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SUMMARY
Colon cancer is a clinically diverse disease. This heterogeneity hampers selection of patients that 

benefit most from adjuvant therapy and impedes the development of novel targeted agents [1]. 

More insight into the biological diversity of colon cancers, especially in relation to clinical features, 

is therefore needed. We demonstrate, using an unsupervised classification strategy involving over 

1100 patients, that three main molecularly distinct subtypes can be recognized. Two subtypes 

have been previously identified and are well characterized (chromosomal instable (CIN) and 

microsatellite instable (MSI) cancers) [2]. The third subtype is largely microsatellite stable (MSS) 

and contains relatively more CpG Island Methylator Phenotype (CIMP) positive carcinomas but 

cannot be identified based on characteristic mutations. We provide evidence that this subtype 

relates to sessile-serrated adenomas, which display highly similar gene expression profiles, 

including up-regulation of genes involved in matrix remodelling and epithelial-mesenchymal 

transition (EMT). The relevance to identify this subtype is enforced by the fact that it has a very 

unfavourable prognosis and moreover is refractory to EGFR targeted therapy. 
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In order to explore the heterogeneity of colon cancers we initially studied samples from 

a homogenous group of 90 stage II patients (AMC-AJCCII-90 set, Supplementary Table 1 

online). Using a previously developed unsupervised consensus-based clustering technique 

(Supplementary Fig. 1 and online methods) [3], we observed that subdivision in three clusters 

generated the most robust classification, pointing to three main colon cancer subtypes (CCS) 

(Fig. 1a and Supplementary Fig. 2). Subsequently, we derived a 146 gene classifier (Supplementary 

Table 2 online), which reliably categorized AMC-AJCCII-90 patients into 44 CCS1, 22 CCS2 

and 24 CCS3 patients (49%:24%:27%) (Fig. 1b). We validated this classifier in six independent 

datasets and found comparable proportions of patients being assigned to each subtype (Fig. 1c 

and Supplementary Table 3 online). The three subtypes were also detected in colorectal cancer 

cell lines (Fig. 1d) [4]. Moreover, subtypes are generally maintained upon xenografting of cell 

lines and primary tumours (Supplementary Fig. 3d-g) [5, 6], suggesting they reflect persistent 

(epi-)genetic features of tumour cells rather than differences in stroma or immune infiltrate, 

which have been used previously as well to stratify patients [7, 8]. To further characterize the 

subtypes, mutation-, MSS/MSI- and CIMP status of all patients was determined (Fig. 1e). This 

revealed a striking association of CCS2 with both MSI and CIMP+, indicating that this subtype 

demarcates the well-characterized MSI/CIMP+ subset of colon cancers. In contrast, the CCS1 

group was largely devoid of MSI/CIMP+ patients and instead presented typically with KRAS and/

or TP53 mutations, suggesting it represents the well-described group of CIN tumours [2, 9]. 

This was confirmed by mapping gene expression data on chromosomal regions, as frequently 

observed chromosomal aberrations (e.g. 18q loss, 20q gain) were identified (Supplementary 

Table 4 online). Interestingly, CCS3 was relatively heterogeneous with respect to MSS/MSI and 

CIMP status, and contained a high level of BRAF and KRAS mutations. This subgroup therefore 

is distinct from the two major colon cancer entities (CIN, MSI), and instead shared similarities 

with previously suggested subgroups [9-11]. Importantly, these molecular characteristics were 

consistently observed in other datasets (Supplementary Table 5 online).

Consistent with other studies CCS1-CIN tumours were mainly left-sided, while 

CCS2-MSI tumours mostly consisted of right-sided colon cancers [12], CCS3 tumours were 

evenly distributed throughout the colon and enriched with poorly differentiated cancers 

(Supplementary Fig. 4a,b). Clinical relevance of the proposed classification was immediately 

evident when analysing disease-free survival, which revealed a significantly poorer prognosis 

for CCS3 patients. More than 50% of CCS3 patients developed a recurrence within two years 

(Fig. 2a and Supplementary Table 6 online). This was confirmed in stage I-III in the MVRM 

dataset in which we also observed a significant increase in CCS3 tumours with advancing stage 

(Supplementary Fig. 4c,d).  Many predictive gene expression profiles (>20) [13-15] and qPCR-

based methods such as the FDA-approved OncotypeDX [16], have been put forward to identify 

stage II patients with a poor prognosis. We confirmed the prognostic relevance of these tools in 

our dataset (Fig. 2b-d and Supplementary Table 7 online) [17]. Surprisingly, the genes that make 

up the different signatures show very limited overlap (Supplementary Fig. 4e,f), and yet they all 

largely identify the same patients. We therefore speculated that the molecular distinct subtype 

CCS3 underlies the prognostic application of these signatures and indeed detected that none 
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Figure 1. Unsupervised classification identifies three molecular distinct subtypes. (a) Unsupervised 
classification of 90 stage II colon cancer patients displays the optimal classification using three clusters as 
supported by the gap statistic for various gene set sizes (bottom right). A classifier was constructed (146 
unique genes) to categorize patients in each of the subtypes. (b) The AMC-AJCCII-90 set is classified in three 
subtypes according to the classifier. The top bar indicates the subtypes; light blue; CCS1, green; CCS2, dark 
blue; CCS3. In the heatmap, rows indicate genes from the classifier and columns represent patients. The 
heatmap is color-coded based on median centred log2 gene expression levels (orange, high expression; 
blue, low expression). The lower bar indicates the posterior probability of belonging to each respective 
subtype. Similar results have been obtained in six additional patient series (Supplementary Fig. 3a-c and 
Table 3 online), and similar fractions assigned to each subtype are observed in each set (c). Note that some 
datasets are enriched in MSI patients (§) or advanced stage disease (#). (d) The three distinct subtypes 
can also be identified in colon cancer cell lines (CCLE set). Layout as in a. See Supplementary Table 3 for 
classification of lines. (e) Each subtype is associated with particular molecular characteristics, here shown 
for the AMC-AJCCII-90 set. Purple rectangles indicate the presence of a mutation, MSI or CIMP+ for each 
respective bar. Significance analysis is reported in Supplementary Table 5 online. 
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of the signatures were independent predictors of prognosis when CCS3 was considered as a 

known prognostic determinant (Fig. 2c,d, Supplementary Fig. 5a and Table 8 online). More 

importantly, our CCS classification has the advantage of identifying subtypes with the most 

extensive biological differences (Supplementary Fig. 5b), which will aid in understanding and 

effective targeting of this disease subgroup. 

To provide a rapidly accessible classification tool a tissue microarray (TMA)-based mini-

classifier was developed using immunohistochemistry for 4 gene products (FRMD6, ZEB1, HTR2B 

and CDX2), selected based on validated reliable staining and high differential expression between 

CCS1 and CCS3 in multiple datasets (Fig. 2e). Cross-validation confirmed reasonable accurate 

classification and a resulting significant correlation with disease outcome (Fig. 2f,g). Similarly, we 

established a qPCR mini-classifier with comparable results (Supplementary Fig. 6a-c).

In agreement with the observation that the CCS classification identifies biologically highly 

distinct entities, in vitro drug treatment of cell lines representative of the different CCSs indicated 

a significant differential response to, in particular, cetuximab (Fig. 3a). This resistance was also 

detected in primary xenografts treated with cetuximab (Fig. 3b and Supplementary Fig. 6d) 

[5]. More importantly, analysis of metastatic colon cancer patients treated with cetuximab 

confirmed resistance of CCS3 tumours in a clinical setting  – independent of KRAS mutation 

status, a well-established determinant of therapy response (Fig. 3c,d) [18]. Combined this 

shows that CCS3 not only represents a subset with poor prognosis, but also defines a group of 

patients that respond poorly to cetuximab therapy.

As it becomes increasingly apparent that colon carcinomas can develop via various 

histologically definable routes, we investigated the possibility that CCS3 is related to a distinct 

precursor lesion. We speculated that CCS3 tumours could originate from pre-neoplastic lesions 

associated with the serrated pathway, which is supported by relative overrepresentation 

of BRAF mutant and MSS/CIMP+ tumours. To this end we derived gene expression data 

from a group of histologically and genetically-confirmed sessile serrated adenomas (Fig. 4a 

and Supplementary Fig. 7a) [19, 20] and compared them to tubular adenomas from Familiar 

Adenomatous Polyposis (FAP) individuals, harbouring an APC germline mutation and therefore 

predictably progress via the CIN pathway. Strikingly, gene sets specific for serrated- or FAP-

associated adenomas demonstrated a highly significant association with CCS3 or CCS1-CIN 

tumours respectively (Fig. 4b and Supplementary Fig. 7b). Furthermore, categorizing precursor 

lesions based on our classifier confirmed that serrated adenomas closely associated with CCS3 

tumours (Supplementary Fig. 7c). Principal component analysis (PCA) highlighted this similarity 

of serrated adenomas with CCS3 tumours (Fig. 4c). This observation was not unique to our 

patient set or classifier, but could be repeated in independent cohorts as well as by using all 

expressed genes (Supplementary Fig. 7d-f). Cumulatively, our data provide evidence that poor 

prognosis CCS3 tumours are highly related to serrated adenomas and that this precursor lesion 

progresses into this distinct class of colon tumours.

To understand the biological properties that underlie aggressiveness of CCS3 tumours, we 

performed gene set enrichment analysis (GSEA) for biological processes implicated in metastasis. 

We focussed on comparing CCS1-CIN with CCS3-serrated tumours, since the distinct features 
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Figure 2. CCS3 tumours display poor prognosis, underlies previous prognostic classifiers and can be 
identified using a TMA. (a,b) Kaplan-Meier graphs depicting Disease-free survival (DFS) within the AMC-
AJCCII-90 set stratified by the CCS classification (a) or Oncotype DX recurrence score (b). P-values are based 
on log-rank tests. (c,d) Gene expression based predictors of prognosis identify CCS3 tumours. Heatmap 
depicts relapse probability for each patient (rows) as calculated by the Oncotype DX method (c) or a PAM 
model for each published significant prognostic classifier (d). Relapse columns indicate actual relapse during 
follow-up (purple, relapse). Subtype column indicates colon cancer subtype (light blue, CCS1; green, CCS2; 
dark blue, CCS3). DFS prediction bar indicates the level of significance of the particular signature in predicting 
DFS (log-rank test). Association bar indicates the level to which extent each profile identifies CCS3 tumours 
(P-value based on hypergeometric test). This analysis indicates that prognostic classifiers, independent 
of actual relapses, identify CCS3 tumours. Consistent findings for the MVRM dataset are reported in 
Supplementary Fig. 5a. (e-g) Immunohistochemistry for the indicated proteins (e, scale bars indicate 100μm) 
followed by automated image quantification and generation of a random forest classifier performs with 
reasonable accuracy in and out-of-bag cross validation (f, P < 0.001, Fisher’s exact test), and with clinical 
significance (g). 69 patients were included in this analysis; CCS2 in this case is based on MSI status. 
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Figure 3. CCS3 tumours are resistant to therapy. (a) In vitro cultured cell lines are exposed to increasing 
doses of indicated drugs. CCS3 cell lines are more resistant to increasing doses of cetuximab in vitro. 
Cell viability is determined by MTT and averaged over all CCS1 or CCS3 lines. SW620, Colo205, Ls180 and 
Caco-2 represent CCS1; Colo320, HT29, SW480 and DLD1 represent CCS3 (Supplementary Table 3). Error 
bars indicate SEM. (b) In vivo treatment of primary colorectal cancer xenografts with cetuximab (four 
doses of 40mgkg-1/IP injection every 4 days) as described in Julien et al.[5], reveals a significantly impaired 
response in CCS3 compared to CCS1 classified xenografts (P = 0.004, Fisher’s exact test, - vs. +, ++ and 
+++). (-) Indicates no effect on tumour growth, (+++) indicates tumour regression. (c,d) Classification 
of patients with metastatic disease in the Khambata-Ford set[18] confirms that tumours belonging to 
CCS3 are more resistant to cetuximab. (c) CCS1 tumours show a significant greater clinical response to 
cetuximab monotherapy (P = 0.018, Fisher’s exact test, PD vs. SD, PR and CR). UD=undefined response 
as patient died before first evaluation, PD=progressive disease, SD=stable disease, PR=partial response, 
CR=complete remission. (d) Kaplan-Meier graph demonstrates significantly impaired cetuximab response 
in KRAS wild type (WT) patients belonging to CCS3 (CCS1 WT vs. CCS3 WT, P = 0.001, Log-rank test). 

of MSI tumours have been described previously. Most notably, EMT, matrix-remodelling, cell 

migration, and TGF-β signalling were processes up-regulated in CCS3-serrated tumours, while 

Wnt target genes were more highly expressed in CCS1-CIN tumours (Fig. 4d, Supplementary Fig. 

8a,b and Table 9 online) [21-23]. The enhanced expression of EMT and matrix-remodelling genes 
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in CCS3 tumours was validated by qPCR and immunohistochemistry (Supplementary Fig.  8c,d) 

and as both processes have been implicated in poor disease outcome they provide a compelling 

explanation why CCS3-serrated tumours metastasize more frequently as compared to CCS1-CIN 

tumours[23-25]. Corroboratively, CCS3-like cell lines demonstrated increased invasive behaviour 

as compared to CCS1 lines (Fig. 4e).  Strikingly, our data reveal that serrated precursor lesions 

are already endowed with a more aggressive and metastatic gene expression profile (Fig. 4f).

Our findings indicate that three distinct colon cancer subtypes can be identified each 

associating with unique clinical and molecular features. Two of these, CCS1 and CCS2, have been 

recognized previously and associate with CIN and MSI respectively. The CCS3-serrated subtype is 

much less well characterised despite its poor prognosis and reduced therapy response. A subset 

of the CCS3-serrated tumours is also characterized by increased Wnt target gene methylation 

on which we reported previously [26], but this is not a defining characteristic (Supplementary 

Fig. 8f). The detection and further characterization of these tumors will potentially result in 

optimized therapy for patients that will benefit most. Here we report that CCS3 tumors are 

resistant to cetuximab therapy and therefore novel targeted therapies need to be identified 

for this subgroup. In this respect, the high expression of TGF-β pathway components in CCS3 

tumours may be of interest. Although mutational inactivation is often seen in advanced colon 

cancers, our data might point to a subtype-specific role of this pathway. This is reminiscent of 

the situation seen in breast cancer, where TGF-β activity either enhances or represses EMT and 

stem cell potential depending on the subtype analysed [27]. The finding that the CCS1-3 subtypes 

can be detected in serum-cultured cell lines might greatly facilitate this follow-up research. Also 

mouse models that closely resemble CCS3-serrated tumors need to be defined, as the majority of 

current in vivo research uses models resembling CSS1-CIN intestinal tumors, i.e. the APCmin strain. 

Several promising candidate models exist that have in common that lesions arise with a serrated 

morphology and generally show marked invasive growth [28, 29], two important hallmarks we 

believe define CCS3 tumours and may already be evident in the precursor lesions, i.e. sessile 

serrated adenomas (Fig. 4g). Strikingly, we find that EMT genes and matrix-remodelling enzymes 

are already upregulated in these pre-malignant serrated lesions, suggesting that cancers that 

develop via this route are ‘primed’ for infiltrative growth and metastasis early in development. 

Hence, our data indicate that sessile-serrated adenomas and CCS3-serrated cancers possess 

high malignant potential and need to be clinically managed as such. 

Figure 4. Poor prognosis CCS3 tumours develop via the serrated pathway and express high levels of genes 
involved in matrix remodelling and EMT. (a) Representative histology is shown for both sessile serrated 
adenomas and FAP-associated tubular adenomas. Scale bars indicate 200μm. (b) GSEA using serrated adenoma 
(top) and FAP-associated adenoma (bottom) specific gene sets (250 genes) reveals a significant enrichment in 
CCS3 and CCS1-CIN tumours respectively. ES, enrichment score. For different gene set sizes see Supplementary 
Fig. 7b). (c) PCA of precursor lesions in relation to colon cancer samples for the AMC-AJCC-90 set. Black, 
normal samples; light blue, CCS1; green, CCS2; dark blue, CCS3; light blue triangle, FAP associated adenoma; 
dark blue triangle, serrated adenoma samples. (d) Core gene sets for EMT (left) and matrix remodelling 
(right) indicate high expression in CCS3-serrated tumours and serrated adenomas compared to CCS1-CIN 
tumours and FAP associated adenomas. Importantly, none of these genes feature in the classifier. Heatmaps ◀
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indicate the average Log2 fold-change of the indicated gene (rows) between the samples of a subtype of each 
respective dataset (columns). Orange, blue; relatively highly, lowly expressed respectively. (e) CCS3-like lines 
(Colo320, HT29, DLD1, SW480) show significantly higher invasive capacity compared to CCS1-like cell lines 
(LS180, SW620, Caco-2), see for results of individual lines Supplementary Fig. 8e. RFU=relative fluorescent 
units indicating the amount of cells that passed the matrix coated membrane, error bars represent SEM, 
P-value based on rANOVA. (f) Graphs depict the normalised Log2 average expression of the EMT and matrix 
remodelling core signatures in normal tissue, precursor lesions and colon cancer of the indicated subtypes. 
Error bars represent 95% CI, p-values calculated using a two-sided Wilcoxon signed-rank test. (g) Schematic 
depicting the CIN route and the serrated route to colon cancer. Red glandular structures indicate high invasive 
potential. Note the ‘priming’ of serrated precursor lesions to invade and metastasize.

◀
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ONLINE METHODS
Patient series 

We used eight different colon cancer patient series comprising altogether a total of 1164 unique 

patients for this study (Supplementary Table 1 online). In short the AMC-AJCCII-90 series[26] 

(GSE33113) contains 90 stage II colon cancer patients that underwent intentionally curative surgery 

at our institute the Academic Medical Center (Amsterdam, the Netherlands). The MVRM set 

(GSE14333 + GSE17538) comprises two merged cohorts that form a metacohort of 345 colorectal 

cancer (CRC) patients[30]. The Jorissen set[31] (GSE13294 + GSE13067) contains 229 primary CRCs. 

The Khambata-Ford set[18] (GSE5851) and Tsuji set[32] (GSE28702) comprise 80 and 83 stage IV 

CRCs, respectively. The Cancer Genome Atlas (TCGA) dataset consists of both RNAseq and agilent 

array data on partially overlapping samples[9] (n = 270 and n = 220, respectively). In addition, 

we collected two datasets containing xenografts derived from primary CRCs from Julien et al.[5] 

(n = 75) and Uronis et al.[6] (n = 27). Finally, we used CRC cell line data from the Cancer Cell Line 

Encyclopaedia[4] (CCLE, n = 55, GSE36133) and from Wagner et al.[33] (n = 11, GSE8332). 

Identification of colon cancer subtypes (CCS) 

We first normalized and summarized microarray data from the AMC-AJCCII-90 set using frozen 

robust multiarray analysis (fRMA)[34]. Probe-specific effects and variances are precomputed 

and frozen in fRMA, which facilitates batches analysis. Gene expression presence/absence 

were detected using the barcode algorithm[35] and genes that were not present in at least 

one sample were filtered out. Subsequently 7846 probesets with most variability (Median 

absolute deviation >0.5) across samples were retained and median centred. Next we performed 

hierarchical clustering with agglomerative average linkage to cluster these samples. We 

employed consensus clustering[36], with 1000 iterations and 0.98 subsampling ratio, to assess 

the clustering stability. A significant increase in clustering stability was observed from k = 2 to 3 

(Supplementary Fig. 2a), but not for k > 3. To further confirm this, we computed Gap statistic[37] 

for k = 1 to 5, and a peak was consistently found at k = 3 (Fig. 1a), irrespective of the gene set 

size employed (Supplementary Fig. 2d). Silhouette width[38] was computed to identify the 

most representative samples within each cluster (Supplementary Fig. 2b). Finally, we retained 

samples with positive silhouette width (n = 85) to build the classifier. 

Generation of the CCS classifier 

In order to facilitate application of our classifier on data gained using different array platforms, 

we mapped expression profiles from probesets to unique genes, probesets were selected based 

on overall highest overall expression for each gene. To build the CCS classifier, we applied two 

filtering steps to select the most representative and predictive genes. First, we used SAM[39] 

(R package siggenes version 1.32.0) to identify genes significantly differentially expressed 

(FDR < 0.01) between each subtype and the other two. Second, we calculated AUC (area under 

ROC curve, R package ROCR version 1.0-4) to assess each gene’s ability to separate one subtype 

from the others. The retained 329 genes with AUC > 0.9 were trained by PAM[40] to build a 

classifier. To select the optimal threshold for centroid shrinkage, we performed 10-fold cross-
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validation over a range of thresholds for 1000 iterations, and selected the one yielding a good 

performance (error rate < 2%) with the least number of genes (Supplementary Fig. 2c). Of note, 

the gene filtering steps do not significantly affect the selection of signature genes, as observed 

from PAM classification using various cut-offs on SAM FDR and AUC (data not shown). Using 

this strategy, we built a classifier of 146 unique genes and used it to classify the CRC samples, 

xenografts, cell lines and precursors lesions. We regarded a posterior probability > 0.5 for one 

of the subtypes as being indicative of association with that group. 

Subtype classification on validation datasets 

The MVRM, Jorissen, CCLE, Wagner, Tsuji, Uronis and the precursor lesion data are generated 

using the same microarray platform as the AMC-AJCCII-90 dataset (Affymetrix Human Genome 

U133 Plus 2.0). We preprocessed each dataset independently using fRMA. For the MVRM, 

Jorissen, CCLE and Wagner datasets, where samples come from multiple different batches, 

we first detected and corrected non-biological batch effects using ComBat[41]. For each 

dataset, the expression profiles were median centred across all samples and collapsed from 

probesets to genes, and were then subjected to classification using the classifier built based 

on the AMC-AJCCII-90 dataset. The Julien, Khambata-Ford and TCGA datasets were generated 

using different platforms (Julien: GeneChip HT Human Genome U133 Array, Khambata-Ford: 

Human Genome U133A 2.0 Array, TCGA: Agilent G4502A microarray), where fRMA vectors 

are not available. Thus, we employed RMA to preprocess the Julien and Khambata-Ford sets 

independently. The preprocessed data for the Agilent microarrays was directly downloaded 

from the TCGA Data Portal (https://tcga-data.nci.nih.gov/docs/publications/coadread_2012/). 

For each preprocessed dataset, expression levels were mapped from probesets to unique 

genes according to corresponding annotation, and median centred across all samples. 

Finally, we classified each dataset using the PAM classifier built based on the AMC-AJCCII-90 

set. Signature genes that were not annotated in these platforms were replaced by the most 

correlating gene as determined in the AMC-AJCCII-90 dataset. In the Uronis and Julien 

datasets, xenografts and primary tumors were classified independently. The RNAseq (TCGA) 

dataset, including normalized RPKM (Reads Per Kilobase per Million mapped reads) across 270 

samples, was downloaded from the TCGA Data Portal. First, the dataset was log2 transformed 

and median centred. Next, we removed redundant replications for each gene by selecting the 

one with highest overall expression. Similarly, we substituted signature genes that cannot be 

mapped with their most correlated genes in the AMC-AJCCII-90 dataset. Finally, we applied the 

PAM classifier to predict subtypes of these samples.

Association analysis of previous signatures with survival 

To test the prognostic relevance of previous gene signatures (Supplementary Table 7 online), 

for each signature we first took all its gene expression data and trained a classifier based on 

PAM to classify relapse and non-relapse samples. Subsequently, we trained and applied the 

PAM classifier to predict relapse in corresponding samples. Log-rank tests show that most 

signatures (n = 21) can significantly predict survival (P < 0.05, Figure 2d) in AMC-AJCCII-90. 

Similarly, for Oncotype DX we first stratified all samples to ‘Low’, ‘Intermediate’ and ‘High’ risk 
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groups based on their recurrence scores, which were computed from expression levels of 7 

genes by qPCR as described by Clark-Lagone et al.[42]. We confirmed the association between 

Oncotype DX category and prognosis using the Log-rank test (P = 0.0165). Furthermore, 

hypergeometric tests and fisher’s exact test were performed to assess to what extend the CCS3 

subtypes confounds the predictive ability of the signatures and Oncotype DX, respectively. We 

used a Cox proportional hazards model to assess the impact of subtype information on the 

association of previous classification strategies with prognosis. For each signature, we first fit 

a univariate Cox model, in which the covariate is the predicted posterior probability of being 

in the relapse category (PAM). For Oncotype DX, the covariate is the recurrence risk category. 

Subsequently we employed a stratified Cox model, where the subtype information was used as 

strata to adjust the Cox model (Supplementary Table 8 online). Essential scripts to reproduce 

our analysis can be found in R package DeSousa2013 on www.bioconductor.org.

qPCR mini-classifier 

To generate a qPCR mini-classifier, we selected 9 genes (ZEB1, HTR2B, CDX2, FRMD6, CYP1B1, 

GAS1, RGS4, INHBA and HOPX) based on significant differential expression between the CCS1 

and CCS3 subtype in multiple datasets (see below for details on the qPCR conditions). We 

applied a two-step classification strategy: (1) Out of the total 90 samples, 25 were classified 

to be CCS2 based on their microsatellite status (MSI). (2) We used 44 MSS samples of CCS1 

and 20 MSS samples of CCS3 to train a classifier using random forest algorithm[43] (R package 

randomForest, version 4.6-7) with 1000 trees, which resulted in an unbiased classification 

based on internal out of bag (OOB) bootstrap resampling. 

TMA mini-classifier 

From the 9 genes present in the qPCR mini-classifier, we selected 4 gene products for further 

consideration based on reliable immunohistochemical stainings. These stainings (ZEB1, HTR2B, 

CDX2, FRMD6), together with a pan-cytokeratin staining to normalise for tumor cell content for 

each core were used to generate a TMA mini-classifier. We used a TMA consisting of 69 patients 

form the AMC-AJCCII-90 dataset on which each patient is represented by 3 cores (see below 

for details on immunohistochemistry). TMA slides were scanned, and TIFF images of individual 

cores were acquired using the Olympus dotSlide system (Olympus). We then quantified the 

stainings using an automated image analysis pipeline using MATLAB. The approximate TMA area 

was detected by applying an entropy filter to determine regions with high local randomness. 

Pixels were labelled as ‘foreground’ or ‘background’ by applying a threshold set at twice the 

modal entropy value of the image. Continuous ‘foreground’ regions with an area greater than 

10% of the image size were considered to be the ‘main TMA area’. The selected TMA region 

was then deconvoluted into a ‘blue’ haematoxylin and ‘brown’ DAB channel according to the 

algorithm proposed by Ruifrok[44]. In the DAB channel, pixels were classified as ‘stain’ using 

Otsu’s method[45]. For each image, the amount of staining was calculated as the number and 

intensity of ‘stained’ pixels, corrected for the values for pan-cytokeratin on a sequential TMA 

slide. TMAs were classified based on a two-step approach similar to the one used for the qPCR 
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mini-classifier: (1) 20 MSI samples were classified as CCS2; (2)  TMA cores representing CCS1 and 

CCS3 were used to train a random forest classifier with 1000 trees. The OOB subtype prediction 

of TMA cores were subsequently collapsed to CCS classification for patients. 

Gene set enrichment analysis (GSEA)

We performed GSEA[46] for a manually selected metastasis related Gene Ontology gene sets 

(Supplementary Table 9 online), as well as for several EMT and matrix remodelling associated 

gene sets (Supplementary Fig. 8b). For each patient dataset, we took as phenotype log fold 

change between gene expression of CCS3 and CCS1 samples. P-values indicating the significance 

of enrichment were estimated by 1000 permutations and, in the case of Supplementary Table 9 

online, corrected for multiple testing using the Benjamini-Hochberg method.

Precursor lesions

We obtained polyps from patients diagnosed with Familial Adenomatous Polyposis (FAP) during 

colonoscopy. In addition, we retrieved frozen serrated adenomas and tubular adenomas from 

the pathology department (AMC). An expert pathologist (M.J.) confirmed the identity of both 

serrated and tubular lesions. Frozen tissue samples were cut using a cryo-microtome (5 x 20μm) 

and stored until further use.

Immunohistochemistry and TMA 

We constructed a tissue microarray (TMA) comprising 69 patients of the AMC-AJCC-II. Briefly, 

we collected paraffin blocks from primary CRCs and used an H&E stained section from each 

tumor to identify an area with representative tumor content. From each tumor, we collected 

three cores with diameter of 0.6 mm using the Beecher TMA instrument and inserted them in a 

recipient block. Recipient blocks were sectioned at 4 μm, dried overnight at 37ºC, deparaffinized 

in xylene and rehydrated in graded alcohol. Slides were stained with anti-HTR2B (1:75, Sigma, 

HPA012867), anti-FRMD6 (1:500, Sigma, HPA001297), anti-CDX2 (1:200, Novus Biologicals, NB100-

2136), anti-ZEB1 (1:500, Sigma, HPA027524), or anti-Cytokeratin (AE1/AE3) (1:500, Thermo scientific). 

After a secondary incubation with anti-rabbit-HRP or anti-mouse-HRP (Powervision), staining was 

developed using DAB+ Chromogen (Dako) and slides were counterstained with haematoxylin. 

RNA, microarray and PCR 

For microarray gene expression profiling and real time PCR, we extracted RNA using Trizol 

(Invitrogen), following the manufacturer’s instructions. RNA concentration was determined 

with a NanoDrop 2000. For microarray analysis RNA integrity was measured using the Agilent 

RNA 6000 Nano Kit on an Agilent 2000 Bioanalyzer (Agilent Technologies). Only samples with 

a RIN (RNA Integrity Number) >7 were subjected to microarray. Affymetrix microarray analysis, 

fragmentation of RNA, labelling, hybridization to Human Genome U133 Plus 2.0 microarrays, and 

scanning were performed following the manufacturer’s protocol (Affymetrix). Microarray data 

are available (http://www.ncbi.nlm.nih.gov/geo/index.html) under GEO accession number (To 

be determined). For real time PCR, 1 μg of total RNA was reverse transcribed to cDNA using 

Superscript III following the manufacturer’s protocol (Invitrogen). Real time qPCR was performed 
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on 2 ng of cDNA using SYBR Green (Roche) and a Light Cycler 480II (Roche) in accordance with 

the manufacturer’s instructions. All values were normalized to β-ACTIN expression. 

Oncotype DX 

The Oncotype DX colon cancer assay is a qPCR-based diagnostic test that determines the 

likelihood of recurrence in stage II CRC patients. Briefly, qPCR was performed on a Light Cycler 

480II, in a 10 μl total reaction volume consisting of 2 x TaqMan Genotyping Master Mix (Applied 

Biosystems), 2.5 ng cDNA and primers/probes at a final concentration of 0.9 μM/0.2 μM. Thermal 

cycling conditions and oligonucleotide sequences are described elsewhere[42]. We normalized 

samples to the average C
T
 of the five reference genes (ATP5E, GPX1, PGK1, UBB and VDAC2). The 

CCGS (cell cycle group score; normalized mean C
T
 values for MYC, MK167 and MYBL2), SGS (stromal 

group score; normalized mean C
T
 values for BGN, FAP and INHBA) and normalized C

T
 values for 

GADD45B were used to calculate the Recurrence Score (RS) as described in Clark-Langone et 

al.[42]. Samples with RS < 30, 30 ≤ RS < 41 or RS ≥ 41 were considered at low, intermediate or high risk 

of recurrence, respectively. All primer sequences can be found in Supplementary Table 10 online.

Mutations, MSI and CIMP 

For detection of BRAF V600E, KRAS G12D/G13D and TP53 mutations, we performed PCR on 

tumor-derived cDNA samples, followed by direct Sanger sequencing. BRAF exon 15 and KRAS 

exon 2 amplification was carried out in a 25 μl total reaction volume consisting of 0.5 μl cDNA 

(5 ng), 12.5 μl Reddymix (Thermo Scientific), 1.25 μl forward and reverse primers (10μM) and 

9.5 μl H
2
O. Samples were subjected to 5 min 95°C, 35 cycles of 30 sec 92°C, 30 sec 60°C (BRAF) or 

55°C (KRAS), 1.5 min 72°C, followed by 5 min 72°C. PCR products were sequenced using BigDye 

Terminator 3.1 (BDT, Applied Biosystems). MSI status of the samples was determined using the MSI 

Analysis System, version 1.2 (Promega), according to the manufacturer’s instructions. Samples 

are considered MSI-high (MSI-H), MSI-low (MSI-L) or MSS when ≥ 2, 1 or 0 out of 5 markers are 

instable, respectively. We isolated genomic DNA from the tumor samples using the High Pure PCR 

Template Preparation kit (Roche), and subjected the DNA to bisulfite conversion (2 μg/sample) 

with the EpitectBisulfit Kit (Qiagen) according to the manufacturer’s instructions. We used the 

TaqMan-based methylation specific RT-PCR (Methylight) to determine the CIMP-status of the 

tumor samples. Five CIMP-specific markers (CACNA1G, IGF2, NEUROG1, RUNX3, SOCS1) and 

a methylation-independent normalization control (ALU) were included in the analysis. Primer/

probe sequences are described previously[47]. The ALU probe was labelled with a minor-groove 

binder non-fluorescent quencher (MGBNFQ; Applied Biosystems); other probes were labelled 

with a black hole quencher (BHQ-1; Biosearch Technologies). As a positive control, we used 

plasma blood lymphocyte gDNA (PBL; Promega) samples treated with CpG Methyltransferase 

(M.SssI; NEB). We performed the Methylight reaction on a Light Cycler 480 II in a total reaction 

volume of 10 μl consisting of 1 μl bisulfite converted DNA (~ 20 ng), 1 μl GeneAmp® 10 X PCR Gold 

Buffer (Applied Biosystems), 1 μl stabilizer (0.1% Tween-20; 0.5% gelatin), 0.2 μl dNTPs (10mM), 

0,05 μl Amplitaq Gold Polymerase (Applied Biosystems), 0.5 μl forward and reverse primers 

(6 μM) and probe (2 μM), 1 μl of MgCl2 (25mM) and 4,25 μl H
2
O. Thermal conditions used were 

10 min 95˚C, followed by 50 cycles of 15 sec 95˚C, 1 min 60˚C. Serial dilutions of the positive 
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control samples were used to generate a standard curve, in order to calculate the percentage of 

methylation relative to the reference (PMR) value for each sample using the following formula: 

([geneX mean value for the sample]/[ALU mean value for the sample])/([geneX mean value for 

the M.SssI reference]/[ALU mean value for the M.SssI reference])*100%. Samples with a PMR 

value > 15 are considered positive for methylation; samples are defined as CIMP positive (CIMP+) 

or negative (CIMP-) when ≥ 3 or ≤ 2 out of 5 CIMP markers have a PMR > 15, respectively. 

Cell lines 

We used the following CRC lines in this study: SW480, SW620, Ls180, HT29, DLD1 were 

maintained in DMEM (Invitrogen) supplemented with 10% FCS (Lonza) and 1% glutamine. 

Colo320, Colo205, and Caco-2 were maintained in RPMI 1640 (Invitrogen) supplemented with 

10% FCS and 1% glutamine according to ATCC guidelines.

Cell viability 

For determination of cell viability, we seeded 2500 cells per well in 96-well plates and treated 

them with increasing dose of either 5-FU (SIGMA-ALDRICH), Oxaliplatin (SIGMA-ALDRICH), 

Irinotecan (SIGMA-ALDRICH) or Cetuximab (Erbitux®). Viable cells were determined 72h 

post treatment using the 3-(4,5-dimethylthiazol-2-yl)-2,5-diphenyltetrazolium bromide 

(MTT) (Invitrogen) assay by measurement of absorbance at 540 nm in a Synergy plate reader 

(Biotek). Background absorbance was subtracted from each data point and cell viability at each 

concentration was expressed as a percentage of untreated control wells. 

Invasion 

To assess the invasive capacity of cells, we used a modified Boyden chamber set-up on Matrigel-

coated membranes with 8 μm pores. 24-well BioCoatFluoroBlok Invasion System plates (BD) 

were prepared following the manufacturer’s recommendations. We first labelled cells with 10 μM 

Celltracker Green CMFDA (Life Technologies Europe) in serum-free medium supplemented with 

20 mM HEPES for 1h at 37°C. After labelling, cells were incubated in medium without dye for an 

additional 1h. Cells were dissociated with Accutase and washed with serum-free medium containing 

1% BSA. ~ 5x104 cells in 500 μL were seeded per insert and invasion towards 10% FCS (750 μL in 

bottom compartment) was assessed. Fluorescence in the GFP spectrum was acquired every 22 min 

for 24h in a Synergy plate reader. We subtracted background fluorescence from every time point, 

and cell movement was then expressed as fluorescence relative to the first time point of invasion.

METHOD REFERENCES
1. Wolpin BM, Mayer RJ (2008) Systemic treatment 

of colorectal cancer. Gastroenterology 134: 
1296-1310

2. Markowitz SD, Bertagnolli MM (2009) 
Molecular origins of cancer: Molecular basis of 
colorectal cancer. N Engl J Med 361: 2449-2460

3. Verhaak RG et al (2010) Integrated genomic 
analysis identifies clinically relevant subtypes 
of glioblastoma characterized by abnormalities 

in PDGFRA, IDH1, EGFR, and NF1. Cancer Cell 17: 
98-110

4. Barretina J et al (2012) The Cancer Cell Line 
Encyclopedia enables predictive modelling of 
anticancer drug sensitivity. Nature 483: 603-607

5. Julien S et al (2012) Characterization of a large 
panel of patient-derived tumor xenografts 
representing the clinical heterogeneity of human 
colorectal cancer. Clin Cancer Res 18: 5314-5328

141



Colon Cancer Heterogeneity: Stem cells, Signals and Subtypes

6

6. Uronis JM, Osada T, McCall S, Yang XY, Mantyh 
C, Morse MA, Lyerly HK, Clary BM, Hsu DS 
(2012) Histological and molecular evaluation 
of patient-derived colorectal cancer explants. 
PLoS One 7: e38422

7. Calon A et al (2012) Dependency of colorectal 
cancer on a TGF-beta-driven program in 
stromal cells for metastasis initiation. Cancer 
Cell 22: 571-584

8. Pages F et al (2009) In situ cytotoxic and 
memory T cells predict outcome in patients 
with early-stage colorectal cancer. J Clin Oncol 
27: 5944-5951

9. Cancer_Genome_Atlas_Network (2012) 
Comprehensive molecular characterization of 
human colon and rectal cancer. Nature 487: 
330-337

10. Shen L et al (2007) Integrated genetic and 
epigenetic analysis identifies three different 
subclasses of colon cancer. Proc Natl Acad Sci 
U S A 104: 18654-18659

11. Sadanandam A et al (2013) A colorectal cancer 
classification system that associates cellular 
phenotype and responses to therapy. Nat Med 
19: 619-625

12. Sugai T, Habano W, Jiao YF, Tsukahara M, 
Takeda Y, Otsuka K, Nakamura S (2006) Analysis 
of molecular alterations in left- and right-
sided colorectal carcinomas reveals distinct 
pathways of carcinogenesis: proposal for new 
molecular profile of colorectal carcinomas. J 
Mol Diagn 8: 193-201

13. Lascorz J, Chen B, Hemminki K, Forsti A (2011) 
Consensus pathways implicated in prognosis of 
colorectal cancer identified through systematic 
enrichment analysis of gene expression profiling 
studies. PLoS One 6: e18867

14. Salazar R et al (2011) Gene expression signature 
to improve prognosis prediction of stage II and 
III colorectal cancer. J Clin Oncol 29: 17-24

15. Popovici V et al (2012) Identification of a poor-
prognosis BRAF-mutant-like population of 
patients with colon cancer. J Clin Oncol 30: 
1288-1295

16. Gray RG et al (2011) Validation study of a 
quantitative multigene reverse transcriptase-
polymerase chain reaction assay for assessment 
of recurrence risk in patients with stage II colon 
cancer. J Clin Oncol 29: 4611-4619

17. Tibshirani R, Hastie T, Narasimhan B, Chu G 
(2002) Diagnosis of multiple cancer types by 
shrunken centroids of gene expression. Proc 
Natl Acad Sci U S A 99: 6567-6572

18. Khambata-Ford S et al (2007) Expression 
of epiregulin and amphiregulin and K-ras 

mutation status predict disease control in 
metastatic colorectal cancer patients treated 
with cetuximab. J Clin Oncol 25: 3230-3237

19. Boparai KS, Dekker E, Polak MM, Musler AR, 
van Eeden S, van Noesel CJ (2011) A serrated 
colorectal cancer pathway predominates over the 
classic WNT pathway in patients with hyperplastic 
polyposis syndrome. Am J Pathol 178: 2700-2707

20. Kambara T et al (2004) BRAF mutation is 
associated with DNA methylation in serrated 
polyps and cancers of the colorectum. Gut 53: 
1137-1144

21. Van der Flier LG et al (2007) The Intestinal Wnt/
TCF Signature. Gastroenterology 132: 628-632

22. Taube JH et al (2010) Core epithelial-to-
mesenchymal transition interactome gene-
expression signature is associated with claudin-
low and metaplastic breast cancer subtypes. 
Proc Natl Acad Sci U S A 107: 15449-15454

23. Curran S, Dundas SR, Buxton J, Leeman MF, Ramsay 
R, Murray GI (2004) Matrix metalloproteinase/
tissue inhibitors of matrix metalloproteinase 
phenotype identifies poor prognosis colorectal 
cancers. Clin Cancer Res 10: 8229-8234

24. Shioiri M, Shida T, Koda K, Oda K, Seike K, 
Nishimura M, Takano S, Miyazaki M (2006) 
Slug expression is an independent prognostic 
parameter for poor survival in colorectal 
carcinoma patients. Br J Cancer 94: 1816-1822

25. Spaderna S, Schmalhofer O, Hlubek F, Berx G, 
Eger A, Merkel S, Jung A, Kirchner T, Brabletz T 
(2006) A transient, EMT-linked loss of basement 
membranes indicates metastasis and poor 
survival in colorectal cancer. Gastroenterology 
131: 830-840

26. de Sousa EMF et al (2011) Methylation of 
cancer-stem-cell-associated Wnt target genes 
predicts poor prognosis in colorectal cancer 
patients. Cell Stem Cell 9: 476-485

27. Bruna A et al (2012) TGFbeta induces the 
formation of tumour-initiating cells in 
claudinlow breast cancer. Nat Commun 3: 1055

28. Bennecke M, Kriegl L, Bajbouj M, Retzlaff K, 
Robine S, Jung A, Arkan MC, Kirchner T, Greten 
FR (2010) Ink4a/Arf and oncogene-induced 
senescence prevent tumor progression during 
alternative colorectal tumorigenesis. Cancer 
Cell 18: 135-146

29. Leystra AA et al (2012) Mice expressing 
activated PI3K rapidly develop advanced colon 
cancer. Cancer Res 72: 2931-2936

30. Merlos-Suarez A et al (2011) The intestinal stem 
cell signature identifies colorectal cancer stem 
cells and predicts disease relapse. Cell Stem 
Cell 8: 511-524

142



Poor Prognosis Colon Cancer is Defined by a Molecular Distinct Subtype and Develops from Serrated Precursor Lesions

6

31. Jorissen RN et al (2008) DNA copy-number 
alterations underlie gene expression 
differences between microsatellite stable and 
unstable colorectal cancers. Clin Cancer Res 
14: 8061-8069

32. Tsuji S, Midorikawa Y, Takahashi T, Yagi K, 
Takayama T, Yoshida K, Sugiyama Y, Aburatani 
H (2012) Potential responders to FOLFOX 
therapy for colorectal cancer by Random 
Forests analysis. Br J Cancer 106: 126-132

33. Wagner KW et al (2007) Death-receptor O-
glycosylation controls tumor-cell sensitivity 
to the proapoptotic ligand Apo2L/TRAIL. Nat 
Med 13: 1070-1077

34. McCall MN, Bolstad BM, Irizarry RA (2010) 
Frozen robust multiarray analysis (fRMA). 
Biostatistics 11: 242-253

35. McCall MN, Uppal K, Jaffee HA, Zilliox MJ, 
Irizarry RA (2011) The Gene Expression 
Barcode: leveraging public data repositories 
to begin cataloging the human and murine 
transcriptomes. Nucleic Acids Res 39: D1011-1015

36. Monti S, Tamayo P, Mesirov J, Golub T (2003) 
Consensus clustering: A resampling-based 
method for class discovery and visualization 
of gene expression microarray data. Machine 
learning 52: 91-118

37. Tibshirani R, Walther G, Hastie T (2001) 
Estimating the number of clusters in a 
data set via the gap statistic. Journal of the 
Royal Statistical Society: Series B (Statistical 
Methodology) 63: 411-423

38. Rousseeuw PJ (1987) Silhouettes: a graphical aid 
to the interpretation and validation of cluster 
analysis. Journal of computational and applied 
mathematics 20: 53-65

39. Tusher VG, Tibshirani R, Chu G (2001) 
Significance analysis of microarrays applied to 
the ionizing radiation response. Proceedings of 
the National Academy of Sciences 98: 5116-5121

40. Tibshirani R, Hastie T, Narasimhan B, Chu G (2002) 
Diagnosis of multiple cancer types by shrunken 
centroids of gene expression. Proceedings of the 
National Academy of Sciences 99: 6567-6572

41. Johnson WE, Li C, Rabinovic A (2007) Adjusting 
batch effects in microarray expression data using 
empirical Bayes methods. Biostatistics 8: 118-127

42. Clark-Langone KM, Sangli C, Krishnakumar J, 
Watson D (2010) Translating tumor biology into 
personalized treatment planning: analytical 
performance characteristics of the Oncotype 
DX Colon Cancer Assay. BMC Cancer 10: 691

43. Breiman L (2001) Random forests. Machine 
learning 45: 5-32

44. Ruifrok AC, Johnston DA (2001) Quantification 
of histochemical staining by color 
deconvolution. Analytical and quantitative 
cytology and histology 23: 291-299

45. Otsu N (1979) A threshold selection method 
from gray-level histograms. IEEE Transactions 
on Systems, Man and Cybernetics 9: 62-66

46. Subramanian A et al (2005) Gene set enrichment 
analysis: a knowledge-based approach for 
interpreting genome-wide expression profiles. 
Proceedings of the National Academy of 
Sciences of the United States of America 102: 
15545-15550

47. Weisenberger DJ et al (2006) CpG island 
methylator phenotype underlies sporadic 
microsatellite instability and is tightly 
associated with BRAF mutation in colorectal 
cancer. Nat Genet 38: 787-793

143



Colon Cancer Heterogeneity: Stem cells, Signals and Subtypes

6

90 stage II colon
cancer patients with

clinical follow-up
(AMC-AJCCII-90)

Generate gene
expression data

(affymetrix U133.2 )

fRMA normalisation
of data

Determine GAP
statistic for each
clustering result

3 clusters generates
optimal clustering

(highest GAP score)

Select most
representative pts.

for each cluster
(silhouette width)

Collapse probesets
to unique genes
(based on overall

highest expression)

Select most
informative genes

for each cluster

Train a classifier
using PAM

CCS classifier
(146 unique genes

with centroids)

MVRM

Validate
prognosis

TCGA

Validate
association

with
mutations,
expand to

rectal cancer

Precursor
lesions
Reveal

association
of CCS3 with

serrated
adenomas

Khambata-
Ford

Reveal
cetuximab

resistance of
CCS3

CCLE

Validate the
presence of
CCS groups
in cell lines

Classify AMC-
AJCCII-90 in colon
cancer subtypes

(CCS1,2,3) (error rate < 0.02)

(2,3,…9,10 clusters)
Consensus clustering

SAM & AUC

Validation
Feature selection / classification

C
lustering

Preprocessing

Figure S1. Method overview. Flow diagram of the most crucial methodological steps in generating the CCS 
classifier (in red) based on the AMC-AJCCII-90 patient set. Also indicated several important datasets we 
used to validate and expand our findings (in green).
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Figure S2. .Consensus clustering and PAM classification (a) Empirical cumulative distribution (CDF) of 
consensus clustering for k = 2 to k = 12.(b) Silhouette width of samples in each cluster. (c) Selection of the 
optimal threshold for PAM classification. Boxplots illustrate the crossvalidation error rate as a function of 
the number of probesets selected by PAM after shrinkage. (d) GAP statistic for a range of 2000 ~ 20000 
probesets, suggesting optimal clustering at 3 clusters in the AMC-AJCCII-90 set. Error bars indicate SEM. 
(e) A highly significant overlap between classification of the TCGA Agilent microarrays and RNAseq data 
can be observed with respect to the subtype assigned (P = 2.86e-37, Fisher’s exact test).
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Figure S3. CCS classification of validation data sets, cell lines and primary human tissue xenografts. (a-c) 
Classification of patients in three distinct subtypes based on the classifier in the MVRM set (a) in the Jorissen 
set (b) and in the TCGA RNAseq data set (c). (d) Representative histology of 4 different subcutaneously grown 
cell lines in nude mice. Caco-2 and Ls180 represent CCS1, Colo320 and HT29 represent CCS3. Scale bars 
represent 100 μm. (e) Classification of these xenografts (X), together with their in vitro cultured counterparts 
(CL); using the qPCRJmini-classifier. (f,g) Comparison of classification of primary human colorectal cancer 
tissue and xeno-grafts derived from these tumors shows a strong correlation between the CCS category in 
two independent datasets Julien et al. (f, P = 0.002) and Uronis et al. (g, P = 0.008, Fisher’s exact testw).
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Figure S4. CCS classification correlation with clinical features and the lack of overlap between pre-existing 
signatures. (a) Distribution of tumor subtypes in the colon. (b) CCS3 tumors are associated with a poorly 
differentiated morphology as compared to CCS1-CIN tumors (Chi-square; P < 0.001). (c) Kaplan-Meier graph 
representing disease free survival (DFS) in the MVRM dataset (log-rank p-value). (d) Graph indicates the relative 
fraction of CCS3 tumors in each stage. (Chi-square test for I/II vs. III/IV; P = 0.02). (a) The overlap in genes 
between the pre-existing signatures. Columns indicategene signatures, rows represent single genes. Shared 
genes are indicated with black lines. (b) Graph depicts the quantification of overlap between the signatures.
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Figure S5. CCS classification identifies biologically distinct groups and underlies prognostic signatures. (a) 
Heatmap using MVRM dataset depicts relapse probability as calculated by a PAM model for each patient 
(rows) and each published significant prognostic classifier (columns). (b) Silhouette analysis reveals 
CCS classification is associated with the largest expression differences between groups and most similar 
expression within a group compared to all other classifiers in 3 different datasets (grey: combined; red: 
AMC-AJCCII-90; blue: MVRM, green: Jorissen).
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Figure S6. qPCR based mini-classifier and the impaired response of CCS3 to cetuximab. (a) Heatmap depicts 
expression levels (2log) of 9 genes selected based on high differential expression between CCS1 and 
CCS3. (b,c) A random forest classifier using the qPCR expression  data performs with reasonable accuracy 
regarding the microarray based validation as the golden standard (b, P < 0.001, Fisher’s exact test), and 
with clinical significance (c, logrank P-value). (d) Heatmap depicts the classification of xenografts from the 
Julien et al. dataset and the responses to the indicated drugs. Clearly cetuximab is significantly less active 
in CCS3 xenografts compared to CCS1 xenografts (Asterisk indicates significance, P = 0.004, Fisher’s exact 
test). (-) Indicates no effect on tumor growth, (+++) indicates tumor regression.
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Figure S7. CCS3 tumors are related to serrated adenomas. (a) Representative histology of FAP associated 
adenomas and sessile serrated adenomas. (b) Gene set enrichment analysis (GSEA) indicates strong 
adherence of CCS3 tumors with serrated precursors and CCS1 tumors with tubular (FAP associated) 
adenomas. ES: enrichment score.(c) Heatmap depicting the classifier genes (rows) and individual 
precursor lesions (column). The lower bar indicates the posterior probability of belonging to each 
respective subtype. (d,e) PCA of Jorissen (d) or MVRM (e) datasets together with FAP asso- ciated- and 
serrated adenoma samples based on the genes in the classifier. (f) PCA of the AMC- AJCCII-90 set and 
precursor lesions using all expressed genes.
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Figure S8. CCS1-CIN and CCS3-serrated are associated with distinct biological processes. (a) Core gene sets 
for TGFβ signalling (left) and Wnt target genes (right). (b) GSEA for indicated gene sets shows adherence 
of EMT and matrix remodelling signatures with CCS3, and high Wnt target gene expression in CCS1. (c) 
Immunohistochemistry for Zeb1 and CDX2 as a control. (d) qPCR validation of several genes from the EMT 
and matrix remodelling core signatures in CCS1-CIN and CCS3-serrated tumors. (e) Graph depicts the 
migration and invasion through matrigel coated membranes of the indicated individual lines representing 
CCS1 (light blue) or CCS3 (dark blue). RFU=relative fluorescent units. (f) Figure depicts the classification 
of patients in the AMC-AJCCII-90 set based on the CCS classification, on the CSC signature and based on 
Wnt-target gene expression/methylation.
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