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A B S T R A C T   

Tumours exhibit significant heterogeneity in their molecular profiles across patients, largely influenced by the tissue of origin, where certain driver gene mutations 
are predominantly associated with specific cancer types. Here, we unveil an additional layer of complexity: some cancer types display anatomic location-specific 
mutation profiles akin to tissue-specificity. 

To better understand this phenomenon, we concentrate on colon cancer. While prior studies have noted changes of the frequency of molecular alterations along the 
colon, the underlying reasons and whether those changes occur rather gradual or are distinct between the left and right colon, remain unclear. Developing and 
leveraging stringent statistical models on molecular data from 522 colorectal tumours from The Cancer Genome Atlas, we reveal disparities in molecular properties 
between the left and right colon affecting many genes. Interestingly, alterations in genes responsive to environmental cues and properties of the tumour ecosystem, 
including metabolites which we quantify in a cohort of 27 colorectal cancer patients, exhibit continuous trends along the colon. 

Employing network methodologies, we uncover close interactions between metabolites and genes, including drivers of colon cancer, showing continuous abun
dance or alteration profiles. This underscores how anatomic biases in the composition and interactions within the tumour ecosystem help explaining gradients of 
carcinogenesis along the colon.   

1. Introduction 

Tumours show a high degree of tissue-specificity, where distinct 
mutations manifest selectively in particular cancer types while 
remaining absent in others [1]. Both cell internal as well as environ
mental factors have been proposed to contribute to the tissue-specificity 
of cancer molecular alteration profiles [1]. Notably, colon cancer ex
hibits an anatomical location-specificity where tumours from different 
colon segments are molecularly different [2], yet the underlying de
terminants of these distinctions remain elusive. Furthermore, a 
comprehensive exploration into whether similar anatomic location- 
based differences exist across various cancer types has not been sys
tematically undertaken. 

Epidemiological and molecular studies have suggested that left colon 
cancers (i.e. distal) are physiologically, pathologically, and genetically 
different from right colon cancers (i.e. proximal) [2–5]. These studies 
led to the development of the two-colon paradigm, which proposes 
classifying CRC according to their location relative to the splenic flexure. 
While the contribution of this division to a better understanding and 

treatment of CRC development is widely recognised, recent studies are 
questioning if this model best captures the regional variation of tumour 
properties. Indeed, some critical molecular features of CRC change 
gradually along the colon rather than undergoing a sudden change at the 
splenic flexure [6–9]. There is no definitive answer yet on whether such 
a continuous model would describe variations of CRC properties along 
the colon better than the two-colon paradigm. However, this observa
tion has potential clinical implications since treatment decisions might 
benefit from considering the tumour’s position with higher granularity. 

The colon houses the most diverse microbial community of the 
human body [9–11], and single microbes, as well as microbiome 
composition, have been linked to carcinogenesis. Closely associated 
with the microbiome is the intestinal metabolome, and certain metab
olites of the colon have been associated with specific colon cancer 
subtypes [12]. This raises the question of whether there is a link between 
local composition of microbiome as well as metabolome and differences 
between tumours along the proximal-to-distal axis along the colon. 
However, spatially resolved microbiome and metabolomics data is 
largely missing. We address this by performing spatially resolved 
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metabolomics in a cohort of 27 CRC patients and we implemented our 
recent computational approach to reconstruct the microbiome from 
tumour sequencing data [13] to infer spatial trends of the microbiome 
along the colon. 

In this study, we first show that several cancer types including CRC 
show substantial differences in driver gene mutation frequencies at 
different anatomic locations. In order to better understand this phe
nomenon, we systematically compare molecular, clinical and tissue- 
environmental properties of CRC and ask how well the two-colon or 
continuum colon models explain molecular variation along the colon’s 
proximal-distal axis. We developed a workflow to test the goodness of 
the two models in describing the spatial dependency of a large number 
of molecular and environmental features (Fig. 1A). We then investigated 
the interplay between the profiled molecular and environmental fea
tures of CRC. 

Results show that each model successfully describes a subset of 
features undergoing alterations at the molecular and environmental 
levels. However, while tumours exhibit continuous behaviours in both 
their molecular and environmental properties, sigmoid behaviours are 
only observed in the molecular properties of tumours and are less 
frequent than continuous behaviours. We identified close interactions 
between continuous genes and CRC-associated metabolites suggesting 
environmentally-induced variation in selection acting on those genes 
(Fig. 1B). 

2. Materials and methods 

2.1. Data 

2.1.1. Molecular tumour data 
Transcriptome and clinical data of tumour samples were obtained 

from The Cancer Genome Atlas Program (TCGA) (https://www.cancer. 
gov/ccg/research/genome-sequencing/tcga). We collected 522 cancer 
samples from the colon adenocarcinoma (COAD) and rectum adeno
carcinoma (READ) projects. HTSeq [14] FPKM counts were downloaded 
from the GDC data portal and converted to TPM. Transcriptome and 
clinical data of healthy colon samples were retrieved from the GTEx 
portal (https://gtexportal.org/). We collected 268 samples from sigmoid 
and transverse colon as TPM counts files. 

We retrieved promoter methylation levels for 23,436 promoters of 
14,856 genes [15]. We excluded from the analysis promoters with a 
methylation level outside the ±1σ range. 

Four different mutation annotation outputs from four different 

callers were retrieved from TCGA as VCF files. We considered the union 
of the different caller outputs. The following mutation types were dis
carded: Intragenic region, Intron, RNA, Silent, Splice Region, Splice Site, 
and Translation Start Site. We also excluded from the analysis genes 
with an average mutation frequency per section <5 %. 

Mutational signature counts were extracted from TCGA VCF files 
using mutSigExtractor (https://github.com/UMCUGenetics/mutSigExt 
ractor, v1.28). 

The CIMP, MSI and CIN status of TCGA samples were obtained [16]. 
We retrieved CMS data [17]. TCGA samples with no classification were 
discarded from this analysis. 

2.1.2. Immune cells 
CIBERSORTx [18] was used to estimate immune infiltrates from 

transcriptomic data. The analysis was done with the following settings:  

• Job type: Impute Cell Fractions  
• Batch correction: Enabled  
• Batch correction mode: B-mode  
• Disable quantile normalisation: True  
• Run mode: Absolute  
• Permutations: 1000. 

We used a signature matrix [18] containing barcode genes for 22 
immune cell types to estimate immune cell infiltrates. 

2.1.3. Gut microbiota 
Microbiota data were estimated from the unmapped reads from the 

BAM files obtained from TCGA samples. We adapted our previously 
published method to extract bacterial reads from human sequencing 
data [13], following a controversy regarding the misclassification of 
human reads as bacterial [19,20]. Unmapped reads from the BAM files 
were aligned against the most current human T2T-CHM13 reference 
genome [21] using STAR, version 2.7.10b [22]. Those which were still 
not mapped served as input for PathSeq [23]. In addition, we eliminated 
ambiguous sequences that aligned to both the human genome and 
bacterial genomes. Subsequently, we quantified the presence of bacteria 
using the “unambiguous scores” method, as detailed in [13]. We 
detected a total of 7,903,173 bacterial reads and classified 8793 bacte
rial species. We used the data repository for human gut microbiota 
(GMrepo) to exclude non-human species or those observed in <100 
human samples. 

Fig. 1. Overview of the study methods and hypothesis. Graphical schemes of (A) the workflow used to investigate the spatial dependency of tumour features along 
the colon to identify subsets of continuous or sigmoid tumour features and (B) the hypothetical link between environmental tumour features and alterations in 
tumour molecular features. 
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2.1.4. Colon metabolome 
We assembled a cohort of 27 CRC patients at the European Institute 

of Oncology (IEO) hospital and quantified the abundances of 346 me
tabolites by an untargeted metabolomics approach in colon tissue 
samples. Metabolomics analysis was performed on the mucosal scrap of 
tumour samples by UPLC-MS/MS. A normalisation step was included to 
take into account the initial weight of the colon tissue received. Samples 
were prepared using the automated MicroLab STAR® system from 
Hamilton Company. Several recovery standards were added prior to the 
first step in the extraction process for QC purposes. After removing 
proteins, the resulting extract was divided into five fractions: two for 
analysis by two separate reverse phase (RP)/UPLC-MS/MS methods 
with positive ion mode electrospray ionization (ESI), one for analysis by 
RP/UPLC-MS/MS with negative ion mode ESI, one for analysis by 
HILIC/UPLC-MS/MS with negative ion mode ESI. For the downstream 
statistical analysis, only metabolites with non-zero measurements in 
seven or more sections were included. A filtering data step with 30 % 
cut-off for missing values was considered. 

In addition to our own metabolomics experiments, we collected 105 
metabolites found differentially abundant in normal/cancer or left/right 
colon samples in previous studies [24–26]. 

2.1.5. Comparative Toxicogenomics Database 
Chemical-gene interaction data were retrieved from the Comparative 

Toxicogenomics Database (CTD) at: http://ctdbase. 
org/downloads/#cg. We filtered the dataset to include only in
teractions observed in ‘homo sapiens’ and removed chemicals interacting 
with >10,000 genes. 

2.2. Statistical analysis 

2.2.1. Analysis of feature frequency 
In this work we analysed how the frequencies of features like, SNP, 

CNV, CMS, and mutational signatures behave along the proximal-to- 
distal axis of the colon. In all the datasets considered the frequencies 
in each colon section are calculated as the number of samples with a 
particular feature property (i.e. a CMS state or the presence of a CNV) 
divided by the total number of samples in a section. 

2.2.2. Analysis of mutation frequencies in TCGA projects 
For the analysis of mutation frequencies, we considered TCGA pro

jects with at least 200 samples. For each of these projects, we discarded 
those sections (which were retrieved from clinical data from the field 
‘site of resection or biopsy’) with <50 samples. We discarded from the 
analysis all the mutations classified as silent. PCA analysis was per
formed on the mutation frequency of 18 genes that were mutated in all 
the sections of all the tissues considered in at least one sample (CD209, 
CDKN2A, COL4A6, DNMT3A, EGFR, FLG, KEL, MECOM, NF1, NOTCH1, 
PIK3CA, PIK3R1, PLCG2, POLR2B, PRDM1, PTEN, RASA1, TP53). 

For each tissue, we calculated the average Euclidean distance be
tween sections by using as coordinates the mutation frequency of all the 
genes. 

The distribution of differences in mutation frequency between sec
tions was calculated by computing the difference in frequency between 
all the possible combinations of sections within a tissue. The distribution 
of differences in mutation frequencies between tissues was calculated by 
computing the difference in frequency between all the possible combi
nations of tissues. 

2.2.3. Design of the profiling workflow 
TCGA clinical data of COAD and READ primary tumour samples 

determines the number of sections of our colon model. The field ‘site of 
resection or biopsy’ reported 12 categories. We discarded 3 categories: 
‘Colon NOS’, ‘Connective, subcutaneous and other soft tissues of 
abdomen’, ‘Unknown primary site’ and grouped the samples into nine 
colon segments (Fig. 1A(1)). For the analysis of TCGA samples, we 

combined the splenic flexure with the descending colon section due to 
the low number of samples in the former (five). Similarly, in our analysis 
of IEO data, we excluded the Transverse colon section from the model as 
no samples belonged to that section. 

For continuous datasets, we calculated the median per section of 
each feature. Instead, for binary datasets, we computed the percentage 
of samples with a certain property (e.g. mutation present) out of the total 
samples per section. Features with zeroes or missing measurements in 
>30 % of the samples were discarded. The resulting dataset contained 
the observed median value of each feature for each colon section 
(Fig. 1A(2)). 

In the next step, we created random datasets for bootstrapping to test 
the ability of each model to fit observed data better than random ones. 
To generate random data sets, we performed random permutations of 
the colon sections from the observed dataset. We created 100 sets for 
each dataset analysed (Fig. 1A(3)). 

The observed and random datasets were fitted with three models: 
linear, sigmoid and polynomial (from quadratic to quartic depending on 
the data type analysed) (Fig. 1A(2–3)). We used the coefficient of 
determination (R2) to measure the GoF of each feature. 

To identify those models in which the R2 score distribution of the 
observed data was significantly greater than random data, we tested the 
observed and random distribution scores for each model using the one- 
sided Mann–Whitney U test (testing the null hypothesis that two related 
paired distribution, observed and random data, came from the same 
distribution). We discarded models with a p-value > 0.05 (Supplemen
tary Fig. 3). 

Then for each significant model, we determined which features ob
tained a better score than random data. For each feature, we fitted the 
R2 scores of the 100 random sets with a normal and assigned a p-value 
calculated as the complement of the cumulative distribution function of 
the fitted distribution at x equal to the R2 score of the observed feature. 
We corrected the p-values by False discovery rate (FDR) and, for each 
model, features with a q-value < 0.2 were classified as potentially 
following that type of behaviour (Fig. 1A(4–5)). In this way, a single 
feature could be assigned to more than one model. In such cases, we 
assign a feature to a profile only if one of the models has a q-value > 10 
% with respect to all the other model scores. Otherwise, we discard that 
feature from the analysis. 

Due to the zero-inflated nature of the microbiome and mutational 
signature data, a slightly different approach was used when analysing 
those datasets. Since these matrices are sparse, instead of calculating the 
median abundance or counts per section (which would typically give a 
zero value), we calculated the mean per section. 

For the signature dataset, before calculating the median counts per 
section, we removed samples with zeroes in >70 % of the signatures. For 
the microbiome dataset once we calculated the mean abundance per 
section we removed from the analysis bacterial species with zero mean 
in four or more colon segments. 

2.2.4. Design of the network search workflow 
The workflow takes as input a set of genes and metabolites of in

terest. All the 2083 continuous genes found during analysis of gene 
expression spatial behaviour, along with a list of metabolites composed 
by CRC associated metabolites taken from literature and metabolites 
that we found experimentally to follow a continuous trend (see below) 
were queried in Reactome to retrieve the pathways containing at least 
one gene/metabolite pair from the input sets (Fig. 5A(12)). 

For every pathway found, we used NetworkX [27] to compute the 
shortest path between the gene and metabolite of each pair. We 
considered a pair to be close when the distance between the gene and 
metabolite nodes was ≤3. We counted the number of close pairs con
tained in each pathway and defined that as the observed test statistics 
(TS) (Fig. 5A(3)). 

To determine if the number of close reactions found in a pathway 
was significantly higher than the average number of close interactions 
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between the input set of genes and random metabolites, we compared 
the observed TS of a pathway with the distribution of random TS 
generated by bootstrapping. For each pathway, we generated 500 
random groups of metabolites, with the group size matching the number 
of input metabolites found in each pathway and for each group, we 
calculated our TS (Fig. 5A(4)). The TS values from bootstrapping were 
used to estimate a distribution of random TS (Fig. 5A(5)). We set a 
confidence interval at 5 % of the random TS distribution area. If the 
observed network test statistic was above 95 % of the area of the random 
distribution, we concluded that the number of interactions between the 
genes and metabolites of interest was higher than what was expected by 
randomly picking metabolites inside the pathway (Fig. 5A(6)). We 
assigned a p-value to each pathway depending on the position of its TS 
with respect to the area of the random distribution. We then corrected 
the p-values of all the selected pathways by false discovery rate (FDR). 
Pathways with a q-value ≤ 0.2 were identified as pathways with groups 
of gene/metabolite of interest closely interacting (Fig. 5A(6)). 

2.2.5. Filtering transcriptomic data with GTEX dataset 
The aim of this filtering step was to identify those genes with a trend 

in cancer samples (TCGA), but no trend in normal samples (GTEX). 
We used GTEX metadata to determine whether samples from GTEX 

belonged to the left or right colon. Samples labelled as ‘Colon - Sigmoid’ 
were classified as left, while those labelled as ‘Colon - Transverse’ were 
classified as right. Next, we calculated the median distribution for each 
side, which allowed us to calculate the right/left expression ratio for 
each gene. We excluded from the analysis genes with a GTEX right/left 
ratio outside ±1σ from the median of TCGA expression distribution. We 
then repeated this procedure for TCGA expression data, excluding genes 
in between ±0.5σ from the median of TCGA expression distribution. 

2.2.6. Quantification of colibactin reads in COAD samples 
Resulting BAM files from PathSeq analysis described in the work of 

[13] were used to estimate colibactin reads in COAD samples. Using 
Bowtie 2 the output of PathSeq for each COAD sample was aligned on 
the FASTA sequence of Escherichia coli colibactin polyketide biosynthesis 
gene cluster (GenBank: AM229678), a cluster of genes responsible for 
the synthesis of colibactin. Each read from the PathSeq output mapping 
to this region was counted as a colibactin read. 

We then computed the percentage of colibactin-positive samples in 
each colon section. A sample was considered positive for colibactin if it 
contained 3 or more colibactin reads. 

2.2.7. Test enrichment in metabolites interacting with continuous genes 
We tested CTD metabolites for enrichment in interaction with 

continuous genes for each chemical using Chi2. We then used significant 
chemicals to test enrichment in compounds associated with colorectal 
neoplasm (MESH ID: D015179). From the list of chemicals associated 
with colorectal neoplasm, we removed chemicals where the association 
with the disease has been observed in <10 studies. 

2.2.8. Gene ontology analysis 
GO analyses were performed using ConsensusPathDB [28]. For gene 

set analysis queries were filtered by biological process terms from gene 
ontology levels 2–5 and a q-value cutoff of 0.2. Results are available in 
Supplementary Table 2. 

3. Results 

3.1. Many cancer types show high anatomic location-specificity in their 
driver gene mutation frequencies 

We wondered if the mutation profiles of tumours from different 
anatomic locations of the same tissue-of-origin tended to be more similar 
to each other as compared to those of tumours of different cancer types. 
We observed that for some cancer types, segments corresponding to one 

cancer type clustered in a space that was spanned by cancer driver 
mutation frequencies. However, some cancer types showed strong dif
ferences between tumours from different anatomic locations within the 
same tissue-of-origin comparable to differences between cancer types 
(Fig. 2A). Colon cancer showed the highest average distance between 
tumours from different anatomic locations (Fig. 2B). 

We then considered each frequently mutated cancer driver gene [29] 
one by one and asked if the distribution of mutation frequency differ
ences was higher between different cancer types than between different 
anatomic positions of the same cancer type. Intriguingly, we found that 
of 132 cancer genes, 127 showed no significant difference (q > 0.2; 
Wilcoxon test; Supplementary Table 1). This includes tumour suppressor 
genes such as PBRM1 or BRCA2 and oncogenes like BRAF (Fig. 2C). 

3.2. Molecular properties of tumours show spatial trends along the 
proximal-to-distal axis of the colon 

We compared the continuum and the two-colon cancer hypotheses 
leveraging all major available molecular data types from The Cancer 
Genome Atlas (TCGA) by developing stringent statistical models testing 
how well the occurrence of molecular alterations could be explained by 
one model or the other (Fig. 3A, Supplementary Table 1). We retrieved 
gene expression data for 60,483 protein-coding and non-coding genes in 
9 colon sections from 522 TCGA samples. 

As we were primarily interested in cancer-specific patterns and not 
genes that might show differences in expression along the healthy colon 
too, we used data from The Genotype-Tissue Expression (GTEx) [30] 
quantifying gene expression of normal samples and excluded genes that 
exhibited a similar trend in both cancer and normal samples from all 
subsequent analyses relating to transcriptome data. 

We then used non-linear least squares to fit each expression profile. 
We used linear and polynomial models to represent a continuous colon, 
while a sigmoid model was used to represent the two-colon paradigm 
(Fig. 1A). Analysis of expression profiles identified 846 continuous and 
259 sigmoid genes (Supplementary Table 1). Of the 259 sigmoid genes, 
160 had an inflexion point between the transverse and descending 
colon, as expected from the two-colon paradigm (Supplementary 
Fig. 1A, Supplementary Table 1). Interestingly some genes with an 
established role in colon carcinogenesis, like APC or RPN2, follow a 
continuous expression profile along the proximal to distal axis of the 
colon (Fig. 3B). 

We then performed gene ontology (GO) enrichment analysis [28] on 
sigmoid genes with an inflexion point between the transverse and 
descending colon. Only a few GO terms were significantly enriched and 
those were associated with cell cycle (Supplementary Table 2). We 
repeated the GO analysis on genes with continuous profiles, discovering 
that many terms were related to various types of metabolism (Supple
mentary Table 2). 

We wondered which of the two models would best describe the 
distribution of other molecular properties of the tumour. We observed 
that promoter methylation levels were significantly higher in the right 
colon (p = 1.36e-8; Wilcoxon rank sum test, Supplementary Fig. 1D), in 
agreement with previous observations showing that the CpG island 
methylator phenotype (CIMP) is mostly present in proximal tumours 
[31,32]. Fitting methylation data revealed 7976 promoters showing a 
continuous profile, while 1435 followed a sigmoid one (Supplementary 
Table 1). As predicted by the two-colon model, most of the promoters 
with a sigmoid profile had inflexion points between the transverse and 
descending colon (Supplementary Fig. 1B). We asked how many pro
moters following a sigmoid or continuous trend would be under positive 
selection for methylation change during tumour evolution and, hence, 
are likely drivers of colon carcinogenesis [15]. We found a significant 
overlap between those genes under selection for methylation changes 
and those where the methylation change along the colon is well 
described by one of our models (p = 0,0002; Fisher’s exact test). 

We then retrieved mutation data from TCGA, and for each gene, we 
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calculated the mutation frequency per colon section. Results revealed 
that genes had higher mutation frequencies in the right sections of the 
colon (p < 0,0001; Wilcoxon test, Supplementary Fig. 1E), in agreement 
with previous observations showing that hypermutated CRCs are more 
common in the proximal colon [33]. Fitting of the 1211 genes with an 
average mutation frequency per section ≥5 % revealed that 202 showed 
a sigmoid mutation frequency profile, while 306 were continuous 
(Supplementary Table 1). The distribution of inflexion points of 
sigmoidal profiles resembled what was found for transcriptome and 
methylation data (Supplementary Fig. 1C). Notably, APC mutation fre
quency followed a continuous trend (Fig. 3C); which is remarkable as 
APC is one of the most frequently mutated tumour suppressor genes in 
CRC [34]. Moreover, our profile analysis indicates that APC expression 
and mutation frequency show opposite gradual trends (Fig. 3B–C). A 
continuous mutation frequency was observed for the oncogene BRAF 
(Fig. 3C). 

CRC can be subdivided into four consensus molecular subtypes 
(CMS) based on transcriptome data [2,17]. We analysed the relative 
frequency of CMSs in each colon section (Supplementary Table 1). CMS2 
followed a linear trend increasing from the cecum to the rectum (Sup
plementary Fig. 1F). 

CIMP, CIN and MSI status have been previously reported to differ 
between tumours from the left vs. those from the right colon [2]. We 
asked if their frequencies could be better described by continuous or 
sigmoid models. Fitting results showed that CIN and MSI molecular 
classifications followed a sigmoid behaviour, CIN with a higher fre
quency in distal sections and the changing point at the splenic flexure, 
the opposite was observed for MSI. CIMP followed a continuous trend, 
with a higher frequency in the cecum gradually decreasing towards the 
rectum (Supplementary Fig. 1G). 

Chromosomal amplification or loss is a common CRC feature pri
marily affecting left-sided cancers [2]. We calculated each chromosome 

Fig. 2. Intra-tissue variations in gene mutation frequencies can be comparable to or even higher than inter-tissue variations. (A) PCA visualisation of mutation 
frequencies in all tissue sections for 18 genes showing mutations in each section of each TCGA project considered. (B) Average Euclidean distance between sections of 
each tissue considered. Distances were calculated using the mutation frequency of each gene in a section as coordinates. (C) Comparison between the distribution of 
PBRM1, BRAF and BRCA2 frequency difference within tissue sections and the frequency difference between the nine different tissues analysed. The distributions are 
not significantly different (q > 0.05; Wilcoxon test). 
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arm’s amplification and deletion frequency in each colon section. 
Analysis of deletions revealed 11 continuous and 5 sigmoid deletions. 
We identified eight amplifications following a continuous trend (Sup
plementary Table 1). 

Finally, we tested trends for tumour mutational signatures, which are 
mutation patterns linked to distinctive mutagenesis processes, some
times characteristic of specific environmental factors. We analysed the 
abundance profile of 60 mutational signatures. We found four signatures 
following a continuous behaviour (Fig. 3D, Supplementary Table 1) and 
four following a sigmoid behaviour (Supplementary Fig. 1H, Supple
mentary Table 1), showing the inflexion point in between the transverse 
and descending colon. Interestingly the four continuous signatures are 
found to be associated with environmental factors, namely chemo
therapy treatment (SBS87), tobacco chewing (SBS29), aflatoxin (SBS24) 
and colibactin exposure (SBS88). Sigmoid signatures are found to be 
associated with molecular processes, like defective DNA mismatch 
repair (SBS6, SBS26), and clock-like signatures associated with ageing 
(SBS1). 

3.3. Environmental factors follow a continuous trend along the colon 

Our results show that the distribution of molecular features of tu
mours along the colon can be often well described by either sigmoid or 
continuous models. Intriguingly, genes associated with metabolism or 
interactions with the local environment tend to be associated with 
continuous trends. Previous studies revealed that the colon’s chemical 
and physical properties, like pH, oxygen concentration and mucus 
thickness, follow continuous trends [10]. We tested if the genes with a 
continuous expression profile were enriched in interactions with envi
ronmental chemicals, as defined by the Comparative Toxicogenomics 
Database (CTD) [35], 37 chemicals had more interactions than expected 

by chance with continuous genes (q < 0.2; Chi-squared test; Supple
mentary Table 3). Of those, seven metabolites were involved in colo
rectal neoplasms, which is a higher number than expected by chance (p- 
value = 2.55e-11; Chi-squared test; annotation by CTD). 

These results led us to wonder if the continuous distributions of 
environmental factors of the tumour ecosystem could play a role in 
shaping the observed continuous trends. 

Aiming to quantify and reconstruct the spatial organisation of the 
tumour ecosystem along the colon by experimental and computational 
means first we charted changes in the tumoural tissue metabolome. 
Since publicly accessible metabolomic data with matching positional 
information within the colon are sparse, we performed global untar
geted metabolomic analysis on 27 surgically resected tumours from a 
new cohort of patients (n = 27) with CRC collected at the IEO Hospital 
(Supplementary Fig. 2A). 

Results from our spatial dependency analysis revealed that 10 out of 
346 measured metabolites followed a continuous profile while no 
metabolite showed a sigmoid profile (Fig. 4A, B). Among the continuous 
metabolites identified, fatty acids (eicosenoate, erucate, oleate/ 
vaccenate, stereate) are noteworthy since different studies revealed an 
increasingly important role of these compounds and their metabolism in 
tumorigenesis and cancer progression [36,37]. Other metabolites like 
polyamines (spermine), acylcarnitines (butyrylcarnitine, propio
nylcarnitine), and sulphate metabolites (S-adenosylhomocysteine) also 
showed continuous behaviour. 

The microbiome has been demonstrated to have an impact on cancer 
progression [38] and is closely linked to the colon metabolome, in this 
regard, we have recently demonstrated that quantification of the intra- 
tumour microbiota can be inferred by extracting microbial reads from 
RNA-seq data and used this approach to reconstruct the colon cancer 
microbiota from TCGA COAD and READ samples [13,39]. We used this 

Fig. 3. Different molecular tumour features show continuous and sigmoid trends. (A) Proportion of sigmoid and continuous features identified for each molecular 
tumour property analysed. (B) Expression profiles of APC and RPN2 along the proximal to distal axis of the colon. Expression is measured in transcripts per million. 
(C) Mutation frequency of APC and BRAF. The frequency is calculated as the fraction of samples with a gene mutation over the total samples in a section. (D) 
Mutational signatures profile of continuous signatures SBS29, SBS87, SBS88, SBS24. Data are reported as mean counts per section. 
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data to profile the abundance of the microbes along the proximal-to- 
distal colon axis. Strikingly we found 17 continuous human microbes 
and none with sigmoid behaviour (Fig 4A, Supplementary Table 1). 
Interestingly, among the genera identified, Porphyromonas gingivalis and 
Ruminococcus gnavus have been already associated to CRC [40], while a 
CRC protective role has been proposed for Bifidobacterium adolescentis 
and the butyrate-producing bacteria Roseburia hominis, Coprococcus 
comes and Blautia hydrogenotrophica [41–45]. 

To further investigate the interplay of gradients observed in micro
biome and metabolome data, we correlated average abundances per 
segment between the two, resulting in 102 significant correlations (q <
0.2; Pearson correlation test; Supplementary Table 3), mainly involving 
S-adenosine homocystein (SAH), acetylcarnitines (butyrylcarnitine), 
long chain fatty acids (erucate, stearate) and citrate. We tested if the 
number of observed correlations was larger than expected by chance by 
randomly permutating the colon sections for metabolites and microbe 
measurements, revealing that the original set showed a significantly 
higher number of correlations (p = 0.0099 and p < 0.0001; random
isation test; Supplementary Fig. 2B). 

Long-chain fatty acids have been extensively associated with CRC 
progression and an immune suppressive tumour immune microenvi
ronment [46,47]. The increased fatty acid metabolism in the tumour 
microenvironment is linked to the carnitine system levels, as a conse
quence of the increased mitochondrial protein acetylation and subse
quent Randle effect [48]. Intriguingly, we observe a significant positive 
correlation of Porphyromonas gingivalis, a well known pathogen in CRC 
progression with SAH which acts as a metabolic fuel for this asacchar
olytic bacteria through the activation of its methyl-cycle metabolism. 
Intriguingly, this metabolic pathway is strictly linked to the LuxS gene 
signalling, a fundamental transcription regulator in Porphyromonas gin
givalis involved in bacterial growth, biofilm formation, stress resistance 
and virulence promotion [49]. At the same time, positive correlations 
have been found between sulphur-reducing bacteria and C4 acylcarni
tine (butyrylcarnitine), a metabolite deriving from the carnitine 

metabolism, suggesting an intimate connection between dietary inputs 
into H2S signalling in the gut [49,50]. Further validation studies are 
therefore needed to elucidate the interaction between nutrition and 
sulphur homeostasis. 

Next, we applied CIBERSORTx to reconstruct immune infiltrates 
from tumour RNAseq data, estimating the abundance of 22 immune cell 
types in TCGA samples. Our results pointed at four immune cell types 
following a continuous behaviour (Fig. 4A, Supplementary Table 1), 
namely T cells CD8+, T cells CD4 memory resting, and T cells follicular 
helper, which showed higher abundance in the proximal colon, while 
macrophages M0 followed an opposite trend and had higher abundance 
in the rectum. None of the retrieved immune cell types followed a sig
moid abundance pattern along the colon. 

3.4. Continuous genes and metabolites colocalise in CRC-related 
pathways 

Results show that bacterial, immune cell and metabolite abundances 
of tumours along the colon can be best described by continuous models. 
It is tempting to speculate that the high fraction of continuous molecular 
alterations in tumours is indicative of gradual ecosystem changes in 
which tumours evolve. To verify this hypothesis, we examined whether 
genes with continuous expression profiles were closer to continuous or 
cancer-related metabolites in cellular pathways than expected by 
chance. 

We assembled a list of metabolites relevant to our study, including 
those with a continuous profile that we detected experimentally and 
others linked to cancer found in the literature [24–26]. Then, we 
implemented a network algorithm that, given the set of continuous 
genes and the list of assembled metabolites, searched for Reactome 
pathways in which continuous genes and the compiled metabolites were 
significantly closer in proximity than expected by chance (Fig. 5A). 
When we run the algorithm on genes with a continuous expression 
profile, this process identified 16 pathways (Table 1, Supplementary 

BA
Immune cells
Metabolites
Microbes

Sigmoid Continuous

Co
un

ts

Fig. 4. Tumours environmental factors follow prevalently continuous trends along the colon. (A) Number of sigmoid and continuous features identified in immune 
cells, metabolites, and microbes datasets. (B) Plots of metabolites following a continuous behaviour along the proximal to distal axis of the colon. Dots indicate the 
median abundance per section, while error bars are the median absolute deviation. On top of each graph is the regression line from the best-fitting model. 
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Table 3). The same process was repeated on genes with continuous 
mutation frequency and promoter methylation, identifying 8 and 10 
pathways respectively (Supplementary Table 3). These pathways were 
mainly involved in cellular functions such as metabolism (e.g. glycos
aminoglycan, carbohydrate metabolism), signal transduction (e.g. G 
alpha (s) signalling events, Fig. 5B), gene expression (e.g. Epigenetic 
regulation of gene expression), organisation of extracellular matrix, and 

immune system (e.g. Class I MHC mediated antigen processing & 
presentation). 

We repeated this network analysis approach by using the Metab
oAnalyst tool [51], which given a list of genes and metabolites allows to 
perform enrichment analysis on KEGG pathways. 2 out of our 16 pre
viously identified pathways were also identified with MetaboAnalyst 
(Supplementary Table 3) as significant pathways, confirming that 

Fig. 5. Network analysis methods show that tumour continuous molecular and environmental features closely interact in cancer-related pathways. (A) Graphical 
scheme of the network search algorithm developed to identify Reactome pathways containing close interactions between genes with a continuous expression profile, 
and a set of target metabolites composed of our experimentally detected continuous metabolites and other cancer-relevant metabolites. (B) A subset of the G alpha (s) 
signalling events pathway retrieved from Reactome (https://reactome.org/, ‘R-HSA-418555’). Genes with a continuous expression profile are found in complexes 
with metabolites that share the same type of profile. Expression is measured in transcripts per million, while metabolite abundance is reported as scaled intensity. 
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Glycosaminoglycan biosynthesis and N-Glycan biosynthesis indeed 
contains continuous gene in close proximity with either continuous or 
cancer associated metabolites. 

To test if the observed number of pathways with high proximity 
between continuous genes (expressed, methylated and mutated) and 
metabolites was larger than expected by chance, we repeatedly rando
mised the identity of the input metabolites and found a significantly 
higher number for the original set (p ≤ 0.0001; randomisation test; 
Fig. 5C, Supplementary Fig. 2C). 

We wondered if we would also find close interactions between sig
moid genes and metabolites. For gene expression, we identified only two 
pathways enriched in close interactions: Metabolism of RNA and Post- 
translational protein modification. 

While more analysis is necessary to determine causality and direc
tionality, our findings suggest that environmental factors, such as diet 
and microbiome, may impact tumour molecular properties in a gradu
ally changing manner along the colon. Gradients of selective forces 
might result in the development of heterogeneous cancer types and their 
anatomic biases within the colon. 

4. Discussion 

In this study, we first demonstrate that many cancer types show high 
anatomic location-specificity in their driver gene mutation frequencies. 
One of the tissues with the largest differences between tumours from 
different anatomic positions is the colon. 

We therefore address the long-standing question of whether a left- 
right or a continuous model better describes the biological and clinical 
differences observed in tumours along the proximal-to-distal axis of the 
colon. Here we describe a comprehensive analysis of CRC’s molecular 
and environmental features, by combining publicly available and newly 
experimentally generated omics datasets. Our results demonstrated that 
while the two models are not mutually exclusive for CRC molecular 
features, specific features follow a continuous behaviour. Genes 
involved in cell cycle, DNA replication and chromatin maintenance can 
be best described by a left-right model. Instead, genes related to meta
bolism and adaptation to the local tissue-environment show continuous 
changes in their molecular properties along the colon. Intriguingly, we 
observed a possible link between alterations in those genes and envi
ronmental factors, with the microbiome likely playing a central role 
mediated by the local metabolome. 

A main novelty of our work is that we analysed molecular changes in 

light of environmental selective forces. This allowed us to identify small 
subnetworks of interactions between genes and the tumour ecosystem. 
Most of these interactions were identified in pathways closely related to 
the establishment of the tumour microenvironment or involved in CRC 
development. 

A significant role in CRC development has been attributed to a group 
of pathways involving continuous genes and metabolites located close to 
each other: G alpha (s) signalling events. The activation of G protein- 
coupled receptors, which respond to various luminal metabolites, has 
gained attention due to its association with the regulation of inflam
mation and immune response [52–54]. In these pathways, we identified 
close interaction between G-protein-coupled receptors (and phospho
diesterases) with nucleosides and amine (Supplementary Table 3). Our 
profiling analysis shows that adenosine and G protein-coupled receptors 
in this pathway follow a linear trend increasing from the cecum to the 
rectum (Fig. 5B). In contrast, the abundance of immune T cells shows the 
opposite trend (Supplementary Fig. 2D). Previous studies have shown 
that adverse conditions like inflammation or hypoxia can lead to the 
accumulation of extracellular adenosine, which activates cellular sig
nalling pathways through G-protein-coupled receptors, leading to 
immunosuppressive effects that can be beneficial to colorectal tumori
genesis [55]. The inverse correlation between adenosine abundance and 
T cells has been observed before [56]. Interestingly gene-metabolites 
pairs with continuous gradients have been found in immune system 
pathways like the Class I MHC mediated antigen processing & presen
tation pathway, which is a crucial pathway in the activation of CD8 T 
cells through the recognition of cancer cell antigens [57]. While our 
models did not allow for interpreting directionality, it is tempting to 
speculate about the existence of causal links between the tumour and its 
environment being responsible for the observed sigmoid and continuous 
trends of the tumours. Future experimentation (e.g. controlled manip
ulation of the environment in vitro tumour evolution experiments or 
longitudinal studies) will have to clarify causality and directionality. 
Discerning the biological features influencing the tissue microenviron
ment is a challenging hot topic in CRC. Thus our multi-omics approach 
on large datasets provides a proxy for further experimental validations 
to investigate a possible causality between microbiome, metabolites 
abundance and gene expression. 

Obviously our results could be confounded by biases in the compo
sition of the patient cohorts used in this study. While it would be very 
interesting to see if our observations hold for cohorts from currently 
geographically underrepresented locations, we confirmed that ethnicity 
and gender do likely not confound our observations as they are not 
associated with position along the proximal-to-distal axis of the colon 
(ordinary least square regression, p > 0.05). 

Interestingly, we find several lines of evidence that gradients of 
molecular alteration profiles affecting cancer driver genes and CMS 
could be favoured through specific environmental properties of the 
tumour ecosystem: 1. We find that FBXW7 (the fifth most frequently 
mutated colorectal cancer gene [29]) follows a continuous promoter 
methylation trend. This gene has been identified in the pathway ana
lyses to closely interact with continuously abundant metabolites in the 
Immune system pathway. 2. SBS88 follows a continuous trend along the 
colon. This SBS is caused by colibactin and has been recently described 
to contribute to mutations in colon cancer driver genes such as APC 
[58]. Interestingly, our analysis of microbiome composition along the 
colon revealed an increase of colibactin-positive patients towards the 
distal parts of the colon (Supplementary Fig. 2E). Ultimately, APC, 
which contains mutations that are in agreement with the SBS88 signa
ture, shows an increase of mutations towards the rectum. 3. CMS2 fol
lows a continuous trend along the colon. One of the genes (TP53RK) 
characteristic of the CMS2 expression signature, as defined in the work 
of S. Buechler et al. [59], follows a continuous expression and methyl
ation trend and comes up in the respective network analyses as forming 
a subnetwork with continuously abundant metabolites in metabolism of 
RNA and tRNA modification in the nucleus and cytosol pathways. 

Table 1 
List of Pathways containing close interactions between genes with continuous 
expression profile and metabolites with either continuous abundance profile, 
associated with CRC or differentially abundant in left vs right colon.  

Superpathway Pathway q- 
Value 

Signal transduction G alpha (s) signalling events  0.03 
Metabolism of RNA Metabolism of RNA  0.12 
Metabolism of 

proteins 
Post-translational protein modification  0.09 
Biosynthesis of the N-glycan precursor (dolichol 
lipid-linked oligosaccharide, LLO) and transfer to 
a nascent protein  

0.04 

Metabolism of proteins  0.19 
Metabolism Biological oxidations  0.07 

Fatty acid metabolism  0.10 
Glycosaminoglycan metabolism  0.03 
Metabolism of carbohydrates  0.07 
Metabolism of vitamins and cofactors  0.07 

Immune system Class I MHC mediated antigen processing & 
presentation  

0.00 

Immune System  0.05 
Gene expression 

(transcription) 
Epigenetic regulation of gene expression  0.10 
Gene expression (transcription)  0.07 
Generic transcription pathway  0.03 

Disease Diseases of metabolism  0.03  
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The intricate link between a tumour and its environment has 
important clinical applications: first, metabolic or bacterial profiles 
could serve as biomarkers for tumour presence and position. Second, 
more precise localisation information along the colon might hold diag
nostic or prognostic potential and, consequently, guide tailored thera
peutic interventions. In agreement, a previous study established a link 
between tumour localisation in the colon and prognosis [8]. 

Beyond the biological and clinical implications, this study marks an 
important step in the field about the existence of gradient selection. 
Future methodological work should be dedicated to developing popu
lation genomics methods to understand how selection is constrained in 
space and will have to develop models capable of identifying genes 
under location-specific selection. 

Supplementary data to this article can be found online at https://doi. 
org/10.1016/j.bbadis.2024.167311. 
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