 
adenoma formation prior to carcinoma formation, possibly explaining undetected CRC cases 
 
1.2 Motivation 
Accumulating evidence showed associations between human gut microbiome and sporadic CRC6–

8. However, there is limited knowledge on human gut microbiome association with hereditary CRC. 
Previous study has shown gut microbiota perturbations differ between dMMR CRC and non-

(1)

(3)

(2)
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dMMR CRC, suggesting associations between MMR mutation with the human gut microbiota86. 
Thus, it is likely that LS CRC, characterized by MMR mutation, also has distinct human gut 
microbiota association. 
 
Recent studies showed that human gut microbiome is also associated with CRC subject’s treatment 
response30,52,54. Specifically, Fusobacterium nucleatum has been associated with chemoresistance 
and immune response therapy, albeit conflicting evidence for the latter30,52,54. Notably, F. 
nucleatum is one of the microbes associated with MMR mutation in the host, with reports of high 
F. nucleatum presence in MSI-high CRC patients87,88 (Figure 1.2). 
 

 
Figure 1.2 Known dMMR CRC characteristics and gut microbiota-CRC associations 

From cancer histopathology point-of-view, dMMR/MSI-H CRC have been reported to be mucinous and have distinct 
response to treatment, regardless of dMMR/MSI-H origin (LS or sporadic MLH1 hypermethylation). From gut 
microbiota studies, F. nucleatum have been associated with MSI-H CRC, chemoresistance via autophagy activation, 
and ICI therapy response. However, the exact association of F. nucleatum with ICI response is still up-to-debate. Other 
than F. nucleatum, a study reports the mutational signature of colibactin, a genotoxin derived by specific E. coli strains, 
co-occurs with dMMR mutational signature. 
 
Studies on mice intestinal microbiota suggested gut microbiota drives polyp formation in 
MSH2/APC mutant mice, likely by driving intestinal cell proliferation via butyrate production39. 
Furthermore, gut microbiota may be related to intestinal inflammation, which is also associated 
with CRC tumorigenesis89–91. 
 
Recently, distinct human microbiota structure of LS subjects has been reported92–94, with one study 
reporting history of cancer as a confounding factor94. Additionally, inflammation related genes 
were reported to be weakly predictive for adenoma formation in LS subjects95. 
 

Microsatellite 
Instability

dMMR
(LS / Sporadic)

Chemo Response ▼

ICI Response ▲

Tumor Mucin ▲
Oncology

Fusobacterium ▲ ICI Response ▲Immune Response ▲

Chemo Response ▼Autophagy ▲Gut Microbes

E. coli colibactin dMMR Mutation 
Signature

ICI Response ▼Succinate ▲
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Nevertheless, previous studies have various limitations, such as low sample number, lack of non-
LS comparisons, and lack of LS subjects with no prior tumor formation. Furthermore, most studies 
were done with 16S rRNA sequencing, thus there is limited information on the gut microbiota 
functions in LS subjects. 
 
In this study, metagenome and targeted metabolome was performed on fecal samples collected 
from a Japanese LS cohort. The cohort consisted of LS subjects with no prior adenoma and 
carcinoma formation (LS controls), LS subjects with colonic adenoma formation (LS adenoma), 
LS subjects with colonic carcinoma formation (LS CRC), and LS subjects with colectomy records 
(LS surgery). In addition, a Japanese sporadic CRC cohort with identical sampling and sequencing 
protocol was utilized as a comparison cohort to identify potential LS-specific associations6. 
Furthermore, questionnaire data on subject’s lifestyle and dietary habit was available for most 
subjects. Overall, the study aims to identify potential associations between human gut microbiome 
and CRC tumorigenesis or progression in LS subjects. 
 
1.3 Contribution 
This study provides novel insights into the microbiota composition and functions of LS subjects, 
particularly in relation with CRC progression. The study’s results may serve as a framework to 
generate hypothesis on how host genetics affect gut microbiota and cascade into disease 
development. 
 
As mentioned in section 1.1.3, LS is characterized by accelerated adenoma-carcinoma progression, 
better prognosis and better response to ICI therapy, which can be utilized as model case for dMMR 
CRC progression and treatment. Thus, findings of this study may provide clues on how gut 
microbiota and its function is linked to CRC progression and treatment response. 
 
1.4 Dissertation Structure 
The content is structured as follows. In Chapter 2, the cohort and methods used in this study was 
introduced, with an emphasis on the computational processing and analysis. In Chapter 3, I 
describe and discuss the study findings. Finally, the general summary of study findings and 
potential development for future research was introduced in Chapter 4. 
 
1.5 Publications 
1. Salim, F., Mizutani, S., Shiba, S., Takamaru, H., Yamada, M., Nakajima, T., Yachida, T., Soga, 

T., Saito, Y., Fukuda, S., et al. (2024). Fusobacterium species are distinctly associated with 
patients with Lynch syndrome colorectal cancer. iScience 27, 110181. 
https://doi.org/10.1016/j.isci.2024.110181. 

 



Chapter 2  
Material and Methods 
As mentioned in Chapter 1, whole-shotgun sequencing metagenomics and targeted metabolomics 
was performed on fecal samples collected from a Japanese LS cohort. In this chapter, details of the 
LS cohort utilized in this study, experimental protocols and computational methodologies is 
described. This project is a collaborative project between Tokyo Institute of Technology, National 
Cancer Center Japan, Osaka University, and Keio University. Subjects were enrolled by National 
Cancer Center Japan, followed by fecal sample and clinical data collections, including 
colonoscopy and questionnaire data. DNA sequencing was performed by sequencing service 
provider, while targeted metabolomics was performed in Keio University. DNA reads processing 
and annotation; downstream statistical analysis of metagenome and metabolite profiles was done 
in Tokyo Institute of Technology by the author. Results interpretation was carried out by intensive 
discussions with collaborators (professor and clinicians) from collaborating institutes (Osaka 
University, National Cancer Center Japan, Keio University and Tokyo Institute of Technology). 
 

 
Figure 2.1 Data collection and processing overview 

Study subjects were recruited in NCC Japan from incoming colonoscopy patients. Fecal sample, clinical data, and 
lifestyle questionnaire was collected by NCC collaborators. Fecal sample sequencing was performed by external 
service with Illumina platforms and the sequenced raw reads was processed and analyzed by author. Fraction of fecal 
sample was sent to Keio University collaborators for metabolite measurements. 
 
2.1 Cohort overview 
Patients undergoing colonoscopy at the National Cancer Center Hospital, Tokyo, Japan, were 
enrolled in the study, totaling 71 patients with Lynch Syndrome. The inclusion criterion was a 
positive diagnosis of a pathogenic mutation in germline MMR genes (MLH1, MSH2, MSH6, PMS2, 

Fecal Sample Collection

Study Subject

Fecal Sample

CE-TOFMS WGS Sequencing

Raw Metabolite Data Raw Illumina Reads

Data Processing Data Processing

Metabolite Profile Taxon Profile Functional Gene Profile

Questionnaire

Diet and Lifestyle Data

Colonoscopy

Clinical Data
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or EPCAM + MSH2). Patients with a history of gastrectomy were excluded. Patients’ stool samples 
were collected after bowel preparation on the day of colonoscopy and stored at -80℃ before further 
processing. 
 
Patients with LS were grouped into adenoma (LS-adenoma), CRC (LS-CRC), and post-colectomy 
(LS-surgery) groups based on the colonoscopy results and clinical records. Those without any 
adenoma, carcinoma, or history of colectomy were defined as controls (LS control). The lifestyle 
and dietary data of some patients were acquired using questionnaires based on a previous study96. 
Potential confounding factors such as age, sex, mutated MMR genes, smoking habits, meat 
consumption, and dietary fiber consumption were determined from clinical and questionnaire data 
and compared across the groups (Table 2.1). 
 
Table 2.1 Lynch Syndrome subject’s clinical information 
 

LS-CTR1 LS-ADE2 LS-CRC3 LS-SUR4 P* 

Subject Number 18 23 11 19 
 

Age (mean (SD)) 39.56 
(11.13) 

50.74 
(13.70) 

46.82 
(19.11) 

52.95 
(13.33) 

0.025 

Sex = Male (%) 5 (27.8) 11 (47.8) 7 (63.6) 7 (36.8) 0.248 
BMI5 (mean (SD)) 21.16 (2.47) 24.12 (4.89) 21.88 (3.94) 24.06 (4.57) 0.089 
Brinkman Index (mean 
(SD)) 

97.65 
(163.08) 

161.33 
(227.30) 

344.00 
(372.71) 

235.79 
(389.48) 

0.178 

Total dietary fiber intake 
(mean (SD)) 

11.68 (6.11) 10.39 (7.38) 14.66 (6.78) 11.28 (4.68) 0.406 

Meat intake (mean (SD)) 90.44 
(48.59) 

90.23 
(87.41) 

102.45 
(74.44) 

72.28 
(44.34) 

0.68 

Mutated MMR6 variants 
(%) 

    
0.319 

   MLH1 6 (33.3) 10 (43.5) 2 (18.2) 7 (36.8) 
 

   MSH2 11 (61.1) 10 (43.5) 5 (45.5) 7 (36.8) 
 

   MSH2+EPCAM 0 (0.0) 1 (4.3) 1 (9.1) 1 (5.3) 
 

   MSH6 0 (0.0) 2 (8.7) 0 (0.0) 2 (10.5) 
 

   PMS2 1 (5.6) 0 (0.0) 3 (27.3) 2 (10.5) 
 

Colectomy history = yes 
(%) 

0 (0.0) 8 (34.8) 3 (27.3) 19 (100.0) <0.001 

Colectomy part (%) 
    

<0.001 
   none 18 (100.0) 15 (65.2) 8 (72.7) 0 (0.0) 

 

   right 0 (0.0) 3 (13.0) 2 (18.2) 11 (57.9) 
 

   left 0 (0.0) 2 (8.7) 1 (9.1) 4 (21.1) 
 

   both 0 (0.0) 3 (13.0) 0 (0.0) 4 (21.1) 
 

1LS-CTR = Lynch Syndrome (LS) subjects without adenoma, carcinoma, or history of colectomy 
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2LS-ADE = LS subjects with colorectal adenoma 
3LS-CRC = LS subjects with CRC 
4LS-SUR = LS subjects with colectomy history, but no current colorectal adenoma or CRC 
5BMI = body mass index 
6MMR = mismatch repair 
*One-way analysis of variance (one-way ANOVA) test was used for numerical variables and chi-square test was used 
for categorical variables 
 
Data on patients with sporadic CRC were obtained from previously published studies with some 
modifications, specifically only non-LS healthy controls with no prior history of colorectal 
adenoma formation were included in this study6. Based on colonoscopy results, patients with 
sporadic CRC were grouped into five groups: (1) controls (no remarkable colonoscopic findings 
or records of adenoma); (2) multiple polypoid adenomas with low-grade dysplasia (more than 
three adenomas, mostly more than five adenomas); (3) intramucosal carcinoma (polypoid 
adenoma(s) with high-grade dysplasia), stage 0/pTis CRC (S0); (4) early CRC (Stages I or II); (5) 
advanced CRC (Stages III or IV). As previously mentioned, potential confounding factors such as 
age, sex, smoking habit, meat consumption, and dietary fiber consumption were determined from 
clinical and questionnaire data and compared across subject groups (Table 2.2). 
 
Table 2.2 Sporadic CRC subject's demographic 

 SP CTR SP ADE CRC S0 CRC S12 CRC S34 P* 

Subject number 112 67 73 110 75  

Age (mean (SD)) 
55.89 

(13.24) 63.15 (9.12) 64.82 (7.54) 63.81 (9.34) 59.08 
(10.92) <0.001 

Sex = male (%) 59 (52.7) 48 (71.6) 45 (61.6) 72 (65.5) 44 (58.7) 0.109 
BMI (mean (SD)) 22.43 (2.99) 23.09 (4.70) 23.33 (3.57) 22.82 (3.18) 23.13 (3.19) 0.451 
Brinkman Index 
(mean (SD)) 

204.88 
(379.10) 

502.70 
(428.94) 

452.27 
(513.02) 

415.75 
(516.19) 

376.27 
(469.59) <0.001 

Total dietary fiber 
intake 
(mean (SD)) 

14.20 
(13.75) 

12.66 
(15.51) 

13.35 
(12.13) 12.33 (7.82) 11.76 (5.64) 

0.652 
Meat intake (mean 
(SD)) 

88.12 
(102.00) 

80.21 
(57.93) 

76.24 
(58.98) 

65.93 
(46.42) 

77.05 
(112.35) 0.382 

*One-way analysis of variance (one-way ANOVA) test was used for numerical variables and chi-
square test was used for categorical variables 
 
2.2 Subject’s details and fecal sample collections 
Study participants were part of a joint project with National Cancer Research Center Japan (NCC), 
Tokyo Institute of Technology (TITech), and Keio University. Fecal samples, clinical information 
and questionnaire data were obtained under informed consent of study participants and approved 
by each institute institutional review boards (NCC 2013-244, TITech 2014018). 
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Subjects with a positive gene test result (germline pathogenic or likely pathogenic variant of any 
MMR genes or EPCAM gene) was treated as LS subjects. Subject with gastrectomy surgery 
history or other hereditary CRC, e.g., familial adenomatous polyps (FAP), were excluded from this 
study. 
 
Subjects were categorized by NCC experts based on colonoscopy results and previous clinical 
records. Subjects with colorectal carcinoma was assigned TNM classifications based on The Union 
for International Cancer Control (UICC) The TNM Classification of Malignant Tumours 8th 
edition. To simplify CRC classification and account for low sample number, equivalent AJCC 
stages were assigned and aggregated into three groups, 1) intramucosal CRC (Stage 0), 2) early 
CRC (Stage 1 and Stage 2), and 3) advanced CRC (Stage 3 and Stage 4). 
 
Subjects were asked to fill questionnaires about lifestyle data, including dietary habits, medical 
records and family information (475 questions, 25 pages). Questionnaire were designed based on 
previous large Japanese prospective cohort study96. Potential confounding factors, such as fiber 
and meat intake or smoking habit, was extracted from the full questionnaire data. Smoking habit 
was quantified into Brinkman Index, an indicator of tobacco intake calculated from years of 
smoking and average cigarette packs consumption per year (obtained from questionnaire or 
medical records). 
 
Subject’s information was summarized into a table via R tableone package and manually modified 
for ease of view. One-way analysis of variance and chi-square test was performed on continuous 
variable and discrete variable, respectively. 
 
Fecal samples were collected at first defecation after oral administration of bowel cleansing agents 
(one of MAGCOROL P, MOVIPREP or MUBEN). Sample collection was performed at the 
hospital on the day of colonoscopy. Fecal samples were placed directly on dry ice and stored at -
80°C until further experiments. 
 
2.3 Targeted metabolome quantification 
Targeted metabolome quantification was performed by a collaborator from Institute for Advanced 
Biosciences, Keio University, based on a previously described protocol97,98. Fecal metabolites 
were extracted from ten milligrams of fresh thawed freeze-dried fecal samples suspended in 400 
μL of 50% methanol in Milli-Q containing internal standards (20 μM each of methionine sulfone 
and D-camphor-10- sulfonic acid (CSA). The 3-mm zirconia beads (BioSpec Products, Bartlesville, 
OK, USA) and 100 mg of 0.1-mm zirconia/silica beads (BioSpec Products, Bartlesville, OK, USA) 
were added into the mixture then subjected to vigorous shaking using Micro Smash (TOMY, 
Nerima, Tokyo, Japan). The suspensions were centrifuged for 10 minutes at 1500 rpm, 10 times. 
The supernatant was transferred to a 5-kDa- cutoff filter column (Ultrafree MC-PLHCC 250/pk) 
for Metabolome Analysis (Human Metabolome Technologies, Tsuruoka, Yamagata, Japan). The 
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flow-through was dried under vacuum and the residue then was dissolved in 40 μL of Milli-Q 
water containing reference compounds (200 μM each of 3-aminopyrrolidine and trimesate). The 
levels of extracted metabolites were measured in both positive and negative modes by Capillary 
Electrophoresis Time-of-Flight Mass Spectrometry (CE-TOFMS). The CE-TOFMS experiments 
were carried out using an Agilent CE Capillary Electrophoresis System (Agilent Technologies, 
Santa Clara, CA, USA).  
 
The raw data were processed for metabolite quantification using automatic integration software 
MasterHands (ver. 2.16.0.15). The annotations tables were generated based on the measurement 
of standard compounds and aligned with the datasets according to the similar m/z values and 
normalized migration time. The peak areas were then normalized against those of the internal 
standards methionine sulfone and CSA for cationic and anionic metabolites, respectively. 
Concentrations of each metabolite were calculated based on their relative peak areas and the 
concentrations of the standard compounds. For the analysis, concentrations below the detection 
limit were substituted with zero, and metabolites for which levels were below the detection limit 
in all of the samples were excluded. The metabolite concentration (nmol) was normalized using 
the fecal weight to obtain the amount of metabolite in each gram of sample (nmol/g). The profiles 
of metabolites were then processed for statistical analysis in Tokyo Institutes of Technology (by 
the author). 
 
2.4 DNA extraction and whole genome shotgun sequencing 
DNA were extracted from frozen fecal sample by bead beating method via GNOME® DNA 
Isolation Kit (MP Biomedicals). Quality of extracted DNA are assessed by measuring DNA 
spectrometry via 4200 TapeStation (Agilent Technology). Samples with low DNA concentration 
or accuracy are not used in this study. After final precipitation, DNA samples were resuspended in 
TE buffer and stored at -80°C before downstream procedures. All procedures were performed in 
National Cancer Center Japan. 
 
Sequencing libraries were generated via Nextera XT DNA Sample Prep Kit (Illumina) from 
defrosted DNA sample. Library quality was confirmed via 4200 TapeStation (Agilent). Whole-
genome shotgun sequencing was performed on the HiSeq2500 platform (Illumina), with 150-bp 
pair-ended sequencing. Targeted sequencing depth of WGS procedure is 5.0 Gb. Whole-genome 
shotgun sequencing procedures was carried out by a sequencing company. 
 
2.5 Reads pre-processing 
Raw reads from whole-genome shotgun sequencing may contain contaminated reads, sequencing 
error, and other source of bias. Furthermore, host genomes were not removed prior to sequencing. 
Therefore, raw reads were pre-processed prior to downstream assembly and annotation. 
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The preprocessing pipeline and related codes was constructed by previous lab members and have 
been reported in prior publication6,99. Briefly, reads with ambiguous bases, short length (length < 
50 base pair), or low quality (average Phred Q < 25) was removed. Furthermore, adapters, primers, 
spike-in control (phiX DNA), and human genome was also removed. The full pre-processing 
pipeline is shown in Figure 2.2. 
 
In detail, reads with ambiguous bases, shown as N in the FASTQ file, were removed with in-house 
Python script. Then, reads were mapped to phiX reference genome using Bowtie2 (v2.2.9)100 with 
preset options’ “-fast-local”, keeping only unmapped reads. Next, adapter sequence and low-
quality 3’ terminal sequences were trimmed with cutadapt (v1.9.1)101, with the following 
parameters: -a CTGTCTCTTATACACATCTCCGAGCCCACGAGAC -O 33 -q 17 for the 
forward primer sequence; -a CTGTCTCTTATACACATCTGACGCTGCCGACGA -O 32 -q 17 
for the reverse primer sequence. Next, reads with length less than 50 base pair and reads with 
average quality value lower than 25 were discarded with in-house Python script. Human genomes 
(GRCh38, all chromosomes + mitochondria) were discarded in the same manner as phiX genome. 
Next, forward primer reads and reverse primer reads were matched by reads ID to remove unpaired 
reads with in-house Python script. Finally, pair-end FASTQ reads were concatenated and 
transformed into FASTA format with an in-house Python script. 
 

 
Figure 2.2 Data processing, taxon and functional gene profiling pipeline 

Raw reads were pre-processed to remove sequencing artifacts and human genomes with a previously published 
pipeline. Pre-processed reads were then annotated with taxon information and functional gene information. 
Furthermore, taxon and functional gene abundance were estimated based on reads count and gene coverage. 
 

2.6 Taxonomic profiling 
As mentioned in section 1.1.1, metagenome sequencing is commonly used to study the microbiota 
composition of specific environments. In order to estimate the microbiota composition, sequenced 
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reads were annotated with taxon information up to species level (Figure 2.2). Furthermore, taxon 
abundance was estimated from the annotated reads count. In this study, 16S ribosomal RNA 
(rRNA)-based taxon annotations were performed. Specifically, SILVA LTP reference database was 
chosen as it is one of the more comprehensive 16S reference database and it was used in the 
sporadic CRC publication102. 
 
2.6.1 16S rRNA extraction 
The ribosome, which is responsible for the protein synthesis in all living organisms, consisted of 
a large subset and a small subset. In prokaryotes, the large subset is called 23S and the small subset 
is called 16S, both of which have conserved and variable regions in its sequences. By aligning the 
sequenced 16S rRNA reads against a reference database of 16S rRNA variable regions, it is 
possible to estimate which prokaryote the reads belong to. Usually, a universal primer specific to 
variable regions of 16S rRNA were used to amplify the specific regions prior to sequencing. In 
this study, as whole genome shotgun is used, 16S rRNA were extracted by aligning high-quality 
reads against a full-length 16S rRNA reference database (VITCOMIC2103) with BLAST (version 
2.2.30)104 (cut-off: E-value < 1 × 10−8). Reads aligned with the database were utilized in 
downstream process as 16S rRNA reads. 
 
2.6.2 SILVA LTP annotation 
The extracted 16S rRNA reads were aligned to the 16S rRNA sequence database provided by The 
All-Species Living Tree (LTP) project of the SILVA database (version 123)102 using BLASTn (cut-
offs: E-value < 1 × 10−8, sequence identity > 97%, alignment coverage > 80%, bit score > 70)104. 
Alignment(s) with the highest sequence identity and bit score were used as aligned reads to 
estimate downstream abundance. In case of multiple alignments, the aligned reads were divided 
by the number of aligned taxa so that they could be “shared.” Species-level relative abundance 
was computed per sample and was defined as the number of reads assigned to the species divided 
by the total number of LTP-aligned reads in the sample. Relative abundances at the genus level 
and higher taxonomic ranks were calculated as the sum of the relative abundances of all member 
species. The generated profiles are referred to as “species profile” and “genus profile” hereafter. 
 
2.7 Functional profiling 
2.7.1 Genome assembly, gene prediction and abundance estimation 
Prior to gene annotation, high-quality reads were assembled into longer contigs and scaffolds with 
IDBA-UD105. Next, genes position in the scaffold were predicted with MetaGeneMark106. To 
remove potential false positives, genes were filtered by length (length > 50 amino acids) before 
downstream annotation (Figure 2.2, 2.3). 
 
In order to consider gene length differences, gene’s read coverage was used as gene abundance in 
downstream analyses. Read coverage was estimated by mapping high-quality reads to the 
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assembled scaffolds, then dividing the mapped read length by the gene length for each gene. Read 
mapping was done with Bowtie2 (v2.2.9)100. 
 
2.7.2 KEGG annotation 
Length-filtered gene sequences were aligned against a reference database of prokaryotic complete 
genomes recorded in the Kyoto Encyclopedia of Genes and Genomes (KEGG)107 (obtained on 
2023/03/31) using DIAMOND (version 2.1.2)108 (cut-offs: sequence identity >  40, bit score > 70, 
coverage > 80). Alignment results were merged with estimated gene abundance table to calculate 
annotated gene abundance. For cases where query gene aligned to a single reference gene, read 
coverage was used as is. If the query aligned to multiple reference genes, the read coverage was 
“shared” over all corresponding genes by dividing the read coverage with the number of aligned 
genes. Finally, gene-level relative abundances were calculated per sample by dividing the read 
coverage of the gene by the sum of all gene read coverages. Relative gene abundance was further 
aggregated to the KEGG Orthology (KO) level. The generated profile contained 8,198 KO and 
referred to as the “KO gene profiles”. 
 
2.7.3 Fusobacterium nucleatum virulence factor annotation 
Previous studies have reported associations between human gut microbiota and CRC, with 
Fusobacterium nucleatum (Fn) as one of the most well-studied CRC-associated gut microbes. In 
addition, previous studies have shown Fn was involved in CRC progression and treatment response, 
with several Fn genes identified as potential virulent factors. Higher Fn load is associated with 
MSI-H, dMMR and common molecular subtype (CMS) 1, all of which related to LS subjects. 
Therefore, I explored the metagenome for potential Fn virulent factors (Fn VF) to see if Fn VFs is 
enriched in LS subjects. 
 
Reference amino acid sequences of Fn VFs (fap2, fadA, fadA2, fadA3, FnDps, cbpF, and radD) 
were obtained from a previous study109. To expand the search space for these virulence genes, 
reference genomes were used as queries for eggnog-mapper (version 2.1.9)110 to obtain eggNOG 
(v5)111 IDs, each representing an orthologous gene cluster. Obtained eggNOG IDs were then used 
as references for Fn VFs annotation. Next, annotation results were merged with the gene 
abundance table to calculate eggNOG abundance. If query gene was annotated with multiple 
eggNOGs, the read coverage was split evenly for all corresponding eggNOGs, identical with 
previously described KEGG annotation. Each eggNOG read coverage was then divided by the 
total sum of the eggNOG read coverages to obtain the relative abundance of each eggNOG. Finally, 
Fn VF-matched eggNOG IDs were extracted and utilized as Fn VF abundance in downstream 
analysis. 
 
2.7.4 Colibactin biosynthesis cluster annotation 
Previous studies have reported potential host DNA damage caused by gut microbiota, one of which 
is by Eschericia coli derived colibactin34,112. Colibactin have been shown to cause double strand 
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DNA damage and exacerbate inflammation associated CRC tumorigenesis14,34. Furthermore, a 
recent study has shown association between colibactin and dMMR related mutation signature, 
suggesting colibactin exacerbate dMMR related DNA mutation112. As dMMR is one of the 
hallmarks of LS28,69, I explored the metagenome for colibactin biosynthesis cluster genes to see if 
colibactin production is higher in LS subjects. 
 
UniProt IDs for the colibactin biosynthesis cluster genes were obtained from a previous study113. 
Next, length-filtered genes were aligned against the UniProt TrEMBL database (release 
2022_05)114 using DIAMOND (version 2.1.2)108 (cut-offs: sequence identity >  40, bit score > 70, 
and coverage > 80). Alignment results were merged with gene abundance table to calculate UniProt 
gene abundance. Finally, reference-matched UniProt IDs were used for colibactin-producing gene 
abundance in the downstream analysis. 
 

 
Figure 2.3 Functional gene annotation details 

Genes predicted by Figure 2.2 was annotated with KEGG Orthology information for general metabolism related 
functions. As KEGG was not comprehensive for putative virulence factor or specific metabolism pathway, UniProt 
and eggNOG was utilized for colibactin biosynthesis genes and Fusobacterium nucleatum virulence factor, 
respectively. 
 
2.7.5 Secretion related protein annotation 
Whether or not a protein or metabolites is secreted or not plays a major role in host-microbe and 
microbe-microbe interaction115. Similarly, outer membrane proteins are hypothesized to be 
involved in host-microbe and microbe-microbe interaction. One characteristic of secretion-related 
and outer membrane proteins is a short N-terminal amino sequence called signal peptides116. 
Several tools have been developed to predict secretion related protein based on signal peptides 
presence, one of which is signalP, which utilized a language model for secretion related protein 
prediction117. 
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Length-filtered gene sequences were used as queries to signalP (v6.0)117. Predicted results were 
filtered for genes belonging to one of the five signal peptides category. Then, results were merged 
with KO abundance table to obtain KO-annotated secretion-related protein abundance profile. 
 
2.7.6 Carbohydrate active enzyme (CAZy) annotation 
One major role of the gut microbiota is to digest dietary fibers and produce short-chain fatty acids, 
which acts as energy source for colon epithelial cells118,119. Other than dietary fiber, gut microbiota 
was also known to degrade the intestinal mucus layer, which were composed by a variety of host 
glycans, such as mucin118,120. Recent studies showed the homeostasis of fiber degrading and mucin 
degrading gut microbiota may be associated with the host health121. 
 
To explore the fiber degrading and mucin degrading capacity of the gut microbiota in LS cohort, 
carbohydrate active enzymes (CAZy) annotation was done122. CAZy consisted enzymes which 
degrades or synthesis carbohydrates, which was categorized into 4 categories: 1) glycoside 
hydrolase (GH), 2) glycosyltransferase (GT), 3) polysaccharide lyase (PL), and 4) carbohydrate 
esterase (CE). Additionally, carbohydrate-binding module (CBM) was also included. 
 
Length-filtered genes were used as queries for run_dbcan (v3.0.6), a command-line tool to 
annotate genes with dbCAN2123. Within run_dbcan, three annotation methods were used and 
annotation results that were consistent in at least 2 methods was used as the CAZy annotation. The 
annotation methods were: 1) query alignment against reference database with DIAMOND; 2) 
hidden Markov model (HMM) profile-based search with HMMER; 3) k-mer based search with 
eCAMI. In case conflicting annotation results were obtained, HMMER and DIAMOND consensus 
takes precedence over eCAMI results. 
 
2.8 Downstream data analysis 
2.8.1 Microbiota composition and structure analysis 
The human gut microbiota composition has been associated with host health. There are several 
ways to analyze the human gut microbiota composition, one of the most common one is to quantify 
within-sample diversity (alpha diversity) and between-sample diversity (beta diversity)124. 
 
There are several methods used to quantify alpha diversity, one of which is the Shannon-Wiener 
index, which considers not only the number of organisms within a sample, but also considers the 
organism’s abundance distribution. The Shannon–Wiener index was calculated on the LTP 
annotated taxonomic profiles at the species level (“diversity” function, index = “shannon,” R 
vegan). The calculated index was compared between the LS and sporadic cohorts using the Mann–
Whitney U test and within the LS cohort using the pairwise Mann–Whitney U test. 
 
For beta diversity estimation, any dissimilarity measure can be used, with Bray-Curtis dissimilarity 
commonly used in microbiome studies to consider the compositional nature of relative abundance 
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data. Bray–Curtis dissimilarity were calculated from genus level taxonomic profiles (“vegdist” 
function, method = “bray,” R vegan). Principal coordinate analysis (PCoA) was performed on the 
calculated Bray–Curtis dissimilarity to visualize gut microbiota composition (“pcoa” function, R 
ape). 
 
Quantification of the variance within the gut microbiota composition was evaluated with 
permutational multivariate analysis of variance (PERMANOVA) (“adonis2” function, 
permutations = 10000, by = “margin,” R vegan). Demographics (e.g., age and sex) and medical 
information (e.g., endoscopy findings, mutated MMR genes, and colectomy records) were selected 
as covariates to explain the taxonomic profile variances at genus level. 
 
Subjects were clustered based on gut microbiota composition to identify potential LS-specific 
enterotypes125,126 by fitting all genus-level abundances into a Dirichlet Multinomial Mixture 
(DMM) model (“dmn” function, R DirichletMultinomial)127. The optimal number of community 
types was determined based on the lowest Laplace approximation score. 
 
2.8.2 Differential abundance analysis 
Microbial features (species and KOs) with low read alignment or coverage and low prevalence 
were discarded (read alignment cutoffs for species and read coverage cutoffs for KO were 10.0, 
respectively; the prevalence cutoff was 5%). Similarly, fecal metabolites with low concentrations 
and prevalence were discarded (concentration cutoff: 10 nmol/g; prevalence cutoff: 20%). A higher 
prevalence threshold for fecal metabolites was used to remove batch-specific metabolites. 
 
Pairwise Mann–Whitney U test (“wilcox_test” function, R rstatix) was performed within the LS 
cohort or sporadic cohort to identify taxonomic, metagenomic and metabolite features with 
differential abundances. The Mann–Whitney U test was also performed between the LS and non-
LS controls. P value of 0.05 was considered at be statistically significant. 
 
The generalized fold-change, a pseudo-fold-change calculated as the geometric mean of the 
differences between quantiles across both groups, was calculated for each comparison (adapted 
from R-SIAMCAT128) to quantify difference of abundance. Effect size estimation and magnitude 
interpretation was done for each comparison (“wilcox_effsize” function, R rstatix). Benjamini–
Hochberg correction, a false discovery rate estimation method, was performed on the P values to 
obtain the FDR corrected q value (“p.adjust” function, method = “BH,” R stats). 
 
2.8.3 Trend test 
Previous studies have reported several dysbiosis patterns across sporadic CRC’s adenoma-
carcinoma model42. For example, Atopobium parvulum was enriched in colorectal adenoma and 
intramucosal carcinoma subjects, but no longer enriched in CRC patients. In contrast, 
Fusobacterium nucleatum was consistently enriched along adenoma-carcinoma model, with 
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depleted abundance in post-surgery patients. Other CRC-associated microbiota, such as 
Parvimonas micra and Peptostreptococcus stomatis were enriched only in late-stage CRC patients. 
Different dysbiosis patterns might be associated to the causal roles of CRC-associated microbiota, 
with those enriched in early stage of CRC progression being more likely to affect CRC progression. 
Here, Jonckheere-Terpstra trend test was utilized to detect microbiota with specific enrichment 
trends across adenoma-carcinoma model. 
 
As Jonckheere-Terpstra test only detects increasing or decreasing trend across specific groups, 
two-group comparison (Mann-Whitney U test) across the groups was performed to specify when 
the potential dysbiosis occurs. For the LS cohort, dysbiosis trend between LS control to LS CRC 
and an additional two-group comparison between LS CRC vs LS surgery was explored. For the 
sporadic CRC cohort, dysbiosis trend between healthy controls to late-stage CRC (CRC Stage III 
and Stage IV) was explored. 
 
2.8.4 Association test 
Several other host factors such as age, sex, and BMI have been associated with the human gut 
microbiota5,129. As the cohort utilized in this study was recruited in a natural manner, such host 
factors might be detected as LS-microbiota association. Thus, it is essential to detect other 
associations to extract robust LS-microbiota association. Here, a generalized linear model 
implemented in MaAsLin2130 R package were utilized to consider the effect of other host factors 
in LS-microbiota association. 
 
2.8.5 Classifier training, hyper-parameter tuning and evaluation 
Statistical test detection power was limited by low sample numbers. To validate the findings 
identified by the statistical tests, machine learning-based marker screening was performed as a 
stricter standard6–8,15,131. As previous studies have shown that gut microbiota profiles vary 
according to CRC progression stage, five classification tasks were used: differentiation between 
non-LS controls and 1) sporadic adenoma, 2) stage 0 CRC, 3) stages I/II CRC, 4) stages III/IV 
CRC, and 5) stages I–IV CRC. Only non-LS subject-species profiles were used to train the 
classifiers as the LS cohort was too small for classifier training. Feature contribution to model 
performance was estimated, with top contributing features picked as putative CRC-associated 
microbes. 
 
Abundance filtering was performed prior to training by selecting species with a mean abundance 
higher than a specific threshold for classifier training. Three commonly used classifier 
architectures (logistic regression, Random Forest and gradient boosted decision tree) were used, 
with the best model for each task chosen as the final model. Bayesian optimization was performed 
in a nested cross-validation (CV) framework for hyperparameter tuning. Five inner loops 
(“BayesSearchCV” function, n_iter = 30, Python scikit-optimize) and five outer loops 
(“cross_validate” function, scoring= “roc_auc,” Python scikit-learn) were used for the nested CV. 
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Data split was done in a stratified fashion for both inner and outer fold to ensure similar case and 
control balance (“StratifiedKFold” function, n_splits = 5, shuffle = True, random_state = 0, Python 
scikit-learn). Details of the filtering thresholds, classifier architecture, and hyperparameter search 
ranges are listed in Appendix 1. 
 
Classifier performance was evaluated by area under the receiver-operating characteristic curve 
(AU-ROC) (“roc_curve” function, Python scikit-learn). Classifier performance during training 
was evaluated using the mean AU-ROC of the five-fold CV. The classifier performance for the 
three LS subject classification tasks (LS control vs. LS-adenoma, LS control vs. LS-CRC, and LS 
control vs. LS-colectomy) was evaluated with no CV. 
 
CRC probability of each subject was estimated using scikit-learn “predict_proba” function. For 
non-LS subjects, CRC probability estimation was performed in a leave-one-out manner 
(“LeaveOneOut” function, Python scikit-learn), with classifier parameters set to be identical with 
the final classifier. For the patients with LS, CRC probability estimation was parallelly performed 
with classifier performance evaluation. Because the CRC probability may be affected by the 
classifier performance and class ratio, the estimated probability values was normalized with a min–
max normalization. Probability normalization was performed within each classification task. 
 

 
Figure 2.4 CRC classifier training pipeline 

Classifier training was performed in a nested CV framework for hyper-parameter tuning, with 5x CV done both in 
inner and outer loop. Final classifier was then utilized in downstream importance analysis and LS CRC classification 
task. Cross-validation was performed by splitting input data into training and test data, in order to evaluate classifier 
performance during training. 
 
2.8.6 Local feature importance analysis 
Previous studies have shown gut microbiota profile can be utilized to differentiate CRC patients 
from non-tumor control15,131,132. Furthermore, feature selection and contribution analysis have 
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been utilized to screen for screen for potential CRC microbial markers. In this study, species 
importance was obtained using “feature_importance” function (parameter importance = “gain”) 
from Python LightGBM. Species contributions obtained in this manner were estimated for the 
entire model (global importance) rather than for specific subject prediction (local importance). 
 
A previous study proposed that while global importance is sufficient to obtain a general overview 
of microbe-CRC associations, local importance estimation is essential to elucidate microbe–CRC 
associations for a specific subset of subjects133. Here, “TreeExplainer” function of Python SHAP134 
was used to estimate Shapley Additive Explanations (SHAP) values. The estimated SHAP values 
served as indicators of the local importance of each species in CRC prediction in individual 
subjects. 
 
Principal coordinate analysis (PCoA) was performed on the estimated SHAP values for data 
exploration (“prcomp” function, R stats). To identify potential LS CRC-specific clusters, k-means 
clustering was performed on the first two principal components (PC1 and PC2) of correctly 
predicted LS and non-LS CRC subject’s SHAP value (“kmeans” function, R ‘stats’). The optimal 
number of clusters were decided by an elbow plot of the total within cluster square sums 
(“fviz_nbclust” function, FUNcluster = ‘kmeans,’ method = ‘wss,’ R factoextra). 
 
To obtain a visual representation of the local feature importance for LS CRC classification and the 
feature importance trends within a specific cluster, the correctly predicted SHAP values of the LS 
CRC subjects SHAP values was summarized into a waterfall plot. 
 

 
Figure 2.5 SHAP analysis pipeline 

SHAP explainer was built for the final model obtained from Figure 2.4 training, which was then used to estimate 
SHAP values of test data (LS subject’s species-level profile). In order to visualize and identify distinct subject’s cluster, 
PCA was done on estimated SHAP values, followed with k-means clustering on the principal components. 
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2.8.7 Over-representation analysis 
Overrepresentation analysis was performed to identify metabolic modules with an 
overrepresentation of KOs and metabolites that were differentially abundant between the case and 
control groups. The feature set used for ORA was created by aggregating both KOs and KEGG 
Compounds into KEGG MODULE level metabolic modules (KEGG database obtained on 
2023/03/31). Furthermore, to encompass metabolic modules not available in KEGG, another 
custom gene set was created by aggregating both KOs and KEGG Compounds into 
EnteroPathway135 MODULE level metabolic modules (EnteroPathway database obtained on 
2023/10/05) (Appendix 2). ORA was performed as implemented by the “enrichr” function of R 
clusterProfiler. Multiple testing corrections were performed using the Benjamini–Hochberg 
method, and modules with FDR P < 0.1 were considered as overrepresented modules. 



Chapter 3  
Results and Discussion 
3.1 Subject overview 
Based on statistical test on subject’s demographic (Figure 3.1), LS controls were significantly 
younger than LS adenoma and LS surgery. Although not significant, LS controls were younger 
compared to LS CRC, as expected based on the early onset of tumors in LS subjects. LS-CRC had 
a higher male-to-female ratio, smoker-to-non-smoker ratio, and Brinkman index than LS control, 
with only Brinkman Index showing statistical significance (P > 0.05) (Figure 3.1). No significant 
differences were observed between patients with LS in mutated MMR genes and dietary fiber or 
meat intake. Similar to the LS cohort, the controls in the sporadic cohort were significantly younger 
than those with CRC progression. In addition, the Brinkman Index was significantly higher in 
patients with CRC progression (Figure 3.1). Overall, clinical data showed putative association 
between smoking habit and CRC in both LS and sporadic cohort. 
 



 28 

 
Figure 3.1 Covariate analysis results 

Heatmap of subject’s demographic comparison results. Upper heatmap was those of numerical variables, which were 
compared with non-parametric Wilcoxon-Mann-Whitney U test. Lower heatmap was categorical variables, compared 
with Chi-square test. Color indicate in which group was the covariate higher in, control vs case was shown in the x-
axis. 
 
3.2 Lynch Syndrome subjects have distinct gut microbiota composition 
3.2.1 LS subjects gut microbiota has lower alpha diversity than non-LS subjects 
Species alpha diversity, estimated using the Shannon–Wiener index, was significantly lower in the 
LS cohort compared to the sporadic CRC cohort (Mann–Whitney U P = 0.00014, Figure 3.2A). 
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Lower alpha diversity in LS subjects compared to sporadic CRC and non-LS controls was in line 
with previous studies, suggesting distinct LS gut microbiota92–94. 
 
Pairwise comparisons within the LS cohort did not detect any significant association between alpha 
diversity and patient group, MMR mutations, or age (Figure 3.2B). Although not significant, 
MSH2+EPCAM had low alpha diversity even within the LS cohort (Figure 3.2B, middle). This 
observation indicates LS distinct gut microbiota might be formed prior to adenoma or carcinoma 
formation, although a larger cohort is essential to validate this finding. 
 

 
Figure 3.2 Gut microbiota alpha diversity comparison results 

Boxplots of Shannon-Wiener index. A) Sporadic vs LS comparison showed LS alpha-diversity significantly lower 
than sporadic cohort. B) No significant difference of alpha diversity was detected when LS subjects were compared 
between colonoscopy findings (left), MMR mutation (middle), and age (right). 
 
3.2.2 CRC and colectomy status has stronger association with gut microbiota composition than 
LS status 
Principal coordinate analysis (PCoA) was performed on Bray–Curtis dissimilarities of the patient’s 
genus-level profile to visualize the gut microbiota composition. In the PCoA plot, no clear 
separation was observed between the patients with LS and those with sporadic CRC (Figure 3.3A). 
Focusing on the gut microbiota profile of the groups, the PCoA plot showed no clear separation 
between the LS control, LS-adenoma, LS-CRC, and LS-surgery groups (Figure 3.3B). 
 
Permutational analysis of variance (PERMANOVA) was performed to verify whether LS affected 
the gut microbiota composition. Colonoscopy finding (four LS groups and five sporadic CRC 
groups) was found to be the best explanatory variable (R2 = 1.885%, P = 0.161). Of interest, LS 
diagnosis was the second-best explanatory variable and showed statistical significance (R2 = 
0.328%, P = 0.110) (Figure 3.3C, left). This is in line with alpha-diversity results, indicating 
potential distinct LS gut microbiota composition. However, statistical significance was not 
observed for PERMANOVA with only non-LS controls and LS controls, suggesting subject’s CRC 
progression as confounding factor94,136. Thus, a larger LS cohort with non-tumor controls is 
essential for a more robust analysis. 
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PERMANOVA within the LS cohort showed that the best explanatory variables were MMR gene 
mutations (R2 = 5.403%, P = 0.514), followed by sex, age, colonoscopy diagnosis, and colectomy 
record (Figure 3.3C, middle). 
 
Based on PERMANOVA results, previous reports of LS cohort distinct gut microbiota might be 
confounded by subject’s clinical history, such as past adenoma formation or surgery. A previous 
study has reported LS status were not explanatory of gut microbiota composition when adenoma 
or carcinoma was accounted for94. PERMANOVA within the LS cohort showed that MMR 
mutations, which is associated with CRC risk in LS subjects70, were the most explanatory variables 
for gut microbiota variance. In order to deconfound MMR mutation effect on CRC-gut microbiota 
association study, a larger cohort or a specific mutation cohort is essential. Finally, although 
colectomy history was less explanatory compared to other variables (Figure 3.3C, middle), 
colectomy parts were the most explanatory variables for those with colectomy records, in line with 
a previous study95. 

 
Figure 3.3 PCoA and PERMANOVA results 
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A) Scatterplot of all subject’s principal coordinates, annotated by LS status. B) Scatterplot of LS subject’s principal 
coordinates, annotated by colonoscopy findings. C) Barplot of PERMANOVA results done on the full cohort (LS + 
non-LS, left), LS (middle), and non-LS (right); x-axis represents gut microbiota composition variance explained by 
covariates. Asterisk represents statistical significance (P < 0.05). 
 
3.2.3 LS subjects tend to have Faecalibacterium-poor gut microbiota 
To check whether LS-associated enterotypes existed, the gut microbiota profile of each patient was 
fitted into a Dirichlet Multinomial Mixture (DMM) model127. From the best-fit model, four 
enterotypes were determined, consisting of three Bacteroides-dominant enterotypes (Enterotypes 
1, 2, and 3) and one Prevotella-dominant enterotype (Enterotype 4) (Figure 3.4A-C). Notably, 
Enterotypes 1 and 4 were characterized by a higher proportion of Faecalibacterium than the other 
two enterotypes (Figure 3.4C). Comparison of enterotype ratios between the LS and sporadic 
cohorts showed that the LS cohort had a significantly higher ratio of Enterotype 2 (Fisher’s exact 
test P = 8.50 × 10-4) and a significantly lower ratio of Enterotypes 1 (P = 0.0102) and 4 (P = 
0.0139) compared to the sporadic cohort (Figure 3.4D). However, Faecalibacterium abundance 
in the LS and sporadic cohorts was not significantly different. 
 
Based on enterotype analysis, patients with LS tended to cluster into enterotypes with high 
Bacteroides abundance and low Faecalibacterium abundance (Enterotypes 2 and 3). In 
comparison, non-LS patients tended to have a higher prevalence of enterotypes with a high 
Faecalibacterium abundance (Enterotypes 1 and 4). Enterotypes 2 and 3 proportions were similar 
across the LS control, LS-adenoma, LS-CRC, and LS-surgery, indicating a minimal association 
between adenoma and carcinoma formation or colectomy to enterotype. Low alpha diversity and 
enterotypes with high Bacteroides and low Faecalibacterium counts have been associated with 
IBD11,137. Thus, low alpha diversity observed in section 3.2.1 and low Faecalibacterium 
enterotypes of LS subjects with LS indicated intestinal inflammation. Furthermore, activated 
immune profiles have been reported in patients with LS across all stages of CRC progressions, 
including prior to adenoma formation (LS control)79,81,138,139. 
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Figure 3.4 Enterotype analysis results 

A) Elbow plot of goodness-of-fit (estimated by Laplace approximation) of the input data to DMM model for varying 
mixture (enterotypes) number. B) Subject’s proportion of defined enterotype within each subject’s group. C) Dominant 
genus of each enterotypes. D) Comparison between enterotype proportion in non-LS and LS. Comparison was done 
with Chi-square test. 
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3.3.1 CRC-associated microbiota, except for Fusobacterium, had non-significant change in LS 
CRC 
To identify the gut microbial species that were differentially abundant between dysbiosis occurring 
in patients with and without LS after adenoma and CRC formation in more detail, I performed a 
differential abundance analysis within non-LS and LS cohorts. 
 
A pairwise comparison of species abundances between the LS controls and other groups detected 
103 species with differential abundances (Mann–Whitney U, P < 0.05) in at least one comparison 
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(Figure 3.5, Appendix 3). Focusing on the differentially abundant species between the LS control 
and LS-CRC groups, 19 were enriched, and 29 were depleted in the LS-CRC group. Of the 19 
species enriched in LS-CRC, 12 belonged to the Fusobacterium genus, such as F. nucleatum subsp. 
nucleatum and F. nucleatum subsp. animalis. Other CRC-related species, such as 
Peptostreptococcus stomatis, P. anaerobius, Parvimonas micra, and Gemella morbillorum, were 
not significantly enriched in LS-CRC. 
 
Results indicated a distinct association between Fusobacterium species and LS-CRC, which might 
be explained by the early stages (Stages I and II) of LS CRC, as other sporadic CRC-related species 
were more associated with advanced stages (Stages III and IV)6,42. In line with a previous study, F. 
nucleatum enrichment was not observed in patients with LS and adenoma was not found95. 
 

 
Figure 3.5 Top 20 statistically significant CRC-associated microbiota 

Twenty features with the lowest p-value (Wilcoxon-Mann-Whitney U test) in non-LS control vs CRC S34 was picked 
for visualization. Features were arranged by p-value in ascending order (lowest to highest). Asterisks indicate 
statistical significance (* P < 0.05, *** FDR P < 0.1). Color indicates feature abundance differences, estimated by 
generalized fold-change; red indicate features enriched in case group and blue indicate features enriched in control 
group. Control vs case was shown in x-axis. 
 
3.3.2 Fusobacterium enrichment occurs only in LS CRC patients, not in LS adenoma and LS 
surgery 
Previous study has shown the association of gut microbiota and CRC progression, with dysbiosis 
occurring earlier or later in the adenoma-carcinoma model42. For example, Atopobium parvulum 
was enriched in colorectal adenoma patients, but not in CRC patients. In contrast, F. nucleatum 
was consistently enriched along CRC progression and P. stomatis was especially enriched in late-
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stage CRC. Furthermore, a previous study reported no Fusobacterium enrichment in LS subjects 
with colorectal adenoma. Thus, trend test on species profile was performed to identify potential 
LS-specific dysbiosis pattern. 
 
Jonckheere-Terpstra test results showed Fusobacterium species abundance has significant 
increasing trend across adenoma-carcinoma model (Figure 3.6). Pairwise Mann-Whitney test 
further showed that significant enrichment was only seen in LS adenoma vs LS CRC comparison, 
but not in LS control vs LS adenoma comparison. Next, LS CRC vs LS surgery comparison 
showed significant depletion of Fusobacterium abundance in LS surgery. Furthermore, 
Jonckheere-Terpstra test did not detect significant increasing trend in other CRC-associated 
microbiota, suggesting specific enrichment of Fusobacterium species in LS CRC. Thus, trend test 
results further support previous observation of enriched Fusobacterium species and that the 
enrichment was specifically significant only in LS CRC subjects. 
 
Notably, Fusobacterium enrichment pattern in LS CRC was distinct compared to sporadic CRC 
dysbiosis pattern (Figure 3.7). Specifically, the most Fusobacterium spp. prominent enrichment 
in LS CRC was between LS adenoma and LS CRC. In comparison, the most prominent 
Fusobacterium spp. enrichment in sporadic CRC was between non-LS control and sporadic 
adenoma patients. 
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Figure 3.6 Top 30 features with significant dysbiosis trend in LS cohort 

Heatmap indicate overall dysbiosis pattern trends (from LS control to LS CRC) and dysbiosis pattern between CRC 
progression stage, splitted into increasing (upper-half) and decreasing pattern (bottom-half). Features arranged based 
on the p-values of overall trend in ascending order. Positive/negative sign indicate statistical significance (P < 0.05). 
Color indicates feature abundance differences, estimated by generalized fold-change; red indicate features enriched in 
case group and blue indicate features enriched in control group. Control vs case was shown in x-axis. 
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Figure 3.7 Top 30 features with significant dysbiosis trend in sporadic CRC cohort 

Heatmap indicate overall dysbiosis pattern trends (from non-LS control to CRC S34) and dysbiosis pattern between 
CRC progression stage. Features arranged based on the p-values of overall trend in ascending order (top 30 features 
all showed increasing trend). Positive sign indicates statistical significance (P < 0.05). Color indicates feature 
abundance differences, estimated by generalized fold-change; red indicate features enriched in case group and blue 
indicate features enriched in control group. Control vs case was shown in x-axis. 
 
3.3.3 Confounding factors has minimal effect on CRC patients Fusobacterium enrichment 
Previous studies have reported on several potential factors confounding microbiota-disease 
association, such as age and sex5,129. As the LS controls subjects were significantly younger than 
the rest of the LS cohort, I explored whether other variables was associated with Fusobacterium 
enrichment by utilizing a multi-variate linear model-based association test (MaAsLin2)130. 
 
MaAsLin2 results for LTP profile showed Fusobacterium enrichment was associated only with 
carcinoma progression (q < 0.25), as no significant association with age, sex, colectomy status, 
BMI and smoking status was detected (Figure 3.8). Of interest, subjects with PMS2 variants 
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showed negative association with Fusobacterium species abundance, with PMS2 variants reported 
to have lower CRC risk compared to LS subjects with MLH1 or MSH2 mutations140,141. 
 

 
Figure 3.8 MaAsLin2 results of CRC-associated microbiota enriched in LS CRC 

Association test results filtered for CRC-associated microbiota, as shown in Figure 3.5. Asterisks indicate statistical 
significance (* P < 0.05, *** FDR P < 0.25; the default threshold for MaAsLin2). Color indicates feature abundance 
differences, estimated by linear model coefficient; red indicate features enriched in case group and blue indicate 
features enriched in control group. Control group for each tested covariate was LS control (colonoscopy finding), 
MLH1 (MMR mutation), none (colectomy part), normal (obesity), non-smoker (smoking status). 
 
3.4 Machine learning-based feature selection validated Fusobacterium species enrichment as 
an LS-CRC marker 
3.4.1 Gut microbiota profile-based CRC classifier capable of differentiating CRC patients and 
non-tumor controls 
Differential abundance analysis on taxon profiles suggests Fusobacterium spp. enrichment is a 
shared CRC-related dysbiosis across LS and sporadic CRC. However, the test has limited detection 
power due to the LS cohort’s small sample size. In addition, the results are not necessarily 
reproducible in other taxonomic annotation pipelines. Finally, no previous studies using whole-
genome shotgun sequences of LS-CRC is available for external validation at the time of writing. 
 
Nevertheless, accumulated knowledge has been obtained from a considerable amount of microbial 
data on sporadic CRC6–8. One commonly used method is to build a machine learning-based 
classifier to screen for microbial markers. Here, classifiers were trained to differentiate CRC 
patients and non-tumor control based on their gut microbiota taxon profiles to screen for CRC-
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associated gut microbiota. LS cohort data was used as test data to explore potential resemblance 
between microbial markers across sporadic and LS CRC. 
 
Models were trained as described in section 2.8.5. Based on model performance, gradient-boosted 
decision tree (GBDT) classifier showed the best performance to differentiate between non-LS 
controls and patients with sporadic CRC based on their species profiles. The trained classifier 
performed comparable to previous CRC studies6–8, as evaluated by its mean area under the receiver 
operating curve (AU-ROC) across five-fold cross-validation (mean AU-ROC = 0.805; Figure 
3.9A). Feature importance analysis showed that the top contributors were mostly CRC-related 
species, such as F. nucleatum subsp. nucleatum, Gemella morbillorum, P. stomatis, and P. micra 
(Figure 3.9D). 
 
3.4.2 CRC classifier trained on non-LS subjects can differentiate LS CRC patients and LS 
controls 
The constructed sporadic CRC classifier was tested for its ability to discriminate LS CRC from LS 
controls using the species profiles of patients with LS as the input. The model distinguished LS-
adenoma, LS-CRC, and LS-surgery from LS control with AU-ROC of 0.575, 0.869, and 0.684, 
respectively (Figure 3.9B). The normalized CRC probability predicted by the classifier was higher 
for LS-CRC and lower for LS controls, whereas LS-adenoma and LS-surgery showed a more 
uniform distribution (Figure 3.9C). These results indicate some overlap between sporadic CRC 
and LS CRC microbial markers, which were specific to CRC subjects. 
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Figure 3.9 Gut microbiota-based CRC classifier 

A) Classifier performance during training estimated by AU-ROC, thin lines represent performance within each CV 
fold, thick line represents mean AU-ROC. B) Classifier performance for each LS classification tasks; which is to 
differentiate LS control and a case group (one of LS adenoma, LS CRC, or LS surgery). C) subject’s CRC probabilities 
predicted by classifier, normalized for each task. D) Feature contribution to classifier performance, estimated by 
performance gained by utilizing said features. 
 
3.4.3 F. nucleatum subsp. nucleatum identified as top microbial marker for LS CRC 
The classifier performance and feature importance analysis results indicated that CRC-related 
species abundance was the main predictor for differentiating between LS-CRC and LS controls. 
However, it was not sufficient to screen for LS CRC markers because feature importance was 
estimated for the entire classifier (global importance), which was trained on sporadic species 
profiles133. 
 
A previous study proposed a framework utilizing the Shapley Additive Explanations (SHAP) value 
to estimate feature importance for specific subjects (local importance) and showed distinct clusters 
within patients with sporadic CRC based on the estimated local importance133. Here, I used the 
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SHAP value-based local feature importance analysis framework to validate whether 
Fusobacterium spp. were the main predictors of LS-CRC. 
 
The PCA of the estimated SHAP values showed a distinct separation between control subjects and 
patients with CRC (Figure 3.10A). Next, the SHAP value principal components of correctly 
predicted patients with CRC were clustered via k-means clustering (optimal k = 4, determined by 
an elbow plot). Of the four clusters, only Clusters 2 and 4 contained subjects with LS-CRC (Figure 
3.10B). In contrast, patients with sporadic CRC spread over the four clusters. 
 
From each cluster’s LS-CRC patient SHAP value, I found that the top-ranking species in Cluster 
2 were CRC-related microbiota, such as G. morbillorum, F. nucleatum subsp. nucleatum, P. micra, 
and P. stomatis (Figure 3.10C). The top-ranking species in Cluster 4 were similar to those in 
Cluster 2, with a highly abundant F. nucleatum subsp. nucleatum as the top contributor (Figure 
3.10D). Overall, the local feature importance analysis suggests that the sporadic CRC classifier 
distinguished LS-CRC from LS control, mainly based on Fusobacterium spp. presence, especially 
F. nucleatum subsp. nucleatum. Therefore, ML-based microbial marker screening results supports 
previous observations in differential abundance analysis and trend test of Fusobacterium species 
associations with LS CRC. 
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Figure 3.10 SHAP-based local feature importance analysis results 

A) Scatterplot of LS and non-LS controls and CRC subject’s SHAP value principal components, annotated by LS and 
CRC status. B) Scatterplot of LS and non-LS CRC subjects correctly predicted by classifier, annotated by clusters 
defined with k-means clustering; subject’s proportion for each cluster shown in stacked bar plot in right panel. C) 
Waterfall plot of cluster 2 LS CRC subject’s local importance, x-axis represents feature’s SHAP value (positive means 
CRC-associated), color represents feature abundance in subject. D) Waterfall plot of cluster 4 LS CRC subject’s local 
importance. 
 
3.5 Distinct enrichment pattern of bacterial virulence factors in LS-CRC subjects 
3.5.1 Enriched fap2 in LS-CRC subjects 
F. nucleatum genes have been reported as virulence factors (Fn VF) associated with CRC 
progression, such as fadA, fap2, cbpF, radD, and FnDps31,48,142–146. Here, I explored the LS 
metagenome data to identify the potential enrichment of these virulence factors. 
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Four out of seven Fn VFs were detected in our LS cohort, which were fap2 (average prevalence 
5.0%), radD (average prevalence 35.7%), fadA (average prevalence 7.1%), and cbpF (average 
prevalence 10.4%), while fadA2, fadA3, and FnDps were not detected in our LS cohort (Figure 
3.11A). Of these four detected genes, fap2 (Mann–Whitney U, P = 0.008) was significantly 
enriched in LS-CRC compared to LS controls, whereas the other three genes were not significantly 
different (P > 0.05) in both LS controls and LS-CRC subjects (Figure 3.11A). In comparison, all 
seven CRC-associated genes were detected in the sporadic CRC cohort, with five genes 
significantly enriched in CRC subjects, especially those with late-stage CRC subjects (Figure 
3.11B). 
 
Gene prevalence was similar between the LS and sporadic cohorts (Figure 3.11C), indicating a 
low number of patients with LS as a potential reason for the absence of fadA2, fadA3, and FnDps 
in the LS cohort. Despite the low sample numbers, fap2 was highly prevalent in LS CRC and was 
enriched compared to LS controls. As fap2 has been reported to play a role in host–microbe 
adhesion (GalNAc)142 and immune system modulation (TIGIT)143, a high abundance of fap2 may 
be beneficial for F. nucleatum survival and growth in the CRC tumor microenvironment. 
 
Enriched Fusobacterium and fap2 in LS-CRC is in conflict with reports of LS-CRC better 
prognosis compared to sporadic CRC and worse prognosis for high Fusobacterium CRC 
patients69,78,88,147. Notably, our LS cohort had a low detection rate for fadA and its homologs, which 
have been shown to cause DNA damage and CRC cell growth31,148. Knockout of fadA minimizes 
F. nucleatum effect on CRC progression148. Low level of fadA and other Fn VF may be associated 
with better disease prognosis in patients with LS-CRC. Furthermore, a previous study has 
suggested Fusobacterium and host immunity showed different interaction depending on MSI status, 
which is one of the hallmarks of LS149,150. Thus, a mouse model or human cell line co-culture 
experiment is needed to elucidate Fusobacterium roles in CRC progression and prognosis. 
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Figure 3.11 Fusobacterium nucleatum virulence factor (Fn VF) abundance and prevalence 

A) Boxplot of Fn VFs detected in LS cohort, only comparison (Wilcoxon-Mann-Whitney U test) with statistical 
significance showed. B) Boxplot of Fn VFs detected in sporadic CRC cohort, comparison with statistical significance 
showed. C) Fn VFs prevalence in LS and sporadic CRC cohort, red indicates Fn VF detection, gray indicates Fn VF 
absence.  
 
3.5.2 Escherichia coli and colibactin biosynthesis gene cluster showed no significant change in 
patients with LS 
Other than Fusobacterium nucleatum and its adhesins, other microbial genes have also been 
reported to have a causal relationship with CRC tumorigenesis. Recently, a study reported that 
colibactin, a genotoxin produced by pks+ Escherichia coli, exacerbates dMMR-related 
mutations112. As dMMR is a hallmark of LS, I explored our metagenomic data to identify potential 
colibactin biosynthesis-related gene enrichment in patients with LS. 
 
Pairwise comparisons of E. coli abundance and colibactin biosynthesis-related genes between LS 
controls and other groups showed no significant changes (Table 3.1). A similar analysis of sporadic 
CRC cohorts also showed no significant changes, except for clbC and clbD, which showed 
significant difference in CRC Stage 0 patients and sporadic adenoma patients respectively (Table 
3.2). 
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Table 3.1 Pairwise colibactin biosynthesis cluster genes (within LS cohort) 

 
 
Table 3.2 Pairwise colibactin biosynthesis cluster genes (within non-LS cohort) 

 
 
3.6 Distinct fecal metabolites and functional gene profile in LS CRC subjects 
3.6.1 Higher amino acid degradation and polyamine-related bacterial genes and metabolites in 
LS-CRC subjects 
In addition to direct cell adhesion, gut microbiota-derived metabolites and other metabolic 
activities may affect the host. To explore the functions of gut microbial genes, I quantified the 
relative abundance of KEGG Orthologies (KOs). To investigate differences or similarities in other 
gut microbiota metabolic activities, pairwise comparisons were performed on fecal metabolite 
concentrations and KO-level functional gene profiles. 
 
A pairwise comparison of the fecal metabolite concentrations between the LS controls and other 
groups showed 65 metabolites with differential concentrations in at least one comparison 
(Appendix 4). Focusing on LS controls and LS-CRC results, three metabolites 
(glycerophosphorylcholine, glycerol, and betaine aldehyde) had significantly higher 
concentrations in LS-CRC. In contrast, 25 metabolites, such as gamma-aminobutyric acid (GABA), 
malonate, and 2-hydroxyglutarate, had significantly lower concentrations (Figure 3.12). A 
pairwise comparison of KOs between the LS controls and other groups detected 747 KOs with 
differential abundance in at least one comparison (Appendix 5). Focusing on LS control and LS-
CRC comparisons, 271 KOs were significantly more abundant and 63 KOs had a significantly 
lower abundance in LS-CRC (P < 0.05) (Figure 3.13). 
 

clbA clbB clbC clbD clbF clbG clbH clbI clbJ clbK clbL clbM clbN clbO clbP clbQ clbS
LS CTR vs LS ADE 0.916 0.459 0.860 0.916 0.684 0.727 0.459 0.727 0.459 0.727 0.429 0.727 0.429 0.727 0.916 0.727 0.403
LS CTR vs LS CRC 0.477 0.477 0.477 0.477 0.477 0.477 0.477 0.477 0.477 0.798 0.477 0.477 0.477 0.477 0.477 0.477 -
LS CTR vs LS SUR 0.330 0.969 0.969 0.330 1.000 0.330 0.969 0.330 0.330 0.330 0.330 0.330 0.330 0.969 0.969 0.330 -

clbA clbB clbC clbD clbE clbF clbG clbH clbI clbJ clbK clbL clbM clbN clbO clbP clbQ clbS
SP CTR vs SP ADE 0.123 0.279 0.691 0.044 0.2 0.082 0.199 0.25 0.186 0.342 0.417 0.187 0.129 0.193 0.216 0.104 0.084 0.467
SP CTR vs CRC S0 0.342 0.499 0.049 0.505 - 0.502 0.394 0.376 0.778 0.378 0.536 0.557 0.684 0.383 0.51 0.739 0.832 0.402
SP CTR vs CRC S12 0.608 0.871 0.185 0.8 - 0.797 0.55 0.879 0.534 0.984 0.961 0.578 0.942 0.761 0.492 0.704 0.987 0.913
SP CTR vs CRC S34 0.402 0.461 0.202 0.674 - 0.837 0.375 0.103 0.873 0.972 0.842 0.922 0.782 0.998 0.793 0.701 0.316 0.977
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Figure 3.12 Top 30 significantly difference fecal metabolites in LS CRC 

Thirty features with the lowest p-value (Wilcoxon-Mann-Whitney U test) in LS control vs LS CRC was picked for 
visualization. Features were arranged by p-value in ascending order (lowest to highest). Asterisks indicate statistical 
significance (* P < 0.05, *** FDR P < 0.1). Color indicates feature abundance differences, estimated by generalized 
fold-change; red indicate features enriched in case group and blue indicate features enriched in control group. Control 
vs case was shown in x-axis. 
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Figure 3.13 Top 30 significantly difference KEGG ORTHOLOGY in LS CRC 

Thirty features with the lowest p-value (Wilcoxon-Mann-Whitney U test) in LS control vs LS CRC was picked for 
visualization. Features were arranged by p-value in ascending order (lowest to highest). Asterisks indicate statistical 
significance (* P < 0.05, *** FDR P < 0.1). Color indicates feature abundance differences, estimated by generalized 
fold-change; red indicate features enriched in case group and blue indicate features enriched in control group. Control 
vs case was shown in x-axis. 
 
Overrepresentation analysis (ORA) of the KEGG module was performed with fecal metabolites 
and KOs, showing statistical significance (P < 0.05) to determine whether any metabolic function 
was significantly altered. At KEGG MODULE level, nine modules were significantly over-
represented (q < 0.1), including “Lysine degradation, L-lysine => succinate” (M00956) and 
“GABA shunt” (M00027) (Figure 3.14). ORA was performed using the EnteroPathway module 
(EPM) to cover functions undefined in the KEGG MODULE. Three modules (“Lysine degradation, 
L-lysine => acetoacetyl-coA, butyril-coA” (EPM0634), “Arginine degradation” (EPM0734), and 
"Ornithine degradation, ornithin => putrescine” (EPM0739)) were significantly overrepresented 
(Figure 3.15). 
 
Overrepresented metabolic modules and components with differential abundance showed that both 
metabolites and related KOs were altered in LS-CRC (Figure 3.14, 3.15). For example, lysine 
decarboxylase ldcC (K01582), which is involved in the first step of the L-lysine degradation 
pathway, and two other KOs (gabT (K07250) and gabD (K00135)) that are involved in subsequent 
reactions in this pathway, were highly abundant in the LS-CRC group. In addition, the fecal 
concentrations of 5-aminovalerate and 2-hydroxyglutarate, two intermediate metabolites of the L-
lysine degradation pathway, were lower in the LS-CRC group. In addition to l-lysine degradation, 
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gabT (K07250) and gabD (K00135) are also involved in GABA shunt formation. Furthermore, 
fecal GABA concentrations were lower in patients with LS-CRC. 
 
The l-lysine degradation module, which leads to butyrate production, was also overrepresented. 
The beta-lysine 5,6-aminomutase complex (kamD [K01844] and kamE [K18011)), L-erythro-3,5-
diaminohexanoate dehydrogenase (kdd [K18012)), and acetate CoA/acetoacetate CoA-transferase 
alpha subunit (atoD [K01034)) were enriched in LS-CRC. 
 
In addition to L-lysine degradation, ornithine decarboxylase speC/F (K01581) and putrescine: 
ornithine antiporter potE (K03756), which are involved in putrescine formation and transport, were 
also enriched in LS-CRC. In addition, S-adenosylmethionine decarboxylase speD (K01611) and 
spermidine export proteins mdtI (K11742) and mdtJ (K11743), which are involved in spermidine 
biosynthesis and export, were enriched in the LS-CRC. 
 
Overall, differential fecal metabolites and functional genes between LS-CRC and LS controls 
indicated potential shifts in gut microbiota metabolism, specifically higher lysine degradation and 
polyamine biosynthesis. 
 

 
Figure 3.14 KEGG MODULE with over-represented KO and fecal metabolites in LS CRC 

Barplots of over-represented KEGG MODULE; number of KOs and metabolite within the module was shown in the 
x-axis of the middle and left panel, respectively. Percentage indicates the ratio of LS CRC enriched KO or metabolites 
for each module, e.g. 37.5% of all KO involved in GABA shunt (M00027) was significantly enriched in LS CRC, 
with no enriched metabolites (GABA was significantly depleted in LS CRC, Figure 3.12). 
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Figure 3.15 EnteroPathway module (EPM) with over-represented KO and fecal metabolites in 
LS CRC 

Barplots of over-represented EPM; number of KOs and metabolite within the module was shown in the x-axis of the 
middle and left panel, respectively. Percentage indicates the ratio of LS CRC enriched KO or metabolites for each 
module. 
 
3.6.2 Distinct carbohydrate utilization of LS subject’s gut microbiota 
Previous studies have reported CRC-associated dysbiosis resulted in enriched mucolytic 
microbiota and depleted fiber-degrading microbiota. Some fiber-degrading microbiota ferments 
fiber to short-chain fatty acid (SCFA), which have been associated with CRC, although the exact 
roles is still unclear36,37,39. To identify potential disturbance in the gut microbiota carbohydrate 
utilization, differential abundance analysis on carbohydrate active enzymes (CAZy) profile was 
performed. 
 
CAZy profile differential abundance analysis results showed 20 CAZy with significant difference 
in LS CRC subjects compared to LS controls (Figure 3.16, Appendix 6). CAZy enriched in LS 
CRC subjects included those involved in pectin and peptidoglycan metabolism. In contrast, CAZy 
involved in host glycan degradation was depleted in LS CRC subjects. Of interest, CAZy involved 
in mucin degradation, such as GH20, GH33 and CBM32118, showed significant enrichment in 
sporadic CRC, but not in LS CRC. 
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Figure 3.16 Number of significant CAZy for each substrate 

Summary of significant CAZy for each putative substrate, splitted into enriched (right) and depleted (left). Number in 
heatmap tiles represent number of significant CAZy. 
 
3.6.3 Distinct secreted proteins of LS subject’s gut microbiota 
Based on KO profile comparison and CAZy profile comparison results, LS subject’s gut 
microbiota showed functional shifts between control and CRC subjects. As secreted or membrane 
proteins have been reported to play important roles in host-microbe interaction, potential secreted 
proteins were extracted and compared to discover potential associations with CRC progression in 
the LS cohort. 
 
From differential abundance analysis results, several features showed significant enrichment in LS 
CRC subjects compared to LS controls, mostly consisting of transporters and membrane proteins 
(Figure 3.17, Appendix 7). Features enriched in LS CRC showed similar enrichment trends in 
sporadic adenoma subjects, indicating changes might occur prior to CRC formation. In contrast, 
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the resemblance in enrichment trends were less prevalent when compared to late-stage sporadic 
CRC. 
 

 
Figure 3.17 Top 30 significantly different putative secreted/trans-membrane proteins in LS CRC 

Thirty features with the lowest p-value (Wilcoxon-Mann-Whitney U test) in LS control vs LS CRC was picked for 
visualization. Features were arranged by p-value in ascending order (lowest to highest). Asterisks indicate statistical 
significance (* P < 0.05, *** FDR P < 0.1). Color indicates feature abundance differences, estimated by generalized 
fold-change; red indicate features enriched in case group and blue indicate features enriched in control group. Control 
vs case was shown in x-axis. 
 
Over-represented analysis at KEGG MODULE levels of secreted or membrane proteins and fecal 
metabolites showed 8 significantly enriched KEGG MODULEs (Figure 3.18), 2 of which were 
related to sulfur metabolism (M00616 Sulfate-sulfur assimilation and M00609 Cysteine 
biosynthesis). At EnteroPathway MODULE (EPM) level, only EPM1051 Phosphatidylcholine 
degradation showed statistical significance (Figure 3.19). 
 
Finally, some features showing differential abundance in LS control vs LS CRC comparison did 
not belong to a KEGG MODULE or EPM, thus over-represented analysis was not capable of 
detecting potential enriched transporter proteins group. 
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Figure 3.18 KEGG MODULE with over-represented secreted proteins and fecal metabolites in 
LS CRC 

Barplots of over-represented KEGG MODULE; number of putative secreted or trans-membrane KOs and metabolite 
within the module was shown in the x-axis of the middle and left panel, respectively. Percentage indicates the ratio of 
LS CRC enriched KO or metabolites for each module. 
 

 
Figure 3.19 EPM with over-represented secreted proteins and fecal metabolites in LS CRC 

Barplots of over-represented EPM; number of putative secreted or trans-membrane KOs and metabolite within the 
module was shown in the x-axis of the middle and left panel, respectively. Percentage indicates the ratio of LS CRC 
enriched KO or metabolites for each module. 
 
3.7 Minimal gut microbiota dysbiosis in non-tumor LS control subjects compared to age and 
sex-matched non-LS healthy controls 
3.7.1 In silico cohort matching to consider potential confounding factors 
LS controls (n = 18) and non-LS controls (n = 112) was compared to examine the gut microbiota 
and fecal metabolite changes that occurred prior to adenoma formation in patients with LS. To 
account for sample number imbalance and confounding factors (Figure 3.20B top), non-LS 
control samples were matched to LS control samples based on age and sex distributions, cutting 
down the number of non-LS controls to 18 subjects (Figure 3.20B bottom). Cohort-matched non-
LS and LS no longer showed significant age difference, although other variables, such as chicken 
meat consumption still showed statistical significance (Figure 3.20A)  
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Figure 3.20 Metadata analysis between non-LS and LS controls, pre- and post- cohort matching 

A) Covariate comparison between non-LS and LS control before and after cohort-matching; asterisk represents 
statistical significance (P < 0.05). B) Age and sex distribution before (top) and after cohort matching (bottom). 
 
3.7.2 No significant enrichment of CRC-associated gut microbiota detected in LS controls 
A comparison between the LS and non-LS controls showed 24 species with differential abundances 
(Figure 3.21, Appendix 8). Of the 24 species, three (Bacteroides helcogenes, Bacteroides plebeius, 
and Cronobacter turicensis) were enriched in LS controls. Differential abundance of 
Fusobacterium spp. and other CRC-related gut microbes in LS controls was not observed, 
indicating differential abundance detected between LS control and LS CRC was not caused by LS-
specific baseline gut microbiota abundance (Figure 3.21). 
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Figure 3.21 Cohort matched non-LS vs LS controls LTP species comparison 

Volcano plot of species-level profile comparison between non-LS and LS controls. Point size represents feature’s 
relative abundance, color represents enrichment status; red = enriched in LS control, blue = enriched in non-LS control; 
gray = no significant difference detected. The x-axis represents abundance difference estimated by generalized fold-
change (positive = higher in LS control; negative = higher in non-LS control). The y-axis represents statistical 
significance estimated by -log10(P-value). 
 
3.7.3 Distinct fecal metabolite profile, but minimal functional gene difference was detected in 
LS controls 
A comparison of fecal metabolite concentrations showed that 57 metabolites had significantly 
different concentrations between sporadic and LS controls, 52 of which were higher in the LS 
controls (Figure 3.22, Appendix 9). Metabolites with higher concentrations in LS controls 
included several known oncometabolites, such as asymmetric dimethylarginine (ADMA) and 
spermidine151–154. Differential abundance analysis of the KO profile showed 93 KOs higher in LS 
controls and 210 KOs lower in LS controls than in non-LS controls (Figure 3.23, Appendix 10). 
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Figure 3.22 Cohort matched non-LS vs LS controls fecal metabolite comparison 

Volcano plot of fecal metabolite profile comparison between non-LS and LS controls. Point size represents feature’s 
relative abundance, color represents enrichment status; red = enriched in LS control, blue = enriched in non-LS control; 
gray = no significant difference detected. The x-axis represents abundance difference estimated by generalized fold-
change (positive = higher in LS control; negative = higher in non-LS control). The y-axis represents statistical 
significance estimated by -log10(P-value). 
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Figure 3.23 Cohort matched non-LS vs LS controls KEGG ORTHOLOGY comparison 

Volcano plot of KO profile comparison between non-LS and LS controls. Point size represents feature’s relative 
abundance, color represents enrichment status; red = enriched in LS control, blue = enriched in non-LS control; gray 
= no significant difference detected. The x-axis represents abundance difference estimated by generalized fold-change 
(positive = higher in LS control; negative = higher in non-LS control). The y-axis represents statistical significance 
estimated by -log10(P-value). 
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polyamine metabolism showed no significant changes in LS controls. Similarly, fecal cholate, 
taurine, and glycine were enriched in the LS controls, with no significant enrichment detected for 
bile acid hydrolases. Notably, deoxycholate and the corresponding bai operon-related genes were 
not significantly enriched in LS controls. Bile acid metabolism has been associated with increased 
CRC risk, especially DCA-induced DNA oxidative damage155. As DNA oxidative damage is one 
of the repair targets of mismatch repair genes156, the accumulation of bile acids might significantly 
impact CRC tumorigenesis in patients with LS. 
 
Overall, a comparison between LS and non-LS controls showed minimal changes in gut microbiota 
composition and function. However, distinct fecal metabolite profiles and gut microbiota activities 
were observed, indicating that a distinct LS-specific intestinal environment may be present prior 
to adenoma formation. Distinct immune profiles have been reported in LS patients with dMMR 
colonic crypts, even prior to adenoma and carcinoma formation138. As activated immune systems 
have been reported to induce metabolic reprogramming157, the observed shifts in fecal metabolites 
might be a marker of the activated host immune system triggered by early dMMR mutations. 
 

 
Figure 3.24 KEGG MODULE with over-represented KO and fecal metabolites in LS controls 

Barplots of over-represented KEGG MODULE; number of KOs and metabolite within the module was shown in the 
x-axis of the middle and left panel, respectively. Percentage indicates the ratio of LS CRC enriched KO or metabolites 
for each module. 
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Figure 3.25 EPM with over-represented KO and fecal metabolites in LS controls 

Barplots of over-represented EPM; number of KOs and metabolite within the module was shown in the x-axis of the 
middle and left panel, respectively. Percentage indicates the ratio of LS CRC enriched KO or metabolites for each 
module. 
 
3.7.4 Enriched host glycan related CAZy in LS controls 
N-acetylneuraminate, a known mucin substrate, was identified to be enriched in LS controls 
(Figure 3.22) and EPM-level over-representation analysis indicate increased host glycan 
utilization by the gut microbiota (Figure 3.25). Therefore, I explored CAZy annotated gene profile 
to identify potential carbohydrate utilization pattern distinct to LS subjects even prior to adenoma 
formation. 
 
CAZy profile comparison results showed LS controls has a distinct CAZy profile compared to 
non-LS controls (Figure 3.26, Appendix 11). Of interest, CAZy associated with host glycan 
degradation was enriched in LS controls, indicating increased host glycan utilization by the LS 
control subject’s gut microbiota even prior to adenoma formation (Figure 3.25). Enriched host 
glycan utilization might reduce intestinal barrier, thus increasing the rate of host-microbe 
interaction, cascading into chronic intestinal inflammation. Chronic intestinal inflammation has 
been associated with CRC and there are reports of colitis-induced CRC and gut microbiota 
association. 
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Figure 3.26 Non-LS vs LS controls CAZy comparison and putative CAZy substrate 

A) Number significant CAZy for each putative substrate, splitted into LS control enriched (right) and LS control 
depleted (left). Number in heatmap tiles represent number of significant CAZy. B) Volcano plot of KO profile 
comparison between non-LS and LS controls. Point size represents feature’s relative abundance, color represents 
enrichment status; red = enriched in LS control, blue = enriched in non-LS control; gray = no significant difference 
detected. The x-axis represents abundance difference estimated by generalized fold-change (positive = higher in LS 
control; negative = higher in non-LS control). The y-axis represents statistical significance estimated by -log10(P-
value). 



Chapter 4  
Dissertation Summary and Further Direction 
In this study, fecal samples were collected from 71 LS carriers of varying CRC progression status. 
The LS cohort included patients without adenoma or carcinoma and no prior history of adenoma 
or carcinoma formation, those with colorectal adenoma, those with CRC, and those with a history 
of colectomy due to past carcinoma formation. Furthermore, sporadic CRC cohort with identical 
sampling protocol is utilized as a comparison cohort to identify potential LS-specific gut 
microbiota association. To my knowledge, this study is the first to analyze the changes in gut 
microbiota and fecal metabolite across all stages of adenoma-carcinoma progression in LS, along 
with a comparison with non-LS CRC. Based on this study’s results and known findings, I 
hypothesize that in the context of CRC progression in LS subjects, host genetic is the main driving 
factor, with host-microbe interaction potentially affecting subsequent disease progression or 
treatment response (Figure 4.1). 
 

 
Figure 4.1 Hypothetical host-microbe interaction in the context of LS CRC progression 

Schematic hypothesis of host-microbe interaction in CRC progression of LS subjects. Colors indicates statement 
sources, such as previous study (blue), observations from this study (orange), and observation-based hypothesis 
(yellow). Solid lines represent known associations and dashed lines represent putative associations. Triangles represent 
comparison results between LS and non-LS subjects, with upright triangle representing higher level in LS and upside 
down triangle representing lower level in LS. 
 
From compositional data analysis, LS cohort was shown to have a distinct gut microbiota 
compared to the sporadic CRC cohort. Specifically, LS cohort has lower alpha-diversity and higher 
proportion of Faecalibacterium-poor enterotype, which were both associated with intestinal 
inflammation. Beta-diversity analysis supported this observation with LS status detected as 
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capable of explaining the gut microbiota composition variance. However, beta-diversity analysis 
on non-LS controls and LS controls showed LS status was not explanatory of gut microbiota, 
indicating CRC progression confounds earlier observation. Additionally, within LS cohort, no 
covariates were explanatory of the gut microbiota composition variance, with MMR mutation as 
the most explanatory covariate. As MMR mutation has been associated with CRC risk in LS 
subjects, there is a need to deconfound MMR mutation and CRC status for a more robust 
association with gut microbiota. 
 
One of the most important findings of this study is the robust signal of Fusobacterium spp. 
enrichment in LS CRC subjects. Differential abundance analysis, trend test, association test and 
ML-based feature screening results suggest that Fusobacterium spp., including F. nucleatum was 
enriched in LS CRC, but not in LS adenoma and LS colectomy, in line with previous LS gut 
microbiome studies. Furthermore, no other CRC-associated gut microbiota was detected to be 
enriched in LS CRC, suggesting LS CRC intestinal environment might be advantageous to 
Fusobacterium spp. survival. Nevertheless, as no longitudinal data was used in this study, I am not 
sure whether this enrichment occurs before or after carcinoma formation. 
 
Although Fusobacterium spp. was enriched in LS CRC, F. nucleatum virulence factors (Fn VFs) 
had low prevalence in this study cohort. Of seven Fn VFs explored in this study, only fap2, an 
adhesin associated with CRC cell binding and immune system evasion, was detected to be enriched 
in LS CRC. In comparison, other Fn VFs, such as fadA, radD, cbpF, and Fn-Dps, were 
significantly enriched in sporadic CRC cohort. As Fn VFs detection rate was similar in LS and 
sporadic CRC cohort, the limited number of LS samples might not have enough detection power 
for Fn VFs comparison. 
 
F. nucleatum has been associated with cancer metastasis, chemoresistance, and immune 
checkpoint inhibitor (ICI) response. Chemoresistance and ICI response have been associated with 
CRC, especially in patients with high microsatellite instability (MSI-H). Furthermore, a higher F. 
nucleatum load has been reported in MSI-H CRC. As MSI-H is a hallmark of LS-CRC and our 
observations showed a high abundance of F. nucleatum in LS CRC, LS-CRC might be utilized as 
a model case for MSI-H CRC progression and treatment response. 
 
Differential abundance analysis of fecal metabolites and gene profiles revealed putative functional 
shifts in LS CRC gut microbes compared to LS controls, such as overrepresentation of the lysine 
degradation pathway, GABA shunts, and polyamine biosynthesis. Higher amino acid utilization as 
an energy source and increased polyamine metabolism by gut microbes may be adaptive responses 
to CRC-driven changes in the intestinal environment. 
 
Notably, CAZy related to host glycan was not enriched in LS CRC, which were unexpected as 
MSI-H CRC is characterized as mucinous tumor. In comparison, host glycan related CAZy was 



 61 

enriched in late-stage sporadic CRC. However, CAZy comparison between non-LS and LS 
controls showed enriched host glycan related CAZy in LS controls, indicating high mucin 
utilization of LS gut microbiota might occurs earlier than expected. 
 
Another important finding of this study was the discovery of distinct fecal metabolite compositions 
in patients with LS without cancerous lesions. Fecal concentrations of amino acids (e.g., ornithine), 
polyamines (e.g., spermidine and agmatine), bile acid related metabolite (taurine, glycine, cholate) 
were higher in LS controls than in non-LS controls. However, most microbial genes involved in 
amino acid or polyamine metabolism showed no significant changes in LS controls. In addition, 
no significant differences of CRC-associated microbiota were detected in non-LS vs LS controls 
comparison. 
 
Based on these observations, host genetics is likely the main driver of CRC tumorigenesis in LS, 
and shifts in gut microbiota composition and function occur in response to changes in the intestinal 
environment caused by intestinal inflammation or tumor formation. Specific members of the gut 
microbiota may have specific genes or metabolic pathways that allow them to thrive in 
environments, such as fap2, L-lysine degradation, GABA shunts, and polyamine biosynthesis. 
Surviving gut microbiota may play a role in CRC progression, metastasis, disease prognosis, and 
treatment response. 
 
As this study only utilized cross-sectional data of limited size, it is not possible to study the 
causality of my findings. Thus, a longitudinal data from a larger cohort is imperative to validate 
this study’s findings. For a more reductionist approach, a co-culture experiment of human intestinal 
cell or tissue and F. nucleatum is ideal to study the potential interaction and effect on CRC 
progression or response to treatment. Specifically, it would be interesting to study whether fadA or 
fap2 mutant F. nucleatum strains would affect CRC progression and treatment response. 
Furthermore, to test on the hypothesis of immunogenic CRC environment effect on gut microbiota, 
it would be interesting to perform co-culture experiment of human CRC cell and common gut 
microbiota strains. However, as cross-feeding and microbe-microbe interaction plays a big role in 
gut microbiome composition and function, it is hard to perform this co-culture experiment with 
current frameworks. 
 
Other limitation of this study is the incapability to consider all potential confounding factors, as 
patients were recruited naturally instead of actively recruiting specific demographic. Thus, it is of 
great interest to recruit a specific cohort to account for confounding factors, such as MMR mutation 
variants, diet, age, sex, and socioeconomic factors. Furthermore, as the study only utilized 
Japanese subjects, it would be interesting to see the effect of human genetics by comparing with a 
more genetically varied cohort. 
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