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In most cases of sporadic colorectal cancers, tumorigenesis is 
a multistep process, involving genomic alterations in parallel 
with morphologic changes. In addition, accumulating evidence 
suggests that the human gut microbiome is linked to the devel-
opment of colorectal cancer. Here we performed fecal metage-
nomic and metabolomic studies on samples from a large cohort 
of 616 participants who underwent colonoscopy to assess tax-
onomic and functional characteristics of gut microbiota and 
metabolites. Microbiome and metabolome shifts were appar-
ent in cases of multiple polypoid adenomas and intramucosal 
carcinomas, in addition to more advanced lesions. We found two 
distinct patterns of microbiome elevations. First, the relative 
abundance of Fusobacterium nucleatum spp. was significantly 
(P < 0.005) elevated continuously from intramucosal carci-
noma to more advanced stages. Second, Atopobium parvulum 
and Actinomyces odontolyticus, which co-occurred in intramu-
cosal carcinomas, were significantly (P < 0.005) increased 
only in multiple polypoid adenomas and/or intramucosal car-
cinomas. Metabolome analyses showed that branched-chain 
amino acids and phenylalanine were significantly (P < 0.005) 
increased in intramucosal carcinomas and bile acids, includ-
ing deoxycholate, were significantly (P < 0.005) elevated in 
multiple polypoid adenomas and/or intramucosal carcinomas. 
We identified metagenomic and metabolomic markers to dis-
criminate cases of intramucosal carcinoma from the healthy 
controls. Our large-cohort multi-omics data indicate that shifts 
in the microbiome and metabolome occur from the very early 
stages of the development of colorectal cancer, which is of pos-
sible etiological and diagnostic importance.

Colorectal cancer (CRC) affects over a quarter of a million peo-
ple each year worldwide1. Most sporadic CRCs develop through the 
formation of polypoid adenomas and are preceded by intramucosal 
carcinoma (high-grade dysplastic adenoma), which can progress 
into malignant forms2. This process is known as the adenoma–car-
cinoma sequence, which occurs through a multistep mechanism 
that involves specific mutations2. Because it takes decades before 
final malignancies develop3, detection of early cancers and their 
endoscopic removal are priorities for cancer control.

Alterations in the gut ecosystem have been implicated in changes 
in human health and disease, including CRC4. Fecal metagenom-
ics is a useful tool for the quantification of the gut microbiome 
and has possible diagnostic potential5. In particular, F. nucleatum 
has been associated with CRC6,7; its mechanism is being clarified 
in mice8. Intestinal metabolites, including amino acids and bacte-
rial metabolites (for example, bile acids and short-chain fatty acids), 
have also been associated with cancerous conditions in the gut9,10. 
Comprehensive metagenomic and metabolomic analyses might 
therefore provide an alternative approach to understanding CRC 
development through associated changes in the gut environment.

We have performed whole-genome shotgun metagenomics 
and capillary electrophoresis time-of-flight mass spectrometry 
(CE-TOFMS)-based metabolomics on fecal samples obtained from 
patients with different stages of colorectal neoplasia to obtain evi-
dence of distinct stage-specific phenotypes of fecal microorganisms 
and metabolites.

Metagenomic and metabolomic data were collected from 
616 and 406 subjects, respectively (Supplementary Table 1 and 
Extended Data Fig. 1). Classification into nine groups was carried 
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out according to colonoscopic and histological findings: (1) normal 
(no remarkable colonoscopic findings); (2) a few polyps (up to two 
small (<5 mm) polyps); (3) multiple polypoid adenomas with low-
grade dysplasia (MP, more than three adenomas, mostly more than 
five adenomas); (4) intramucosal carcinoma (polypoid adenoma(s) 
with high-grade dysplasia), stage 0/pTis CRC (S0); (5) stage I CRC; 
(6) stage II CRC; (7) stage III CRC; (8) stage IV CRC based on 
the eighth Union for International Cancer Control (UICC) TNM 
Classification of Malignant Tumors. The remaining group was (9) 
normal with a history of colorectal surgery (HS). The polypoid ade-
nomas in MP were limited to pathologically proven conventional-
type colorectal adenomas (that is, tubular adenoma, tubulovillous 
adenoma and villous adenoma) with low-grade dysplasia, not 

including serrated adenomas. Subjects in groups (1) and (2) were 
defined as healthy controls. Those with stage I and II CRCs were 
combined into stage I/II (SI/II), and stage III and IV CRCs were 
combined into stage III/IV (SIII/IV) for analysis. Clinical charac-
teristics for the groups are shown in Supplementary Tables 1, 2 and 
Extended Data Fig. 2. Smoking history (Brinkman’s index) differed 
among the groups; patients with more advanced stages tended to 
have a lower Brinkman’s index (that is, less smoking) compared to 
patients with early stages, and patients with HS had even lower val-
ues. Metagenome data were obtained both before and after surgery 
from 28 patients with stage I–III CRCs (Supplementary Tables 1).

A broad overview of our taxonomic data from 616 subjects and 
metabolomic data from 406 subjects is given in Fig. 1. Subjects 
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Fig. 1 | Global metagenomic and metabolomic characteristics of the fecal samples. a, Relative abundances of the top 30 genera (top) and fractions of 
the human genome (middle) for 616 subjects in the healthy control (normal and a few polyps) (n = 251), MP (n = 67), S0 (n = 73), SI/II (n = 111), SIII/IV 
(n = 74) and HS (n = 40) groups. Percentage concentrations of metabolites for 406 subjects in the healthy control (n = 149), MP (n = 45), S0 (n = 30), SI/II 
(n = 80), SIII/IV (n = 68) and HS (n = 34) groups (bottom). b, PCA of genera (n = 616) (left) and metabolites (n = 406) (right). PC, principal component.
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enriched with the genus Bacteroides had low abundance of Prevotella. 
Notably, the genus Megamonas was detected as highly abundant 
(within the 10 most abundant genera) in 118 out of 616 patients 
(19.2%) across all groups, but was rarely detected in the remainder, 
showing an uncommon distribution in the population. Megamonas 
has not previously been reported as a dominant genus in gut micro-
biome studies with European and American subjects, but was found 
in studies with Chinese individuals, which suggests that this genus 

might be characteristic of Asian populations11. Human genome 
content was significantly higher in various stages of CRC (S0, 
P = 0.00175; SI/II, P = 8.19 × 10−5; SIII/IV, P = 1.05 × 10−5; one-sided 
Mann-Whitney U test) than in the healthy controls (Extended Data 
Fig. 3). Principal component analysis (PCA) identified the two most 
variable clusters in all subjects (Fig. 1b) and in 251 healthy controls 
(Extended Data Fig. 3b), Bacteroides and Prevotella, both of which 
have been defined as major contributors to human gut enterotypes12. 
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Fig. 2 | Distinct stage-specific taxonomic and metabolomic signatures with cancer progression. a,b, Species abundances were assessed for significant 
elevation or depletion (P < 0.005; one-sided Mann–Whitney U test) in each of the four stages, MP (n = 67), S0 (n = 73), SI/II (n = 111) and SIII/IV (n = 74), 
compared to the healthy controls (n = 251). a, Phylum distribution of the number of species that are either elevated or depleted in each of the four stages 
compared to the healthy controls. For each of the phyla (Proteobacteria, Bacteroidetes, Fusobacteria, Firmicutes and Actinobacteria), the number of 
species, which were either significantly elevated or depleted in each of the four stages compared to the healthy controls, was counted. The number 
observed with change over all stages (ubiquitous, green) was very small; most species demonstrated alterations that are specific to one stage (stage-
specific, red) or shared with another stage(s) (shared, blue). b, In total, 361 differentially abundant species are shown in a phylogenetic tree, grouped in 
the phyla Proteobacteria, Bacteroidetes, Fusobacteria, Firmicutes and Actinobacteria. In the outer circles, species are marked for significant (P < 0.005) 
elevation (orange) or depletion (green). Particularly highly elevated (false-discovery rate-corrected P < 0.1; one-sided Mann–Whitney U test) species are 
marked in red. The innermost circle shows species relative abundances averaged over all samples. Species for which the mean relative abundances were 
lower than 1 × 10−6 were excluded from the phylogenetic tree. Box plots show the relative abundances of cancer-related species reported in other cohorts 
(green circles), butyrate producers (yellow circles), hydrogen sulfide producers (pink circles) or newly detected in all of four metagenomic pipelines 
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healthy controls (n = 149). BCAA, branched-chain amino acids; AAA, aromatic amino acids. d, The relationship between B. wadsworthia and DCA. B. 
wadsworthia showed the highest Spearman’s correlation coefficient (CC = 0.63, P = 1.50 × 10−5 computed using asymptotic t approximation) with DCA in 
MP. e, Genus network analysis of A. parvulum. Genus correlation networks are constructed in the healthy controls (n = 251), MP (n = 67), S0 (n = 73), SI/II  
(n = 111) and SIII/IV (n = 74) groups. In total, 22 genera with abundances >1 × 10−4 and Spearman’s correlation coefficients of >0.4 with Atopodium in at 
least one of the stages are used. Node sizes are proportional to the abundance of genera. Edge widths are proportional to the strength of correlation. f, 
Species correlation coefficients with A. parvulum in each group. Species with abundance >1 × 10−5 and Spearman’s correlation coefficients >0.5 are shown. 
Species indicated in red are shown in b. Significant changes (elevation and depletion) are denoted as follows: +++, elevation with P < 0.005; ++, elevation 
with P < 0.01; +, elevation with P < 0.05; −−−, depletion with P < 0.005; −−, depletion with P < 0.01; −, depletion at P < 0.05. The boxes represent 25th–
75th percentiles, black lines indicate the median and whiskers extend to the maximum and minimum values within 1.5× the interquartile range.
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Fitting using the Dirichlet multinomial mixture model13 resulted 
in four community types among all 616 individuals, one of which 
was dominated by genus Prevotella (Extended Data Fig. 3e). With 
regard to known risk factors (body mass index (P = 0.8773), alco-
hol consumption (P = 0.2989) and smoking history (P = 0.3151)), 
no significant (P < 0.005) differences were detected among the four 
community types. Neither the colonoscopic findings (healthy, MP, 
S0, SI/II or SIII/IV; P = 0.2864) nor tumor locations (left colon, 
right colon or rectum; P = 0.5231) were associated with any com-
munity types. Age was differentially distributed (P = 7.80 × 10−10) 
and the Prevotella cluster was predominated found in males (79.1%) 
(P = 6.82 × 10−8).

Propionate and butyrate, major energy sources in the large  
intestine14, ranked as the two most abundant metabolites. The PCA 
showed large variation in dihydrouracil and urea in addition to  
propionate and butyrate in the population (Fig. 1b). On the basis  
of the PCA, none of the stages, tumor locations or genders  
was associated with variation in metabolite profiles (Extended  
Data Fig. 4).

Compared to the healthy controls, we found microbiome shifts 
in MP and S0, in addition to SI/II and SIII/IV, which were highly 
distinct across stages. A number of species in the phyla Firmicutes, 
Fusobacteria and Bacteroidetes was predominantly elevated in 
samples from S0, SI/II and SIII/IV, increasing with the degree of 
malignancy. Elevated species of Fusobacteria appeared in at least 
two stages, whereas many of the species from Firmicutes and 
Bacteroidetes were stage-specific. In the phylum Proteobacteria, 
a large number of species were elevated only in MP (Fig. 2a). 
The genus Bifidobacterium was depleted mainly in S0. We noted 
two patterns of significant (P < 0.005) species elevation: the 
first increased across early to later stages, whereas the second 
was elevated only in the early stages. The former was character-
ized by F. nucleatum (for example, F. nucleatum ssp. nucleatum  
(S0, P = 7.64 × 10−5, q = 0.0492; SI/II, P = 1.47 × 10−8, q = 5.63 × 10−5; 
SIII/IV, P = 6.93 × 10−11, q = 2.62 × 10−7)), Solobacterium moorei 
(S0, P = 1.18 × 10−5, q = 0.0381; SI/II, P = 0.000601, q = 0.1355; 
SIII/IV; P = 5.91 × 10−5, q = 0.0195), Peptostreptococcus stoma-
tis (SI/II, P = 4.62 × 10−6, q = 3.22 × 10−3; SIII/IV, P = 1.98 × 10−10, 
q = 3.75 × 10−7), Peptostreptococcus anaerobius (SI/II, P = 7.57 × 10−5, 
q = 2.90 × 10−3; SIII/IV, P = 1.83 × 10−10, q = 3.75 × 10−7), Lactobacillus 
sanfranciscensis (S0, P = 0.000616, q = 0.118; SIII/IV, P = 0.00328, 
q = 0.101), Parvimonas micra (SI/II, P = 1.89 × 10−5, q = 1.04 × 
10–3; SIII/IV, P = 6.15 × 10−13, q = 4.66 × 10−9) and Gemella morbil-
lorum (S0, P = 0.000257, q = 0.0800; SI/II, P = 5.62 × 10−7, q = 6.15 
× 10–4; SIII/IV, P = 1.79 × 10−9, q = 2.11 × 10−6). The latter pat-
tern was characterized by Atopobium parvulum (MP, P = 0.00338, 

q = 0.153; S0, P = 7.03 × 10−5, q = 0.0492), Actinomyces odontolyticus  
(S0, P = 0.000164, q = 0.0636), Desulfovibrio longreachensis (S0, 
P = 0.00164, q = 0.188) and Phascolarctobacterium succinatutens 
(S0, P = 0.00236, q = 0.242). Abundance of A. parvulum was vali-
dated using quantitative PCR (Extended Data Fig. 5).

In addition, we identified species newly associated with CRC, 
of which Colinsella aerofaciens (P = 0.000840, q = 0.0544), Dorea 
longicatena (P = 0.000925, q = 0.0557), Porphyromonas uenonis 
(P = 0.000439, q = 0.0475), Selenomonas sputigena (P = 0.00369, 
q = 0.101) and Streptococcus anginosus (P = 0.00177, q = 0.0788) 
were significantly elevated in SIII/IV with all four analytic pipe-
lines used (see Methods). In line with a previous study5, two butyr-
ate producers, Lachnospira multipara (S0, P = 0.000596, q = 0.585; 
SI/II, P = 0.000801, q = 0.725; SIII/IV, P = 0.000116, q = 0.877) and 
Eubacterium eligens (S0, P = 0.00147, q = 0.698), were significantly 
depleted in CRC stages. Sulfide-producing bacteria, including 
Desulfovibrio vietnamensis (SIII/IV, P = 0.00109, q = 0.0565), D. 
longreachensis (S0, P = 0.00164, q = 0.188) and Bilophila wadswor-
thia (SIII/IV, P = 0.00408, q = 0.101), were elevated.

Bacterial replication rates15 were significantly (P < 0.005) higher 
for G. morbillorum (SI/II, P = 0.000436; SIII/IV, P = 5.09 × 10−7), 
P. micra (SI/II, P = 0.000114; SIII/IV, P = 2.00 × 10−6) and P. sto-
matis (SI/II, P = 0.00424; SIII/IV, P = 8.07 × 10−6) for the indicated 
stages, and those of F. nucleatum ssp. nucleatum (P = 0.000386) 
and D. longicatena (P = 0.000246) were significantly higher in SIII/
IV, compared to healthy controls (Extended Data Fig. 6). Higher 
replication rates could explain higher abundances of species, sug-
gesting the possibility that these bacteria may be metabolically 
active. Notably, S. moorei (MP, P = 0.000299) and C. aerofaciens (S0, 
P = 0.000215) showed significantly higher replication rates in MP 
and S0, respectively, before elevation in relative abundance in later 
stage(s). Overall, our findings indicate that microbial alterations of 
a number of species might be related to early CRC progression.

In total, 65 metabolites showed significant (P < 0.005) differences 
in at least one of the stages compared to healthy controls (Extended 
Data Fig. 7 and Supplementary Table 3). Bile acids, short-chain fatty 
acids, amino acids and elements of central carbon metabolism were 
focuses of attention, as they have a close relationship with intestinal 
microbiota16 (Fig. 2c and Extended Data Fig. 8).

Compared to the healthy controls, we found significant increases 
in the concentration of deoxycholate (DCA) in MP (P = 0.000118, 
q = 0.0503), and glycocholate (P = 0.00100, q = 0.0508) and  
taurocholate (P = 0.00195, q = 0.0655) in S0. In addition, the 
concentrations of branched-chain amino acids (isoleucine  
(S0, P = 0.00124, q = 0.0508), leucine (S0, P = 0.000371, q = 0.0507; 
SIII/IV, P = 0.00314, q = 0.0931), valine (S0, P = 0.000483, 

Fig. 3 | CRC-associated changes in microbial genes summarized in KO genes and KEGG pathway modules. a,b, Gene abundances were assessed for 
significant elevation or depletion (P < 0.005; one-sided Mann–Whitney U test) in each of the four stages, MP (n = 67), S0 (n = 73), SI/II (n = 111) and 
SIII/IV (n = 74), compared to the healthy controls (n = 251). a, Relative abundance of KO genes involved in amino acid metabolism and representative 
microbial metabolism (for example, methane metabolism, sulfur metabolism and aromatic degradation) that showed significant difference(s) in at least 
one of the four stages are shown in the heat map. KO genes with prevalence 5% or higher (KO genes detected in more than 5% out of 576 subjects) are 
shown. Significant changes (elevation and depletion) are denoted as follows: +++, elevation with P < 0.005; ++, elevation with P < 0.01; +, elevation 
with P < 0.05; −−−, depletion with P < 0.005; −−, depletion with P < 0.01; −, depletion at P < 0.05. b, Representative KO genes appearing in a are shown 
in pathway modules modified from KEGG pathway maps ‘Valine, leucine and isoleucine biosynthesis’, ‘Lysine degradation’, ‘Tyrosine metabolism’, 
‘Phenylalanine metabolism’, ‘Phenylalanine, tyrosine and tryptophan biosynthesis’, ‘Methane metabolism’, ‘Sulfur metabolism’ and ‘Benzoate degradation’. 
Each box in a pathway represents a KO gene, and is marked in red for elevation or in blue for depletion at any of the stages. Bar plots show relative gene 
abundances averaged over samples within each of the five groups (healthy (H), MP, S0, SI/II and SIII/IV from left to right) and are colored according  
to the order of the values. Each KO gene is composed of organism genes represented by circles. The sizes and colors of the circles are proportional to the 
relative abundances of the organism genes. Organism genes are grouped into one row and indicated by the organism name. The three most abundant 
organisms in the healthy controls are shown using three letter codes (for example, pru for Prevotella ruminicola, bvu for Bacteroides vulgatus). Other 
organism names are abbreviated and denoted in Supplementary Table 4. Gene numbers linked to each of the genes are listed in Supplementary Table 
5. For other amino acids, see Extended Data Fig. 8. Dots in each pathway represent intermediate metabolites. APS, adenosine 5′-phosphosulfate; PASP, 
3′-phosphoadenosine 5′-phosphosulfate.
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q = 0.0508)), as well as the concentrations of phenylalanine (S0, 
P = 0.000697, q = 0.0508), tyrosine (S0, P = 0.00136, q = 0.0508), 
glycine (S0, P = 0.00497, q = 0.120) and serine (SIII/IV, P = 0.00178, 

q = 0.0900) were increased. Isovalerate, a branched-chain fatty acid 
produced by bacterial fermentation from leucine17 increased gradu-
ally from S0 to SIII/IV (SIII/IV, P = 0.00188, q = 0.0900).
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As DCA was elevated in MP, we searched for species that might 
correlate with this metabolite. B. wadsworthia was the only spe-
cies significantly associated with DCA in MP (Fig. 2d). Correlation 
coefficients were positive in other stages but not significant. B. wad-
sworthia is known to grow in medium that contains taurocholate18, 
a conjugate form of the DCA precursor, cholate.

Given that A. parvulum was significantly elevated in MP and S0, 
and has been reported to constitute a network hub of H2S-producing 
bacteria via high co-occurrence relationships with Streptococcus in 
patients with inflammatory bowel disease19, we examined correla-
tions of abundance of this species with other species. Numbers of 
bacteria correlated with Atopobium markedly increased in S0 at 
both genus and species levels (Fig. 2e,f). There was a strong cor-
relation between A. parvulum and A. odontolyticus, S. anginosus, 
S. moorei and G. morbillorum, for which the relative abundances 
increased in S0 and/or at subsequent stages. Increases in Atopobium 
even in the early stage of CRC suggests that it could have a strong 
influence on the H2S-producing bacterial community.

A total of 1,243 Kyoto Encyclopedia of Genes and Genomes 
(KEGG) orthology genes (KO genes) showed significant (P < 0.005) 
elevation and 96 significant depletion in at least one of the stages, 
compared to healthy controls. Because fecal amino acid concentra-
tions were markedly changed from S0 (Fig. 2c), we examined micro-
bial gene abundances to check the roles of the microorganisms in 
amino acid metabolism (Fig. 3a).

Changes in the gene abundances are shown in a pathway rep-
resentation (Fig. 3b and Extended Data Fig. 8b). Pathway mod-
ules, which set a limit to bacterial biosynthesis and degradation, 
were manually constructed by modifying KEGG pathway maps 
that referred to ‘Microbial metabolism in diverse environments’ 
(map01120) or the literature20–23.

Among the most differentially abundant pathways, aromatic 
amino acid metabolism and sulfide-producing pathways were 
found to be associated with CRCs. Genes involved in phenylalanine 
and tyrosine biosynthesis were significantly elevated, among which 
pheC (P = 1.94 × 10−5, q = 0.0297 in S0) was identified as a top-scor-
ing marker to distinguish S0 cases from healthy controls (Fig. 4b and 
Extended Data Fig. 9). In the catabolic pathways, genes involved in 
phenylalanine degradation through the production of toxic phen-
ylacetate24–26 were elevated mainly in MP. Genes involved in the 
biosynthesis of tryptophan were significantly (P < 0.005) depleted 
in SIII/IV. Dissimilatory sulfate reductase subunit A (dsrA), which 
is responsible for production of genotoxic hydrogen sulfide27, was 
significantly elevated in SIII/IV (P = 0.00499, q = 0.0729) (Fig. 3b). 

dsrA is found to be active in a number of sulfate-reducing bacte-
ria including Desulfovibrio spp.28 and — for instance, Desulfovibrio 
piger (P = 0.0178, q = 0.226) — was substantially high in SIII/IV.

Most S0 lesions can be cured by endoscopic approaches and 
there is a broad window of opportunity for detection3. In order 
to investigate the potential of gut metagenomic and metabo-
lomic parameters to act as diagnostic markers, we constructed  
random-forest and LASSO logistic regression classifiers to dis-
criminate S0 and SIII/IV cases from healthy controls. Four types 
of models were constructed based on species only, KO gene only, 
metabolite only data or a combination of the three. Comparison 
of the classification potential among the four models resulted in  
outperformance of the combination model over the individual 
models in the classification of both S0 and SIII/IV (Fig. 4b,c). 
Random-forest classifiers achieved an area under the receiver-
operating characteristic (ROC) curve (AUC) of 0.78 and 0.85 to 
detect a patient with S0 and SIII/IV CRC, respectively. The results 
obtained using the LASSO logistic regression classifier are shown in 
Extended Data Fig. 9.

In the S0 classification, high-ranking features were mainly KO 
genes, including pheC (which encodes cyclohexadienyl dehydra-
tase). Other features included D. longreachensis, S. moorei, leucine, 
valine, phenylalanine and succinate (Fig. 4b), which were detected 
as differentially distributed (Fig. 2b,c). The top-ranking features of 
the SIII/IV classification included oral anaerobes, such as P. micra, 
P. stomatis, F. nucleatum and P. anaerobius, which have previously 
been identified as marker species for CRCs5,29,30 (Fig. 4b).

Metagenome data were obtained from 28 patients with CRC  
(SI/II and SIII/IV) before and approximately 1 year after surgical 
treatment. The relative abundances of P. stomatis, P. anaerobius,  
P. micra, P. uenonis and D. longicatena among the 22 species dis-
cussed in Fig. 2b were reduced after tumor removal (Fig. 4d,e). 
Comparison of these five species with fecal samples from HS sub-
jects did not show significant differences (Fig. 4f). The main results 
obtained in the present study are shown in Fig. 4a.

The present study on the relationships between the gut ecosystem 
and multistep tumorigenesis yielded information on microorgan-
ism and microorganism-derived metabolite profiles in CRC. Our 
results demonstrate that microbiome and metabolome shifts in MP 
and S0 occurred, in addition to the more advanced stages. The shifts 
were highly distinct across stages. Two patterns of species elevation 
were found: the first consisted of a continuous increase from early 
stages onwards, whereas the other showed elevation only in early 
stages. The latter pattern was the main focus of the present study, 

Fig. 4 | Microbial dynamics and their diagnostic potential during multistep CRC progression. a, Graphical representation of major microbial and 
metabolomic alterations during multistep CRC progression. b,c, Metagenomic and metabolomic markers for detecting patients with S0 (n = 27) (left) 
and SIII/IV (n = 54) (right) CRCs from the healthy controls (n = 127) identified from random-forest classifiers based on species (red), KO genes (blue) or 
metabolites (black) alone, or the combination (green) of the three features. For the S0 classification, individual models used 29 species, 16 KO genes and 
24 metabolites as features. For SIII/IV classification, individual models used 55 species, 5 KO genes and 62 metabolites as features. In the combination 
models, species, KO gene and metabolite features were selected from the individual models. GABA, γ-aminobutyric-acid; KO, KEGG orthology gene. The 
x axis presents the percentage contribution of the features to the model in each test (see Methods). The boxes represent 25th–75th percentiles, black 
lines indicate the median, whiskers extend to the maximum and minimum values within 1.5× the interquartile range and dots indicate outliers. The boxes 
are marked in red for overrepresentation, in light-blue for underrepresentation or in gray for no significant changes (P < 0.005; one-sided Mann–Whitney 
U test) in S0 or SIII/IV compared to the healthy controls. Performance of the classifiers using AUCs was evaluated using 10 randomized 10-fold cross-
validation. d, Comparison of species relative abundances before and after surgery (n = 28). The x axis indicates log-transformed fold change in expression 
and the y axis P values analyzed using a one-sided Wilcoxon signed-rank test. The horizontal dashed line indicates a P value of 0.005. The sizes of the 
circles indicate the abundance of each species averaged over pre- and post-operative statuses. Species discussed in Fig. 2 as previously reported as 
increased or decreased in CRCs, known as butyrate producers, H2S producers, cancer-related species reported in other cohorts, or newly associated with 
CRCs in the present study as elevated or depleted species, are highlighted in red (increased) and blue (decreased). e, Relative abundances of five species, 
D. longicatena, P. micra, P. uenonis, P. anaerobius and P. stomatis, which are significantly decreased after surgery (P < 0.005; one-sided Wilcoxon signed-
rank test) in comparison to before surgery in 28 patients with SI/II/III CRCs. The boxes represent 25th–75th percentiles, black lines indicate the median, 
whiskers extend to the maximum and minimum values within 1.5× the interquartile range and dots indicate outliers. Increases and decreases are colored 
in red and blue, respectively. f, Relative abundances of the same five species in HS samples (n = 40) for whom fecal samples before the operation were not 
available are shown in comparison to the healthy controls (n = 251).
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given the possibility that changes in the state of the gut microbiome 
predispose individuals to develop CRC. In particular, our results 
showed that the abundances of F. nucleatum and S. moorei were 
elevated in S0, which may indicate contributions of these species to 
initial events in tumorigenesis, in addition to the known association 
with advanced CRCs5,31.

Notably, A. parvulum and A. odontolyticus showed significant 
increases only in MP and/or S0. Our network analyses demonstrated 

the co-occurrence of the two species in S0 and a strong correlation 
of A. parvulum with Streptococcus spp., which are known H2S pro-
ducers32. A. parvulum has been shown to constitute a network hub of 
H2S-producing bacteria through high co-occurrence relationships 
with Streptococcus in patients with inflammatory bowel disease19. 
A. odontolyticus is often present in the oral cavity and gastrointes-
tinal tract of healthy humans and, in particular, has been shown 
to be one of the predominant Actinomyces species in developing  
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biofilms on tooth surfaces33. It has previously been reported that the 
presence of A. odontolyticus in fecal samples of patients with car-
cinoma in adenoma, although the sample size was small34. Further 
studies will be necessary to clarify the precise mechanisms by which 
these bacteria might contribute to tumorigenesis.

The concentration of DCA was significantly increased in patients 
with MP. DCA is known to lead to increased DNA damage and 
mutations35. In animal studies, administration of bile acids resulted 
in a higher incidence of tumors in the gut36. B. wadsworthia, the 
growth of which is stimulated by bile18, was the only species that 
was significantly correlated with DCA in the present study (Fig. 2d). 
Concentrations of conjugated bile acids (taurocholate and glyco-
cholate) were also increased in S0. Our questionnaires demonstrated 
that B. wadsworthia was positively correlated with intake of dietary 
protein (P = 0.00278) and meat (P = 0.00248) in S0 (Extended Data 
Fig. 10). B. wadsworthia, a close relative of Desulfovibrio species, is 
known to cause inflammation, but has not been intensively studied 
in association with carcinogenesis29, although it is often discussed 
in the context of dysbiosis9,18. Although these microorganisms are a 
normal part of the gut ecosystem, an overabundance of the bacteria 
and their metabolites in the colorectum may lead to inflammation 
and damage to DNA.

The following limitations should be considered with our  
study. First, although this study includes a large CRC cohort,  
a validation cohort is needed in the future. Second, we did not 
determine the total cell count in fecal samples and recent reports 
have shown that microbial load is a key driver of observed  
alterations in the microbiota in some diseases37. Absolute rather 
than relative abundances might be a better indicator of multistep 
CRC carcinogenesis. Third, although our methods (that is, fecal 
samples collected immediately at first defecation after starting oral 
administration of a bowel-cleansing agent) appear to be appropri-
ate for collecting and freezing material from subjects undergoing  
colonoscopy at the hospital, there is a lack of similar study reports 
for comparison. In addition, the effect of bowel cleansing on the 
resulting metabolome data in cases with CRC remains to be investi-
gated. Therefore, further studies are warranted to validate our sam-
pling protocol.

In the present study, we could not clarify any potential microbial 
involvement in stages prior to the formation of adenomas and more 
detailed causalities between microbiome and/or metabolome and 
tumors. Therefore, we are prospectively collecting fecal and tissue 
biopsy samples from individuals who undergo colonoscopy at regu-
lar intervals for future microbiome analyses with a possible longitu-
dinal component. In addition, clarification of relationships between 
the gut microbiome and tumor molecular characteristics in indi-
vidual patients with CRC will be necessary to understand the roles 
of the microbiome in CRC carcinogenesis. Cases who had a heredi-
tary or suspected hereditary disease were excluded in the present 
study. The adenomas were limited to conventional-type colorectal 
adenomas, not including serrated lesions. Recently, it has been 
reported that these latter may be associated with tissue bacteria38–40. 
Metagenomic and metabolomic data derived from fecal and/or tis-
sue samples from patients with hereditary or suspected hereditary 
diseases and patients with serrated lesions may clarify other aspects 
of CRC tumorigenesis.

In conclusion, we observed dynamic shifts in microbial com-
position, gene abundance in gut microbiota and metabolites dur-
ing multistep CRC progression. Although it is not clear whether 
these species and metabolites directly cause tumorigenesis, struc-
tural shifts in gut microbiota may lead to changes in the oncogenic 
microenvironment. Furthermore, the present study highlights that 
CRC progression may be influenced by the metabolic output of 
the entire microbiota, as well as the presence of cancer-associated 
organisms. We believe that CRC is fundamentally not only a genetic 
but also a microbial disease.

Online content
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Methods
Study subjects and sample collection. This study was conducted with subjects 
undergoing total colonoscopy in the National Cancer Center Hospital, Tokyo, 
Japan. The samples and clinical information used in this study were obtained 
under conditions of informed consent and with approval of the institutional review 
boards of each participating institute (National Cancer Center, 2013–244; Tokyo 
Institute of Technology, 2014018). Stool samples were collected immediately at first 
defecation after starting oral administration of a bowel-cleansing agent at hospital 
and stored frozen on dry ice. We previously demonstrated high pairwise Pearson’s 
correlation coefficients for taxonomic profiles and no significant differences in 
taxonomic abundance of 20 dominant genera between this type of sample and 
frozen fecal examples taken one day before colonoscopy (standard samples)41. 
The subjects were provided with the same commercial low residue diet the day 
before the colonoscopy procedure. Data on life style, including dietary habits, 
were obtained with detailed questionnaires (475 question items, 25 pages), based 
on the example used in the Japan Public Health Center-based prospective study42. 
Cases who had a hereditary or suspected hereditary disease (for example, familial 
adenomatous polyposis, hereditary non-polyposis colorectal cancer, microsatellite 
instability-high), an inflammatory bowel disease, an abdominal surgical history or 
for which stool samples were insufficient for data collection were excluded from 
the study. Inter-group (healthy, MP, S0, SI/II, SIII/IV and HS) distributions of 
body-mass index (BMI), alcohol consumption (grams per day) and smoking habits 
(Brinkman index) were analyzed using a Kruskal–Wallis rank-sum test. Inter-
group distribution of gender was analyzed using Pearson’s χ2 test with d.f. = 5.

DNA extraction. DNA was extracted from frozen fecal samples with the bead-
beating method as previously described43 using a GNOME DNA Isolation Kit (MP 
Biomedicals). DNA quality was assessed with an Agilent 4200 TapeStation (Agilent 
Technologies). After final precipitation, the DNA samples were resuspended in TE 
buffer and stored at −80 °C before further analysis.

Whole-genome shotgun sequencing. Sequencing libraries were generated with a 
Nextera XT DNA Sample Prep Kit (Illumina). Library quality was confirmed with 
an Agilent 4200 TapeStation. Whole-genome shotgun sequencing of fecal samples 
was carried out on the HiSeq2500 platform (Illumina). All samples were paired-
end sequenced with a 150-bp read length to a targeted data size of 5.0 Gb.

Quality control. A total of 31,797,649,036 (49,375,231 on average) paired-
end reads, covering 4,772,084,552,120 (7,410,069,180 on average) base pairs 
in total, were underwent quality control as follows. Raw reads containing 
the letter ‘N’ (base pair not identified) were discarded. Reads containing the 
bacteriophage phiX DNA sequences were identified by mapping them against 
the reads using Bowtie 2 (version 2.2.9)44 with preset options in ‘–fast-local’ and 
discarded. Reads were trimmed for adapter sequences and primer sequences 
using cutadapt (version 1.9.1)45 for which the following options were used (‘-a 
CTGTCTCTTATACACATCTCCGAGCCCACGAGAC -O 33 -q 17’ for the 
forward primer sequence; ‘-a CTGTCTCTTATACACATCTGACGCTGCCGACGA 
-O 32 -q 17’ for the reverse primer sequence). Reads containing quality values 
of 17 or less consecutively were tailed-cut at the 3′ termini within the cutadapt 
program. Next, reads of lengths less than 50 base pairs were discarded. Reads of 
average quality values of 25 or less were discarded. Next, reads were mapped against 
the human genome (24 gi numbers: from 568336000 to 568336023, http://www.
ncbi.nlm.nih.gov/nuccore/568336023/, GRCh38) using Bowtie2 (version 2.2.9). 
Those that were mapped were considered to be derived from the human genome 
and were discarded. Finally, unpaired reads were discarded. As a result, a total of 
28,482,269,496 (44,227,127 on average) paired-end reads with 4,114,878,107,497 
(6,389,562,279 on average) base pairs in total (referred to as the ‘high-quality reads’ 
hereafter) (Supplementary Table 6) were used for the following analyses.

Taxonomic profiling. The high-quality reads were aligned to a pre-calculated 
operational taxonomic unit (OTU) dataset stored in VITCOMIC246 using BLAST+ 
(version 2.2.30)47 (cut-off: E < 1 × 10−8) so that reads were filtered for bacterial 
and archaeal 16S rRNA sequences, whereas tRNA, 23S rRNA and the internal 
transcribed spacer (ITS) sequences were excluded. There are a number of reference 
strategies applicable to taxonomic assignment for metagenome data. We used 
the All-Species Living Tree Project (LTP) of the SILVA database for two reasons. 
First, it has the advantage that the single-locus database contains more taxonomic 
entries than those covering multiple loci or complete genomes. Secondly, the 
reference genes in this database consist only of type strains that have been isolated 
and could therefore be cultured under particular conditions and relatively easily 
manipulated in an animal experiment. The filtered reads were aligned to the LTP of 
the SILVA database (version 123)48 using BLASTn (cut-offs: E < 1 × 10−8, sequence 
identity > 97%, alignment coverage > 80%, bit score > 70)48,49. Only top hits were 
selected. As a result, a total of 8,367 species and 1,941 genera were identified. The 
relative abundance of a species was computed per sample, defined as the number 
of reads assigned to the species divided by the total number of aligned reads in the 
sample. If a read was aligned to more than one taxonomic sequence in the database 
with equal alignment scores, these taxonomies were given a value 1 divided by 
the number of the taxonomies so that they could ‘share’ the read. The relative 

abundance of the genus was computed as the sum of all species belonging to the 
genus. The generated profiles are referred to as ‘species profile’ and ‘genus profile’ 
hereafter (Supplementary Table 7).

In order to validate our species profiling pipeline, we used three other pipelines 
to obtain species-level profiles. We used the above high-quality reads to obtain 
species-level metagenomic OTUs (mOTUs) from taxonomic profiling by the 
mOTU profiler50. The database of this profiler is based on ten universal single-
copy marker genes. These marker genes consist of reference genome-derived 
and metagenome-derived examples. We used two databases; with and without 
metagenome data-derived OTUs. The generated profiles encode 651 species 
and 838 species (Supplementary Table 8). High-quality reads were also used to 
obtain species-level taxonomic profiling by MetaPhlAn251 (version 2.6.0) with 
default parameters, which resulted in 623 species (Supplementary Table 9). The 
MetaPhlAn2 is based on species specific marker genes.

Microbial community structure analysis. The overall community structures of 
616 metagenome and 406 metabolome data reads were examined using PCA. The 
community types of metagenomic samples were also analyzed by the Dirichlet 
multinomial mixture model using counts of sequencing reads13. The R package 
‘DirichletMultinomial’52 was used. The maximum number of the clusters was four, 
among which the third cluster was predominated by Prevotella (Extended Data 
Fig. 3e). The other three clusters were of more diverse structure with the genus 
Bacteroides predominating. The cancer stages, tumor locations and gender were 
examined across different community types. Distributions of age, BMI, smoking 
habits (Brinkman index) and alcohol consumption (grams per day) in the four 
community types were tested using analysis of variance. Distributions of gender, 
colonoscopic findings (healthy, MP, S0, SI/II, SIII/IV and HS), and tumor locations 
(left colon, right colon, rectum and double or triple cancers, in addition to three 
other groups without cancer (healthy, MP, and HS)) were tested using Pearson’s χ2 
test (gender, d.f. = 3; colonoscopic findings, d.f. = 15; tumor location, d.f. = 18).

Taxonomy tree construction. A taxonomy tree was constructed using GraPhlAn 
(version 0.9.7)53. Taxonomic hierarchy information was obtained from the SILVA 
database. Seven levels, including domain, phylum, family, genus and species, were 
used for Fig. 2b. Species were filtered so that those with an average abundance 
of 10−6 or higher and P < 0.005 (one-sided Mann–Whitney U test) for any of the 
stages are shown.

Analysis of microbial replication rates. We calculated replication rates using 
growth rate index (GRiD) (version 1.2). The algorithm is based on the estimation 
of the ratio between coverage at the peak (ori) and trough (ter) for the reference 
bacterial genome using M estimator with Tukey’s biweight function. GRiD values 
demonstrate a positive relationship with the replication rate. Replication rates 
were computed for 20 out of 22 species presented in Fig. 2b (A. odontolyticus, 
Actinomyces viscosus, A. parvulum, Bifidobacterium longum ssp. longum, B. 
wadsworthia, C. aerofaciens, D. longicatena, E. eligens, F. nucleatum ssp. nucleatum, 
G. morbillorum, L. multipara, L. sanfranciscensis, P. micra, P. anaerobius, P. stomatis, 
P. succinatutens, P. uenonis, S. sputigena, S. moorei and S. anginosus) using GRiD15 
with parameter ‘single’ to refer a single reference genome at each calculation. 
Reference genomes were downloaded from the NCBI website (Supplementary 
Table 10) for which the reference genome IDs were cross-referenced with SILVA 
LTP identifiers using NCBI accession numbers. If SILVA identifiers were not cross-
referenced with the NCBI database, a ‘representative genome’ was selected under 
the ‘RefSeq category’. D. longreachensis and D. vietnamensis reference genomes 
were not found in the NCBI database. Replication rates were compared across each 
of the stages (MP, S0, SI/II and SIII/IV) with the healthy controls using one-sided 
Mann–Whitney U tests with an α level of 0.005 for significance. Owing to the 
coverage requirement of GRiD, for each reference genome, samples with coverage 
of 0.2 or less were omitted from the statistical test. For A. odontolyticus, A. viscosus, 
A. parvulum, L. multipara, S. anginosus and S. sputigena, only few samples had high 
replication rates based on this analysis.

Genus and species network analysis. Spearman’s correlation coefficients were 
computed using relative abundance profiles of the genus and species for each of the 
stages (MP, S0, SI/II and SIII/IV). Genus correlation networks were constructed 
with species that had correlation coefficients of 0.4 or higher or −0.4 or lower with 
the genus Atopobium. Construction of networks was performed using yEd Graph 
Editor (version 3.18.11) (https://www.yworks.com/products/yed).

Sequence assembly. The high-quality reads were assembled per sample using 
IDBA_UD (version 1.1.1)54 with parameters –mink 20 –maxk 120 –step 10. A total 
of 81,002,850 (125780.8 per sample on average) scaffolds were generated.

Functional profiling. Open reading frames (ORFs) were predicted on the  
obtained scaffolds using MetaGeneMark (version 3.26)55 with parameter –g 11. As 
a result, 156,163,520 ORFs with amino acid lengths of 50 or longer were annotated 
with the KEGG GENES database (as of 2017)56 using DIAMOND (version 0.9.10) 
(cut-offs: sequence identity > 40, bit score > 70, coverage > 80), giving a total of 
126,761,506 ORFs, or annotated ‘genes’. Gene abundances were computed as 
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follows. High-quality reads were mapped back onto the scaffolds using Bowtie 2 
version 2.2.944. Each ORF on each scaffold was scored for read coverage, which 
was defined as the number of base pairs mapped onto the corresponding scaffold 
regions divided by the lengths of the ORFs. As more than two ORFs match up to 
one gene, each gene abundance was computed as the average of the score values. 
Gene abundances were then summed up to a total of 7,242 KO genes, a KEGG-
defined functional unit. The generated profile is referred to as the ‘KO gene profile’ 
(Supplementary Table 11).

Pathway functional characterization. Amino acid-related KO genes with pathway 
information were obtained from KEGG BRITE ‘ko00001.keg’ (list of KO genes with 
pathway maps) under the ‘Amino acid metabolism’ category. In order to investigate 
pathway modules known in microorganisms, we collected KEGG modules listed 
under ‘Microbial metabolism in diverse environments’ (map01120). In Fig. 3a, KO 
genes for which the prevalence was higher than 5% of all 576 samples are shown, 
as analyzed by Mann-Whitney Utest (P < 0.005) for any of the stages (MP, S0, SI/
II and SIII/IV) compared to the healthy controls. Representative reaction pathways 
shown in Fig. 3b and Extended Data Fig. 8b were manually constructed either 
by referring to the literature or modified from the reference maps in the KEGG 
pathway. In Fig. 3b and Extended Data Fig. 8b, KO genes are shown with P < 0.005 
for any of the stages (MP, S0, SI/II and SIII/IV), whereas the remaining KO genes 
in the pathways were omitted. Genes and KEGG orthology genes are linked in 
KEGG. For each of the KO genes, the abundance of microbial genes is summed so 
that each component in each KO gene represents an organism. Organism names 
are stored using three letter codes in KEGG.

Validation of A. parvulum using quantitative PCR. Abundance of A. parvulum 
was validated using quantitative PCR (qPCR) from fecal samples of 73 patients 
with S0 CRC and 73 healthy controls. The copy number of the targeted region of 
A. parvulum 16S rRNA gene was estimated (Supplementary Table 12) in 1 µg of 
the extracted DNA. PCR products were sequenced using an A. parvulum F-primer 
(5′-TGGATAATACCGAATACTTCGAGACT-3′) and A. parvulum R-primer 
(5′-TGCAGGTACCGTCACTTTCG-3′) and qPCR was performed on a Rotor-
Gene Q (QIAGEN) with TB Green Premix Ex Taq II (Takara Bio).

Metabolome analysis. Quantitative analysis of charged metabolites by CE-
TOFMS was performed as previously described57. Fecal metabolites were extracted 
by vigorous shaking with methanol containing 20 µM each of methionine 
sulfone and d-camphol-10-sulfonic acid as the internal standards58. All CE-
TOFMS experiments were performed using an Agilent CE system. CE-TOFMS 
metabolome data were obtained for 517 compounds (Supplementary Table 3). 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 profile is provided in Supplementary Table 13.

Identification of metagenomic and metabolomic markers for detecting 
colorectal cancer. In order to identify metagenomic and metabolomic markers 
that can distinguish samples from patients with S0 (n = 27) and SIII/IV (n = 54) 
CRCs from samples of healthy controls (n = 127), we constructed classification 
models based on the species, KO gene and metabolite profiles using two different 
methods, random-forest and LASSO logistic regression59. Models were validated 
by 10-fold stratified cross-validation testing (we resampled dataset partitions 
10 times). In each test, the accuracy of the model was examined using a ROC, 
and abundance filtering was carried out to remove low-abundance features by 
calculating the average relative abundance in each stage. The abundance threshold 
was determined to optimize the AUC (see Supplementary Table 14). Features were 
then standardized (by centering to mean 0 and dividing by the s.d. of each feature). 
Models were designed using one of three types of features (that is, species, KO 
genes or metabolites) alone, or the combination of the three.

In the random-forest model, two steps were carried out. In the first step, the 
model was constructed using each of the three profiles (species, KO gene and 
metabolite profiles) independently, for which all of the prefiltered features were 
used to perform a random-forest function with the indicated parameters (500 
trees, balanced class weight, max features = square root of all features) to compute 
‘feature importance’ (see the description below), for which the optimal number 
of features was determined using the recursive feature elimination method60 with 
parameter step = 0.1 using five different random seeds. In the second step, the 
combination model was constructed using features determined in the separate 
species, KO gene and metabolite models. Features were then further selected 
using the recursive feature elimination method60 as above (see Supplementary 
Table 14 for the number of features used in the model constructions). All analyses 
were carried out using the Python package ‘scikit-learn’. Feature contributions to 
the models were output as feature importances. Figure 4 displays features with 
a nonzero value for the feature importances in at least 50% of the tests. In the 
LASSO logistic regression model, features were selected using L1 regularization. 
The LASSO hyperparameter was set as shown in Supplementary Table 14. Feature 
contributions to the models were computed using the percentage absolute values of 
the regression coefficients. Extended Data Fig. 9 displays features with a nonzero 

coefficient in at least 50% of the tests. Assessment of the diagnostic potential of the 
known CRC risk factors (age, gender, BMI, smoking and alcohol consumption) 
resulted in lower predicting accuracy (Extended Data Fig. 9c).

Species–metabolome correlation. We computed pairwise correlation coefficients 
using Spearman’s correlation coefficients between species and metabolites for 
each of the stages (MP (n = 40), S0 (n = 27), SI/II (n = 69) and SIII/IV (n = 54)). 
We focused on species–metabolite pairs for which the abundances were greater 
in MP or S0 samples compared to the healthy control samples (P < 0.005; one-
sided Mann–Whitney U test) with a correlation coefficient greater or equal to 0.6 
(P < 0.005) in MP or S0. This process left us with 169 pairs. Among these, selecting 
pairs with species abundances higher than 10−4 left us with only one pair in MP—
that is, B. wadsworthia and DCA.

Statistical analysis. Abundances of each species, KO gene or metabolite, as well as 
bacterial replication rates were determined to be significantly elevated or depleted 
in each of the stages (MP, S0, SI/II and SIII/SIV) by a pairwise comparison with 
the healthy controls using one-sided Mann-Whitely U tests (Supplementary Table 
15). P < 0.005 was considered statistically significant. In addition, a Benjamini–
Hochberg false-discovery rate-corrected P value (q value) was estimated.

Reporting Summary. Further information on research design is available in the 
Nature Research Reporting Summary linked to this article.

Data availability
The raw sequencing data reported in this paper have been deposited in DDBJ 
Sequence Read Archive (DRA) as DRA006684 and DRA008156.
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Extended Data Fig. 1 | Overview of the study and metagenomic analysis pipeline. a, Overview of the study. Fecal samples from 616 subjects were used 
to collect whole-genome shotgun sequencing data, from which functional and taxonomic profiles were generated. Fecal samples from 406 subjects were 
used to perform CE-TOFMS analysis to generate metabolite profiles. Samples from 347 subjects were available for both the sequencing and CE-TOFMS 
data analyses. KO, KEGG orthology. b, Flow chart of the pipeline used for the metagenomics analysis. Our metagenomics pipeline consists of three parts, 
quality control, functional profiling and taxonomic profiling, in which raw reads first undergo a quality control check and are then used to run several 
analytical steps to finally generate the KEGG orthology gene-based functional and taxonomic profiles.
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Extended Data Fig. 2 | see next page for caption.
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Extended Data Fig. 2 | Clinical information for the study subjects. a,b, Distribution of age, gender, BMI, Brinkman index and alcohol consumption in 
616 subjects with metagenome data (a) and 406 subjects with metabolome data (b). The boxes represent 25th–75th percentiles, black lines indicate the 
median and whiskers extend to the maximum and minimum values within 1.5× the interquartile range and dots indicate outliers.
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Extended Data Fig. 3 | Microbial community structure and human genome content in fecal metagenomes. a, Change in the fraction of human genome 
reads out of the total number of raw reads along with colorectal cancer progression. Significant increases (P < 0.005; one-sided Mann–Whitney U test) 
in the human genome ratio (percentage reads mapped to the human genome) in feces in the MP (n = 67), S0 (n = 73), SI/II (n = 111) and SIII/IV (n = 74) 
groups are evident compared to the healthy group (H, n = 251). The boxes represent 25–75th percentiles, black lines indicate the median, vertical lines 
show maximum values within 1.5× the interquartile range and dots indicate outliers beyond the 1.5× interquartile range. b,c, PCAs of genera (n = 251) 
(b) and metabolites (n = 149) (c) in healthy controls. d, Fitting to the Dirichlet multinomial mixture model indicated optimal classification of fecal 
metagenomes (n = 616) into four community types. e, Composition of top 30 genera in each of the four community types. f–i, Distribution of stages 
(healthy, MP, S0, SI/II, SIII/IV and HS) (f), tumor locations (right colon, left colon, rectum and double or triple cancers) (g), gender (h) and age (i) in each 
of the four community types. Patient distribution of the community types are as follows: community type 1, n = 191; community type 2, n = 172; community 
type 3, n = 129; community type 4, n = 124. The boxes in i represent 25th–75th percentiles, black lines indicate the median, whiskers extend to the 
maximum and minimum values within 1.5× the interquartile range and dots indicate outliers.
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Extended Data Fig. 4 | Distributions of tumor locations and gender in the overall structures of metagenomes and metabolomes. a,b, PCA plots of  
genus profiles (n = 616) grouped by tumor location (a) and gender (b). c,d, PCA plots of metabolite profiles (n = 406) grouped by tumor location (c) and 
gender (d).
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Extended Data Fig. 5 | Comparison of A. parvulum abundance in metagenomic and qPCR analyses. a,b, Abundance of A. parvulum estimated with whole-
genome shotgun metagenomic sequence data (a) and by qPCR using the 16S rRNA gene copy number (b) in samples from 73 patients with S0 CRCs 
(green) and 73 healthy controls (red). c, Spearman’s correlation coefficient of A. parvulum abundances between the two methods was calculated with  
P-value computation using asymptotic approximation. d, qPCR demonstrated statistically significant differences in the gene number of A. parvulum 
between the healthy controls and patients with S0 CRCs (one-sided Mann–Whitney U test). The boxes represent 25th–75th percentiles, black lines 
indicate the median, whiskers extend to the maximum and minimum values within 1.5× the interquartile range and dots indicate outliers.
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Extended Data Fig. 6 | see next page for caption.
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Extended Data Fig. 6 | Replication rates were estimated using GRiD. Replication rates were plotted for the 20 species shown in Fig. 2. The y axis (GRiD) 
is defined as the ratio between coverage at the peak (ori) and trough (ter) for the reference bacterial genome. Samples that had sufficient coverage are 
plotted (coverage > 0.2) for mapping against the reference genomes. Sample numbers varied with dependent species and are indicated in parentheses. P 
values were calculated using one-sided Mann–Whitney U tests for each of the stages (MP, S0, SI/II, SIII/IV) and were compared to the healthy controls. 
Significant elevation or depletion are denoted as follows: +++, elevation with P < 0.005; ++, elevation with P < 0.01; +, elevation with P < 0.05; −−−, 
depletion with P < 0.005; −−, depletion with P < 0.01; −, depletion at P < 0.05. The boxes represent 25th–75th percentiles, black lines indicate the median, 
whiskers extend to the maximum and minimum values within 1.5× the interquartile range and dots indicate outliers.
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Extended Data Fig. 7 | Metabolite changes in colorectal cancer stages. Sixty-five metabolites with statistically significant (P < 0.005; one-sided Mann–
Whitney U test) differences for any of the stages (MP, n = 45; S0, n = 30; SI/II, n = 80; SIII/IV, n = 68 compared to the healthy controls (n = 149) on 
capillary electrophoresis time of flight mass spectrometer (CE-TOFMS) analysis. Significant changes (elevation and depletion) are denoted as follows: 
+++, elevation with P < 0.005; ++, elevation with P < 0.01; +, elevation with P < 0.05; −−−, depletion with P< 0.005; −−, depletion with P < 0.01; −, 
depletion at P < 0.05. The boxes represent 25th–75th percentiles, black lines indicate the median, whiskers extend to the maximum and minimum values 
within 1.5× the interquartile range and dots indicate outliers.
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Extended Data Fig. 8 | see next page for caption.
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Extended Data Fig. 8 | Metabolomic changes in the tricarboxylic acid (TCA) pathways and metagenomic changes in amino acid metabolism and other 
representative pathways. a, Quantified levels of metabolites involved in the tricarboxylic acid (TCA) pathway. The levels of the three TCA metabolites, 
succinate, fumarate and malate, were significantly higher P < 0.005; one-sized Mann–Whitney U test) in S0 samples (and SIII/IV samples for fumarate) 
(+++, P < 0.005; ++, P < 0.01; +, P < 0.05) compared to healthy control samples. It is uncertain what is the cause of accumulation of succinate, fumarate 
and malate in the feces of patients with early colorectal cancer, despite extremely low concentrations of other TCA intermediates such as 2-oxoglutarate. 
It is known that some bacteria synthesize ATP using a reverse reaction of succinate dehydrogenase and produce succinate as a byproduct, as part of 
fumarate respiration, in which fumarate rather than molecular oxygen is used as electron acceptor. The boxes represent 25th–75th percentiles, black 
lines indicate the median, whiskers extend to the maximum and minimum values within 1.5× the interquartile range and dots indicate outliers. The 
concentration is shown on the y axis (nmol g−1). Healthy (n = 127), MP (n = 45), S0 (n = 30), SI/II (n = 80), SIII/IV (n = 68). N.D., not detected and/or 
not determined. b, Pathway modules for metabolism types omitted from Fig. 3b. The pathway modules are modified from KEGG pathway maps ‘Alanine, 
aspartate and glutamate metabolism’, ‘Cysteine and methionine metabolism’, ‘Methane metabolism’ and ‘Arginine and proline metabolism’. ‘Leucine 
degradation’ is constructed based on leucine metabolism of Clostridium difficile, as the bacterial map is not available in KEGG. For each KO gene, bar plots 
show KO gene abundances averaged over samples within each of the five groups, healthy (n = 251), MP (n = 67), S0 (n = 73), SI/II (n = 111) and SIII/IV 
(n = 74) in order of left to right, and colored according to the order of the values. Each KO gene is composed of organism genes represented by circles. The 
sizes and colors of the circles are proportional to the relative abundances of the organism genes. Organism genes are grouped into one row and indicated 
by the organism name. The three most abundant organisms in the healthy controls are shown using three letter codes (for example, ova for Oscillibacter 
valericigenes, kpe for Klebsiella pneumoniae 342). Abbreviations for other organism names can be found in Supplementary Table 4. Gene numbers linked 
to each of the genes are listed in Supplementary Table 5. Dots in each pathway represent intermediate metabolites. The colors of the boxes of pathway 
components are marked in red for significant elevation (P < 0.005; one-sided Mann–Whitney U test) for any of the stages (MP, S0, SI/II and SIII/IV) 
compared to the healthy controls.
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Extended Data Fig. 9 | see next page for caption.
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Extended Data Fig. 9 | Metagenomic and metabolomic potentials as diagnostic markers for early (S0) and advanced (SIII/IV) CRCs. a, ROC curves as 
performance evaluation for LASSO logistic regression and random-forest models and to distinguish samples from patients with S0 (left two panels) and 
SIII/IV (right two panels) CRCs from samples of healthy controls. Models were designed based on species (red), KO genes (blue) or metabolites (black) 
individually, or a combination (green) of the three features. For the S0 classification, the species-based model used 29 species, the KO gene-based model 
used 16 KO genes and the metabolite-based model used 24 metabolites. For SIII/IV classification, the species-based model used 55 species, the KO 
gene-based model used 5 KO genes and the metabolite-based model used 62 metabolites. In the combination models, species, KO gene and metabolite 
features were selected from the individual models. Classification accuracy was evaluated on the AUC using 10 randomized 10-fold cross-validation testing. 
For the LASSO logistic regression models, all features that satisfied the abundance thresholds were used to construct both the individual models and the 
combination model. The discriminant features among all are shown. b, Discriminant features identified from LASSO logistic regression classifiers and 
random-forest classifiers for distinguishing S0 (n = 27) and SIII/IV (n = 54) cases from the healthy controls (n = 127). The colors of box plots represent 
significant increases (red) and decreases (light blue) in each group, compared to the healthy controls (P < 0.005; one-sided Mann–Whitney U test). Dark 
gray boxes indicate features without statistical significance. The x axis shows the percentage contribution of the features to the model in each test (see 
Methods). The boxes represent 25th–75th percentiles, black lines indicate the median, whiskers extend to the maximum and minimum values within 1.5× 
the interquartile range and dots indicate outliers. c, Analysis of potential confounding factors that might affect metagenomic and metabolomic classifiers. 
We analyzed AUCs for factors such as age, gender, BMI, smoking and alcohol exposure. Smoking and alcohol values are indicated as the Brinkman index 
and the amount of alcohol consumption, respectively. Whereas the gender of the patient and the Brinkman index significantly differed between groups 
(Supplementary Table 1), neither the random-forest nor the logistic regression model achieved high accuracy.
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Extended Data Fig. 10 | Correlation between dietary intake and the gut microbiome. Fusobacterium spp., Akkermansia muciniphila and sulfidogenic 
bacteria (B. wadsworthia and Pyramidobacter piscolens), which were previously reported to exhibit relationships with dietary intake, were examined for 
Spearman’s correlation coefficients with dietary fiber (water-soluble, insoluble and total dietary fiber), dietary protein intake (protein and meat), dietary 
fat (lipid), dietary calcium (calcium), serving of dairy products (milk) and energy intake (energy). +++, correlation with P < 0.005; +, correlation with 
P < 0.05. Samples that lack dietary data are omitted from the computation of correlation coefficients. Healthy, n = 242; MP, n = 67; S0, n = 72; SI/II, n = 109; 
SIII/IV, n = 71.
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