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Abstract

Colorectal cancer (CRC) is one of the leading causes of cancer-related deaths worldwide. Similar 

to many other malignancies, CRC is a heterogeneous disease, making it a clinical challenge for 

optimization of treatment modalities in reducing the morbidity and mortality associated with this 

disease. A more precise understanding of the biological properties that distinguish patients with 

colorectal tumors, especially in terms of their clinical features, is a key requirement towards a 

more robust, targeted-drug design, and implementation of individualized therapies. In the recent 

decades, extensive studies have reported distinct CRC subtypes, with a mutation-centered view of 

tumor heterogeneity. However, more recently, the paradigm has shifted towards transcriptome-

based classifications, represented by six independent CRC taxonomies. In 2015, the colorectal 

cancer subtyping consortium reported the identification of four consensus molecular subtypes 

(CMSs), providing thus far the most robust classification system for CRC. In this review, we 

summarize the historical timeline of CRC classification approaches; discuss their salient features 

and potential limitations that may require further refinement in near future. In other words, in spite 

of the recent encouraging progress, several major challenges prevent translation of molecular 

knowledge gleaned from CMSs into the clinic. Herein, we summarize some of these potential 

challenges and discuss exciting new opportunities currently emerging in related fields. We believe, 

close collaborations between basic researchers, bioinformaticians and clinicians are imperative for 
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addressing these challenges, and eventually paving the path for CRC subtyping into routine 

clinical practice as we usher into the era of personalized medicine.
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1. Introduction

Colorectal cancer (CRC) is one of the leading causes of cancer-related mortality worldwide, 

with an estimated 50,260 deaths recorded in the United States alone in 2017[1]. Even with 

the recent advances in novel therapies, the 5-year overall survival from this malignancy 

remains ~50%, highlighting the need to develop early detection, prognostic and predictive 

biomarkers that can be utilized in routine clinical practice for reducing the morbidity and 

mortality associated with this disease [2]. It is now widely recognized that cancers are 

heterogeneous groups of diseases with distinct molecular properties, resulting in diverse 

clinical outcomes. In the recent decades, several cancer initiatives and consortia have 

generated large-scale multi-omic data profiles, enabling unsupervised classifications of 

various types of cancers followed by comprehensive characterizations. In this context, 

previous ‘mutation-centered’ categorization of cancers has now gradually shifted towards a 

more ‘transcriptome-based’ molecular subtyping. Several of such transcriptome-based 

classification systems have demonstrated superior associations with clinical outcomes, 

making them more attractive for their eventual translation into the clinic. For instance, in 

breast cancer patients, intrinsic molecular subtyping based on immunohistochemical staining 

for ER, PR and HER2 markers, is now widely accepted in routine clinical practice for 

stratifying these patients for appropriate treatments.

For CRC, six independent classification systems have been reported recently [3–8]. Due to 

inherent differences in the discovery cohort patients, gene expression profiling platforms, 

bioinformatic analyses, and data interpretation, each subtyping system have identified 

different numbers of CRC subtypes, which are seemingly discrepant. In order to elucidate 

potential overlaps and generate a more unified taxonomy, in 2014, a CRC Subtyping 

Consortium (CRCSC) was established, which involved six independent research groups and 

Sage Bionetworks as an additional evaluation team. Using a network-based meta-analysis of 

the six subtyping systems, four unique consensus molecular subtypes (CMSs) were 

identified, followed by comprehensive multi-omic and clinical characterization [9]. In spite 

of the tremendous early enthusiasm for this large community effort, the clinical translation 

of this CMS system has been challenging due to several potential limitations. Meanwhile, 

new opportunities are emerging to address these challenges, including recent advances in 

single-cell sequencing and big data sciences such as deep learning, new biological insights 

into intratumor heterogeneity and tumor microenvironment, as well as a growing number of 

clinical trials interrogating novel targeted therapies, combination therapies and 

immunotherapies.

Wang et al. Page 2

Semin Cancer Biol. Author manuscript; available in PMC 2020 April 01.

A
uthor M

anuscript
A

uthor M
anuscript

A
uthor M

anuscript
A

uthor M
anuscript



In this article, we summarize genetic and epigenetic characteristics used for conventional 

CRC classification, transcriptome-based molecular subtyping, and the consensus molecular 

subtypes recently identified by the CRCSC. We will compare and discuss their contributions 

to the biological understanding of CRC heterogeneity and clinical associations, as well as 

their limitations. Furthermore, we highlight and discuss six major challenges preventing 

effective translation of CMSs into routine clinical practice, and possible solutions, 

alternative strategies and new opportunities. We stress that multidisciplinary collaborations 

are key to addressing these challenges, which is a prerequisite for more widespread 

embracement and implementation of molecular subtyping into the clinical management of 

patients with CRC.

2. Genetic and epigenetic characteristics in colorectal cancer

2.1. The three major pathways of colorectal cancer and clinical implications

Clinically, colorectal cancer is still categorized based on the histopathological features such 

as tumor size, grade and disease stage. Although these classification methods are in use for 

decades, identifying the true high-risk population post-surgery still remains a major clinical 

concern. Furthermore, they provide limited understanding of the underlying tumor biology, 

and are in many cases inadequate for decision-making about appropriate treatment regimens 

in CRC patients. Increasingly, it became clear that the heterogeneous response to various 

therapeutic modalities in CRC is largely due to various genotypic and phenotypic 

differences that exist in CRC patients. A typical view is that adenoma to carcinoma 

progression manifests through three major phenotypes: microsatellite instability (MSI) [10] 

chromosomal instability (CIN) [11] and the CpG island methylator phenotype (CIMP) [12].

Majority of CRC patients exhibit CIN (65–85%) [13,14], and are typically characterized to 

possess a ‘classical’ or ‘canonical’ type of cancer. Although infrequent, chromosomal 

abnormalities have been detected in adenomas, which suggests that CIN may arise early in 

the adenoma to CRC sequence [15]. Though the precise molecular mechanisms responsible 

for the development of CIN remain elusive, large chromosomal aberrations including 

duplication and aneuploidy, mutations in the TP53 gene and other checkpoint genes are 

believed to contribute in the formation of CIN cancers. Furthermore, it is shown that 

oncogene stress induced genomic instability, telomere erosion, and DNA hypomethylation 

could play a role in inducing CIN in CRCs [14,16–18]. In contrast to MSI patients, CIN 

patients have relatively unfavorable prognosis, especially in early stage disease [16,19].

MSI represents a hypermutator phenotype, caused by the loss of DNA mismatch repair 

(MMR) activity, and accounts for approximately 12–15% of all CRCs. Of these, 2–3% of 

the MSI-positive CRCs are associated with Lynch syndrome while the remainder represents 

the sporadic or acquired form of the disease. A major difference is that most sporadic MSI 

tumors evolve via hypermethylation of the MLH1 gene promoter, while Lynch syndrome 

tumors primarily acquire MSI through germline mutations in one of the MMR genes which 

include MLH1, MSH2, MSH6, and PMS2[20]. Recent studies have revealed that sporadic 

MSI CRCs are often associated with the serrated neoplasia pathway and frequently carry 

BRAF-V600E mutations, while germline Lynch syndrome patients do not harbor BRAF 

mutations [21]. MSI CRCs are generally mutually exclusive of CIN tumors as they typically 
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display a near diploid karyotype and carry a set of unique gene mutations that are distinct 

from those seen in CIN CRCs [22]. The clinical relevance of MSI has been well 

characterized before. For instance, MSI was shown to be associated with better prognosis 

and reduced metastasis [23]. High-frequency microsatellite instability (MSI-H) or defective 

MMR (dMMR) was also predictive of response to Fluorouracil-based adjuvant therapy [24] 

as well as immunotherapy [25]. Recently, pembrolizumab, an anti-PD1 immunotherapy, has 

been approved by FDA for treatment of MSI-H or dMMR colorectal cancer.

Epigenetic instability caused by promoter CpG island hypermethylation is another well 

recognized pathway in CRCs. Aberrant DNA methylation is present in essentially all CRCs, 

however, ~10–20% of patients exhibit extremely high frequency of aberrantly methylated 

CpG loci, often characterized as having a CpG Island Methylator Phenotype (CIMP) [26]. 

According to the level of CIMP [26], CRC tumors can be divided into CIMP-high and 

CIMP-low CRC groups, associated with different precursor lesions [27–29]. Compared to 

CIMP-low patients with a CIMP-high phenotype often demonstrate worse prognosis. When 

MSI is taken into consideration, CIMP-high patients with MSI have a more favorable 

survival [30,31]. These patients also tend to associate with MSI and BRAF mutations, but 

lack KRAS and TP53 mutations [32–34]. However, the exact relationships between CIMP, 

MSI and BRAF remain elusive.

2.2. Mutation-centered CRC classifications

The pathogenesis of CRC involves both genetic and epigenetic changes that result in 

histologic differences, and is most clearly described in the model of “adenoma-carcinoma” 

sequence proposed by Fearon and Vogelstein [35,36]. In this model, CRC pathogenesis is 

illustrated as a stepwise process, involving accumulation of genetic and epigenetic 

alterations that contribute to the transformation of normal mucosa to an adenoma and the 

subsequent progression to a more malignant stage. Acquisition of APC inactivated mutations 

evolve first, subsequently mutations occur in KRAS, followed by further mutations in 

elements of TP53, PI3K, TGF-β and other pathways [37,38].

Along the “adenoma-carcinoma” sequence, mutations in several key genes such as KRAS 

and TP53 have demonstrated prognostic and predictive values. KRAS mutations are found 

in ~30–50% of CRC patients [39,40]. Of these, 90% of KRAS mutations occur in codons 12 

and 13 within the second exon (G12/13 changed to valine) [41–43], causing constitutive 

activation of the mitogen-activated protein kinase (MAPK) cascade. There are conflicting 

reports on the association of KRAS mutations and CRC prognosis. However, in metastatic 

CRC, KRAS mutant patients are currently not considered for anti-EGFR based therapy [44]. 

Also prominent in CRC are mutations in the TP53 tumor suppressor gene, which play a 

crucial role in cell proliferation and apoptosis [45,46]. The loss of function of TP53 is a late 

event in CRC progression and has been identified in up to 60% of CRCs [47]. The presence 

of TP53 mutations are predictive of decreased cancer cell sensitivity to most 

chemotherapeutic agents, particularly 5-fluorouracil [48,49].

Besides, BRAF mutations have also been well studied for their prognostic and predictive 

roles in CRC. BRAF is an isoform of the RAF serine/threonine family downstream of 

KRAS in the MAPK/ERK pathway (also known as Ras-Raf-MEK-ERK pathway)[50] and is 
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mutated in about 10% of CRC patients[51], with the primary mutations at the residue 600 

which results in a valine to glutamate (V600E) substitution in up to 80% of BRAF mutant 

CRCs [52]. BRAF V600E mutations often occur in patients with MSI and high CIMP [39]. 

BRAF mutations have a modest effect on disease outcome, but mutant MSI patients show 

favorable prognosis [53]. BRAF inhibitors were inefficient in most CRCs with BRAF 

V600E mutations due to feedback activation of EGFR [54]. While the predictive role of 

KRAS mutation to cetuximab is well established, such a role of mutated BRAF was a 

subject of intense debate until recently. Latest studies have revealed that in RAS wild type 

patients, BRAF mutations act as negative predictors for anti-EGFR therapy [55].

While the abovementioned molecular characteristics have provided substantial insights into 

CRC initiation and progression, individual markers are not sufficient to explain the diverse 

patient outcomes [56]. There is a growing consensus that combining multiple characteristics 

may improve the clinical associations and offer promising prognostic or predictive markers. 

For instance, BRAF mutations coupled with MSI have been demonstrated to have a superior 

prognostic value [57]. As another example, although BRAF monotherapy is ineffective in 

CRC patients with V600E mutations due to the intrinsic EGFR-mediated resistance, 

combinations of BRAF, EGFR with or without MEK or PI3K inhibitors are becoming a 

more effective therapeutic strategy [58–64]. Even though, the conventional mutation-

centered classification strategy cannot fully explain the diversity in patient outcomes, which 

may also be affected by the tumor microenvironment and epigenetic alterations. Therefore, a 

more systematic, unbiased methodology overcoming the limitations of mutation-based 

classifications is needed for better stratification of CRC patients.

3. Gene-expression based CRC classifications

Emerging evidence in the last decade has made it clear that intratumor heterogeneity is best 

captured at the transcriptomic level, as it provides a more comprehensive molecular 

landscape of the disease process. Not surprisingly, the paradigm of cancer subtyping has 

gradually shifted from mutation-centered to transcriptome-based approaches, and from 

supervised to unsupervised classifications. Different from histopathological subtyping and 

classical mutation-oriented stratification, transcriptome-based strategy employs whole 

genome expression profiles for unsupervised data analyses. This approach has been 

successfully applied to various malignancies such as breast, gastric, lung, brain and ovarian 

cancers [65]. Similar to other cancers, much effort has recently been dedicated to CRC 

subtyping. Within a short timespan between 2012 to 2014, the entire field of CRC research 

witnessed publication of 6 representative classification systems in high-impact journals[4,6–

8,66,67]. In the following sections, we briefly summarize data, bioinformatic methods 

employed for molecular subtyping, the major findings, and the biological and clinical 

implications from each of the studies (Table 1).

3.1. Schlicker et al. 2012

Using gene expression profiles of 62 primary CRCs as the discovery cohort, Schlicker et al. 

employed iterative non-negative matrix factorization (iNMF) for unsupervised classification 

[4]. These researchers identified two main clusters (Types 1 and 2) in the first iteration, 
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which were further split into five subtypes in the second iteration [4]. Subsequently, using 15 

public gene expression datasets which included data from more than 1600 patients, they 

were able to validate their findings [4].

• Type 1: characterized by activation of pathways related to epithelial-

mesenchymal transition (EMT); associated with poor disease free survival 

(DFS).

○ Subtype 1.1: strongly mesenchymal with an even distribution of MSI 

and MSS; upregulated genes in this subtype were related to calcium 

signaling, MAPK and TGF-β pathways.

○ Subtype 1.2: mesenchymal and specifically featured with upregulated 

immune-system related pathways; the only subtype consisting of more 

tumor samples from female patients.

○ Subtype 1.3: mesenchymal with high expression of transporter genes.

• Type 2: enriched for MSS; characterized by upregulated epithelial features such 

as Wnt pathway and cell cycle signature genes.

○ Subtype 2.1: featured with upregulated immune system-related genes 

and stress response genes.

○ Subtype 2.2: characterized by upregulated cell cycle and amino acid 

synthesis; highly expressed genes on chromosome 13q and 20q.

Furthermore, differential response to targeted inhibitors was observed based on analysis of 

pharmacological data from cell lines classified into different subtypes, suggesting a potential 

clinical utility of this classification system for directing more targeted therapy for CRC 

patients [4].

3.2. Marisa et al. 2013

Marisa and co-authors performed gene expression profiling in fresh-frozen tissue specimens 

from a large, multi-center cohort of 566 CRC patients (CIT cohort); with a well-balanced 

discovery (443 samples) and a validation dataset (123 samples) [7]. Using the discovery set, 

they performed consensus clustering analysis and revealed six CRC subtypes with distinct 

molecular characteristics and corresponding clinical relevance [7]. Their findings were 

further confirmed using the validation dataset and other 7 independent public datasets 

totaling 1,029 CRC patients.

• C1 (21%, CINImmuneDown): High frequency of CIN; downregulated immune 

system and EMT.

• C2 (19%, dMMR): High frequency of dMMR; high frequency CIMP; significant 

enrichment for BRAF mutations; upregulated immune system and proliferation 

related pathways; downregulated WNT pathways.

• C3 (13%, KRASm): very significant enrichment for KRAS mutations; 

downregulated immune system and EMT.
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• C4 (10%, CSC): very significant enrichment for up-regulated genes in stem cell-

like and serrated-CC like signatures; upregulated EMT; down regulated 

proliferation pathway.

• C5 (27%, CINWntUp): high frequency of CIN; significant enrichment for TP53 

mutations; upregulated WNT pathway.

• C6 (10%, CINnormL): high frequency of CIN; very significant enrichment for up-

regulated genes in Normal-like signature; upregulated EMT; downregulated 

proliferation pathways.

Furthermore, an additional highlight was that CRCs with C2, C3, C4 and C6 may arise from 

the serrated neoplasia pathway, while C1 and C5 subtypes of cancers primarily developed 

through conventional adenomas. In addition, C4 and C6 cancers tended to have worse 

prognosis (relapse-free survival) compared to others, while the combined C4 and C6 

subtypes were independent prognostic indicators [7].

3.3. Sadanandam et al. 2013

Sadanandam et al. identified six CRC subtypes using consensus non-negative matrix 

factorization (NMF) clustering on gene expression profiles for 445 patients merged from two 

public datasets [8]. Based on similarities between gene expression profiles and known gene 

signatures calculated using nearest template prediction (NTP) algorithm [68], they proposed 

that the six subtypes were associated with distinct cell types in normal colon crypt. These 

findings were further validated in 7 independent public datasets as well as 51 cell lines.

• Goblet-like: highly expressed goblet-specific genes MUC2 and TFF3; associated 

with crypt top signatures; good prognosis.

• Enterocyte: highly expressed enterocyte-specific genes; intermediate DFS.

• Stem-like: highly expressed WNT signaling targets genes and stem cells; 

markedly associated with crypt base signature; shortest DFS.

• Inflammatory: highly expressed chemokines and interferon-related genes; highly 

enriched for MSI; intermediate DFS.

• Transit-amplifying: highly enriched for MSS; a heterogeneous subtype which 

was further divided into two groups according to differential drug response:

○ Cetuximab-sensitive transit-amplifying (CS-TA); good prognosis.

○ Cetuximab-resistant transit-amplifying (CR-TA); poor prognosis.

Based on comprehensive drug response data analysis, the authors proposed a potential 

subtype-guided therapy strategy for CRC. More specifically, patients classified to stem-like, 

inflammatory and enterocyte subtypes were deemed to be best treated with FOLFIRI in an 

adjuvant setting. In the metastatic setting, stem-like tumors were shown to benefit more from 

FOLFIRI than others, while cetuximab and cMET inhibitors were effective in CS-TA and 

CR-TA tumors, respectively.
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3.4. De Sousa E Melo et al. 2013

De Sousa E Melo and colleagues revealed 3 colon cancer subtypes (CCSs) using consensus 

clustering on microarray data for 90 stage II fresh frozen specimens[3]. The authors found 

that the two subtypes, CCS1 and CCS2, essentially corresponded to CIN and MSI 

subgroups, while CCS3 was a newly identified subtype associated with worst prognosis. 

Their findings were validated in six independent datasets and cell lines involving more than 

1100 CRC patients.

• CCS1 (49%): enriched for KRAS and TP53 mutation; CIN+; mainly left-sided; 

good prognosis.

• CCS2 (24%): enriched for MSI; CIMP+; mainly right-sided; intermediate 

prognosis.

• CCS3 (27%): heterogeneous with respect to characteristic mutations, CIMP and 

MSI; upregulated EMT and matrix remodeling; evenly distributed through the 

colon; markedly poor prognosis; high recurrence risk; refractory to anti-EGFR 

therapy.

Comparing CCS1 and CCS3, they observed a significantly differential response to 

cetuximab, a popular anti-EGFR monoclonal therapy. More specifically, patients with CCS3 

showed significant resistance regardless of KRAS mutation, which is predictive of anti-

EGFR efficacy in CCS1 [69]. Intriguingly, by comparing gene expression profiles of 

adenomas and CRCs, CCS3 and CCS1 tumors were specifically associated with sessile 

serrated adenomas and tubular adenomas, respectively. More interestingly, the genes 

associated with metastasis were already upregulated in serrated adenomas, suggesting the 

malignancy potential of CCS3 CRC patients is primed at an early stage of adenomas.

3.5. Budinska et al. 2013

In contrast to the traditional molecular classification based on original gene expression 

profiling, Budinska et al. used meta-gene profiles derived from 54 gene modules generated 

by hierarchical clustering approach to perform the classical consensus-based clustering, 

which they claimed could be effectively resistant to noise [5]. As a result, they identified 5 

major subtypes on the discovery dataset containing data from 1113 patient specimens and 

successfully validated their results in an independent dataset consisting of 720 CRC patients.

• Surface crypt-like: low expression of EMT/stroma gene module; histologically 

related to serrated and papillary phenotype; well differentiated; had a similar 

gene expression pattern with normal colon mucosa.

• Lower crypt-like: low expression of EMT/stroma gene module; histologically 

related to complex tubular phenotype; higher copy number gain in chromosome 

20q; better prognosis.

• CIMP-H-like: high expression of immunity-associated gene module and low 

expression of gut development gene module; histologically related to solid/

trabecular and mucinous phenotype; enriched for MSI and BRAF mutations; 

poor overall survival (OS).
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• Mesenchymal: high expression of EMT/stroma gene module and low expression 

of lipid synthesis genes; histologically related to desmoplastic phenotype; poor 

OS.

• Mixed: high expression of EMT/stroma gene module; histologically related to 

complex tubular phenotype; enriched for TP53 mutations.

A unique perspective from gene modules of this classification system added insights into a 

new layer of CRC heterogeneity on top of the traditional classifications, which largely 

focused on the molecular features and clinical factors.

3.6. Roepman et al. 2014

Based on a their previous approach for establishing the prognostic classifier, ColoPrint[70], 

Roepman et al. further characterized three intrinsic subtypes using 188 tissue specimens 

from all stages of CRC patients, followed by validation of their results in 543 stage II and III 

patients[6].

• TypeA (22%): MMR-deficient epithelial; enriched for BRAF mutations and 

MSI; best prognosis.

• TypeB (62%): proliferative epithelial; absence of BRAF mutations; high 

enrichment of MSS; intermediate prognosis; benefit from chemotherapy.

• TypeC (16%): mesenchymal; upregulation of mesenchymal signatures; worst 

survival; resistant to chemotherapy.

Intriguingly, the three intrinsic subtypes were consistent with the three CCS subtypes 

identified by De Sousa E Melo et al.[3], although the two subtyping studies were based on 

two independent discovery data sets.

4. The consensus molecular subtypes of colorectal cancer

The six CRC subtyping systems differ in terms of the methodological approaches used for 

specific analysis, but follow the same single-omic classification workflow (Figure 1a). The 

strategy often started with a training/discovery cohort of primary tissue samples subjected 

for whole-genome gene expression profiling followed by normalization, as well as non-

biological batch effect detection and correction in cases where multiple data sets were 

merged together. For the identification of specific molecular subgroups, most of the studies 

employed either classical consensus clustering [71] or the extended method based on Non-

negative matrix factorization (NMF) [72]. Consensus clustering quantifies the stability for 

varying cluster counts by calculating how frequently two samples are clustered together in 

hundreds of subsamples randomly drawn from the training dataset [71,72]. Determination of 

the optimal cluster count is based on area under the empirical cumulative distribution (CDF) 

curve for the classical method [71], cophenetic correlation coefficient for the NMF method 

[72], or gap statistic for within-cluster dispersion measurement [73]. To facilitate 

classification of other independent datasets for validation, classifiers are built using 

conventional Linear Discriminant Analysis (LDA) [5], centroid-based approach [74], as well 

as Prediction Analysis for Microarrays (PAM) [75]. Different from the other five 
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classification systems, Schlicker et al. assigned samples to subtypes using a two-step 

hierarchical clustering approach [4].

Single-omic classification has been applied for cancer subtyping not only in CRC, but also 

many other cancers [65]. As powerful as it might be deemed for the discovery of individual 

subtypes, this methodology was criticized for having a poor performance in identifying true 

cluster numbers based on simulation datasets with a known structure in a previous study 

[76]. More critically, the single-omic classification strategy employed by all six subtyping 

systems has two major limitations:

1. The single-omic classification workflow involves multiple technical steps, and 

calibration of parameters in each step is needed to achieve a statistically 

optimized classifier. The use of different patient discovery cohorts, bioinformatic 

approaches, parameter settings, as well as biological interpretations, can all 

influence the eventual subtyping results. In fact, the six CRC subtyping studies 

identified various numbers of subtypes (ranging from 3 to 6; Table 1, Figure 1a), 

which caused a lot of confusion, preventing further mechanistic studies and their 

efficient translation into the clinic. To overcome these limitations, we proposed a 

‘horizontal’ integration strategy, which can effectively reconcile different 

subtyping systems (Figure 1b). Our network-based approach can not only 

elucidate the association between subtypes identified by various classification 

systems, but also identify consensus molecular subtypes (CMSs) based on 

network partition [9]. Recently, a similar approach has been used for 

identification of consensus subtypes of pancreatic cancer [77]. The detailed 

application to CRC subtyping will be introduced in the following paragraphs.

2. Although all six studies gained new biological insights, these were based on 

transcriptomic profiles only, ignoring potential heterogeneity occurring at other 

omic levels. To generate a more comprehensive biological overview of diseases, 

methods such as iCluster [78] and Multiple Dataset Integration (MDI) [79] have 

been proposed for ‘vertical’ integration of multi-omic data. Another 

representative approach recently published is similarity network fusion (SNF), 

which constructs networks of patient samples using each available type of omic 

data, followed by network fusion for classification [80] (Figure 1c). SNF has 

been demonstrated to outperform other single-omic classification methods in the 

identification of more biologically coherent and clinically relevant subtypes in 

multiple cancer types [80]. Although multi-omic cancer classification methods 

such as SNF provide a promising solution to overcome the limitations of the 

current CRC subtyping systems, more comprehensive biological interpretations 

and clinical characterizations and comparison with the consensus molecular 

subtypes (CMSs) are still needed.

In this review, we specifically focus on multi-platform/’horizontal’ integration, which 

provides an efficient methodology to elucidate the associations between various 

classification systems. ‘Horizontal’ integration is based on the hypothesis that major data 

substructures are consistent across multiple classification systems, though variations may 

occur due to differences in training data, sample size, bioinformatic analysis, etc. Indeed, 
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despite the seemingly discrepant conclusions, the six CRC subtyping results actually have 

some obvious overlaps and correlations. For instance, almost all classifications recapitulate 

CIN and MSI subtypes that have already been well characterized explicitly. All taxonomies 

identified and highlighted a mesenchymal/stem-like subtype which is associated with poor 

prognosis. Nevertheless, it was still unclear how other subtypes could potentially relate to 

each other, without systematic meta-analysis. In 2014, to clarify the discordant conclusions, 

Sadanandam et al. and De Sousa E Melo et al. jointly agreed that CRCAssigner and CCS are 

actually highly related to each other [81]. They used their own classifiers to classify 

common datasets, and statistically evaluated the sample-wise associations between the 5 

subtypes of CRCAssigner and the 3 subtypes of CCS. They concluded that: (1) the CCS1-

CIN subtype encompasses the TA and enterocyte subtypes; (2) the inflammatory and goblet-

like subtypes are subsets of the CCS2-MSI subtype; and (3) the CCS3-serrated subtype is 

essentially the stem-like subtype [81].

This reconciliation was brought to the attention of other relevant research groups, who 

realized that elucidating the inter-relationships between the six subtyping systems was 

essential and urgent for facilitating their implementation in clinical practice and prospective 

trials. Accordingly, in 2014, the CRC Subtyping Consortium (CRCSC) was established in an 

effort to unify these data and potentially reach a consensus on CRC subtyping. This CRCSC 

represented one of the largest communities for international collaborative research on CRC, 

involving six participating groups who developed the six CRC classification systems, and an 

‘evaluation group’ (Sage Bionetworks) who provided Sage Synapse platform for data 

sharing and analysis. Central to the reconciliation challenge was the question “how to 

develop an analytical method for unbiased meta-analysis (or secondary analysis) for the 

inter-relations between the 6 established classification systems without reinventing the wheel 

from scratch”? i.e. reclassifying merged datasets used by all groups using a unified 

bioinformatic approach. The CRCSC overcame this challenge using the network-based 

approach we proposed for multi-platform integration (Figure 1b): (1) classifying 18 datasets 

including a total of 4151 patients using each of the six subtyping systems; (2) calculating a 

matrix of Jaccard indices to quantify the association between each pair of subtypes; (3) 

evaluating the statistical significance of the association between each pair of subtypes using 

hypergeometric tests; (4) filtering Jaccard indices by the p-values derived from 

hypergeometric tests to retain only significant associations (P < 0.001); (4) constructing a 

network of subtype associations; (5) partitioning the network into four consensus molecular 

subgroups using MCL (Markov cluster algorithm) [82]. For classification, we assigned CRC 

samples to the four CMSs using hypergeometric tests, and subsequently trained a robust 

random forest classifier [9].

Following such a network-based meta-analysis, based on comprehensive multi-omic 

characterizations, the CRCSC observed that the four CMSs are indeed associated with 

distinct molecular properties and clinical characteristics (Figure 2):

• CMS1-MSI immune subtype (~14%): characterized by MSI, CIMP high, diffuse 

immune infiltrate and BRAF V600E mutations; associated with worse survival 

after relapse.
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• CMS2-canonical subtype (~37%): characterized by epithelial features, CIN, 

activated WNT and MYC signaling pathways;

• CMS3-metabolic subtype (~13%): characterized by deregulation of metabolic 

pathways, KRAS mutations, low level of CIMP and CIN, and mixed MSI status.

• CMS4-mesenchymal subtype (~23%): characterized by upregulation of EMT, 

TGF-β activation, angiogenesis, stromal infiltration; associated with worse 

relapse-free and overall survival.

Apart from the four major CMSs, ~13% of CRC patient specimens remained unassigned to a 

specific CMS, indicating a mixed phenotype of multiple CMSs or intratumoral 

heterogeneity. Overall, this was a marathon effort, and in spite of certain limitations, this 

consensus molecular subtyping of CRC impacted the field in several aspects:

• It represented the first example of joint effort of a community of experts through 

international collaborations identifying and advocating for a single reproducible 

model for colon cancer subtyping by effectively unifying previous taxonomies.

• It clarified previous confusions, elucidated the inter-relations between various 

subtypes defined in the 6 pre-existing taxonomies and pieced together 

interpretations from different perspectives by different research groups for more 

comprehensive dissection of CRC inter-tumor heterogeneity.

• Last but not the least, it provided thus far the most robust classification system 

for CRC, with clear molecular basis and clinical associations, which not only 

laid a foundation for further mechanistic studies of subtype-specific biological 

mechanisms, but also pushed forward clinical translation for more optimized 

therapy and design of novel targeted agents.

5. New challenges and emerging opportunities

Despite the massive community effort and encouraging progress of consensus molecular 

subtyping of CRC, it has been somewhat unfortunate that its true translational potential in 

CRC patients remains to be harnessed. As it stands currently, there is still a large gap 

between these exciting molecular subtypes and what role, if any, these findings may play in 

the clinical management of patients with CRC. To accomplish the eventual goal of 

personalized management of CRC patients, we propose a putative roadmap (Figure 3) 

involving four major phases.

1. Collection of pre- and post-surgical biopsies, surgical tissues, and/or serum/

plasma from CRC patients for the isolation of DNA, RNA, miRNA and proteins 

for molecular profiling analysis Thus far, almost all CRC subtyping studies were 

based on fresh tissue specimens, and it remains questionable whether such a 

CMS taxonomy could be directly applied to other types of specimens that are 

readily available in the clinic. In fact, it has been previously shown that the CMS 

classifier developed by CRCSC had a poor performance in FFPE and biopsy 

specimens [9,83]. We and others have recently proposed that miRNA signatures 

are capable of identifying CMS4 subtype patients quite robustly, and further 
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work on miRNA classifiers can be highly rewarding as it might pave the path for 

a non-invasive classification systems [84,85]. Moreover, recent years have seen 

growing interest to develop non-invasive biomarkers based on circulating tumor 

DNA (ctDNA), cell-free RNA, miRNAs, proteins and lipids extracted from 

serum, plasma or whole blood, as well as exosomal DNA and miRNAs [86–90]. 

These exciting ‘liquid biopsy’ technologies provide an opportunity to further 

explore the possibility of non-invasive identification of CMS subtypes.

2. Performing single-omic or multi-omic profiling using various high- and/or low-

throughput platforms that are currently available, as well as the methods that are 

under development The current CMS classifier employs a signature involving 

hundreds of genes [9], which is difficult to implement in clinical settings. 

Various alternative strategies are available, and the optimal solution for a specific 

clinical application depends on the availability of techniques, data throughput, 

cost efficiency and performance. On the one hand, high-throughput platforms 

such as RNA-Seq and gene expression microarrays provide genome-wide 

information content, which is ideal for research purposes, but inadequate for 

clinical applications due to high cost, poor accessibility and slow turnaround 

times. On the other hand, traditional techniques such as qPCR, 

immunohistochemistry and ELISA are easily accessible, but are not suitable for 

profiling hundreds of genes currently required for CRC classification. To partly 

overcome such challenges, Nanostring-based custom arrays and targeted-

sequencing could be potentially viable options [91]. Furthermore, the current 

CMS approach was established based on bulk tumor-derived RNA, which in 

retrospect, may be inadequate as it fails to address the issue of inter-tumor 

heterogeneity. Hence, by combining the emerging single-cell sequencing-based 

research, together with the established CMS taxonomy, may collectively help 

elucidate a more refined and robust subtype-specific CRC cell origin, its 

development and evolution.

3. Stratifying patients by using various biomarker assays tailored for specific 

clinical applications Although the CMS taxonomy is clinically relevant [9], more 

specific diagnostic, prognostic and predictive biomarkers are needed for patient 

stratification into more clinically meaningful subgroups for therapeutic decision 

making. The unique advantage of CRC subtyping associated biomarkers lies in 

their discovery using a more unsupervised approach and a broader biological 

basis, vis-à-vis, traditional biomarkers that are delineated from supervised 

analyses and are perhaps biased since the patients are identified by the clinical 

outcomes instead of the underlying molecular phenotype. However, the 

biomarker development in such an instance still follows a similar workflow as 

many others involving the following four major steps. Step-1: Identification of 

candidate biomarkers associated with CRC subtypes in pre-clinical or clinical 

studies. Step-2: Development of a diagnostic/prognostic/predictive model with 

statistical assessments. Step-3: Evaluation of inter-lab performance, 

reproducibility and robustness in multiple cohorts. Step-4: Validation of the 

biomarker assay in multi-center prospective studies. At each step, critical 
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assessment of each assay is essential before it enters the subsequent step (Figure 

3).

4. Implementation of subtyping in decision-making of CRC to address various 
clinical questions during disease progression. First, it is time to investigate 

whether the current ‘tissue-based’ classifier can be translated into a ‘non-

invasive’ signature - be it an mRNA or a miRNA based approach, for 

appreciating its potential in early diagnosis, disease monitoring, as well as in 

predicting response to chemotherapy and molecularly-targeted drugs. Second, for 

stage II CRC patients, it is important to predict their risk for disease recurrence, 

and subsequently select true high-risk patients that are candidates for adjuvant 

therapy treatment. Although the CMS taxonomy is associated with disease-free 

survival, we must explore the potential of developing a more robust prognostic 

model based on CMS classification. Third, for patients with a more advanced 

disease, clinical management is centered on the selection of appropriate patient 

populations for various targeted-therapies, followed by disease monitoring using 

longitudinally collected blood samples. To this end, large-scale, multi-center, 

retrospective and prospective studies are needed to systematically evaluate the 

predictive value of CMS for such decision-making for a more personalized 

treatment modality in CRC patients. Fourth, the success of predictive markers 

largely relies on similarities between primary and the metastatic lesions. 

Therefore, it is important to fill this gap in knowledge by analyzing genomic 

expression profiles of tissues obtained from a large number of matched primary 

and metastatic sites. Furthermore, effective integration of CMS subtyping and 

tumor microenvironment-based classification will likely permit a more improved 

stratification of CRC patients, and yield more optimal therapeutic outcomes. Last 

but not the least, the regulatory mechanisms underlying specific subtypes remain 

largely unclear, particularly for the CMS3 (metabolic) and CMS4 (mesenchymal) 

subtypes. Elucidating subtype-specific regulatory mechanisms are pivotal to the 

identification of novel therapeutic targets and development of novel targeted 

therapies.

The utmost importance right now remains to fully comprehend and overcome several of the 

prevailing challenges that are preventing translation of CMS subtyping into the clinic 

(Figure 4). Critically, tight collaborations between basic researchers, bioinformaticians and 

clinicians are key to addressing these challenges. We foresee that novel technologies, 

emerging big data science and the growing number of clinical trials will offer attractive 

opportunities for expediting the clinical translation of such a refined CMS approach in the 

near future. Among a number of unaddressed issues mentioned in the putative roadmap, we 

will specifically discuss in more detail about six challenges tightly related to CRC 

classification in the following sections.

5.1. From single-omic to multi-omic molecular subtyping

The vast majority of published work on molecular subtyping of cancers are based on 

unsupervised classification of single-omic data, especially transcriptomic data. However, 

molecular heterogeneity is present, both at genetic and epigenetic level, which may not be 
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fully captured solely at the transcriptomic level. For example, CRC is also heterogenous at 

the proteomic level, as evidenced by the identification of 5 distinct proteomic subtypes 

previously identified by the Clinical Proteomic Tumor Analysis Consortium (CPTAC) [92]. 

A recent study by Wang et al. found that these proteomic subtypes can be recapitulated in 

CRC cell line proteomes, which better predicts drug sensitivity compared to genomic and 

transcriptomic profiles [93]. Hence, only relying on transcriptomic data can possibly fail to 

identify heterogeneity that exists on other omic levels such as epigenetic regulations 

represented by noncoding RNAs and aberrant DNA methylation [94]. For a more 

comprehensive dissection of tumor heterogeneity, multi-omic data integration will very 

likely provide a possible solution [95,96]. The immediate challenge, however, arises from 

the lack of sufficient data for discovery, as multi-omic data are still only available in 

consortiums such as TCGA and CRC cell lines [97]. More importantly, effective integration 

of multi-omic data for classification remains a bottleneck for bioinformaticians [98], mainly 

due to the difficulty of direct comparison, as they have different data scales and 

dimensionalities. Recently, several research groups have proposed novel multi-omic 

classification approaches with promising performance demonstrated [80,99,100]. For 

instance, Wang et al. developed a novel bioinformatic approach named “similarity network 

fusion (SNF)”, which fuses similarity networks constructed from each single-omic data type 

into a single similarity network using a nonlinear combination method [80]. SNF integrates 

mRNA expression, microRNA expression and DNA methylation data, and demonstrates 

better performance compared to a single-omic based approaches in cancer classification 

[80]. A recent study in bladder cancer also revealed that a multi-omics based classification 

actually worked better than the mRNA-based subtyping alone in guiding treatment decisions 

in muscle-invasive bladder cancer patients [101].

5.2. Establishing robust classifiers for cross-platform classification

A widely implemented strategy for cancer subtyping involves consensus clustering for 

determination of an optimal number of cancer subgroups, and classification with feature 

selection, i.e., selection of a list of signature genes [65]. However, the classification step 

suffers from several critical limitations. First, a signature gene-based approach places sole 

emphasis on the role of individual genes, without effective incorporation of biological 

knowledge such as the pathway activity, which often leads to poor interpretation [102–104]. 

Second, signature genes for classification are not always available due to unpaired gene 

annotation caused by platform differences, which hampers its portability and translational 

potential. Lastly, gene expression profiling is easily affected by factors such as technical 

platform variations and experimental protocols, leading to non-biological batch effects. 

Mathematical and statistical methods might be able to correct for such bias to some extent, 

however, such correction methods are not always suitable, especially in situations when the 

sources of bias are unclear. For instance, the correction power of existing methods such as 

ComBat [105] has been demonstrated to be limited to a balanced experimental design [106]. 

More critically for clinical implementation, the batch effects also prevent the development of 

gene expression signature-based classifiers for single sample classification.

Recent advances in the machine learning community have shown a greater promise for 

applying deep learning for improved cancer classification. For instance, deep convolutional 
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neural networks (CNNs) have demonstrated to improve accuracy and reproducibility of 

tumor classification based on histopathological or radiographic images [107,108]. Deep 

learning-based frameworks such as D-GEX [109], DeepChrome [110] and DeepSEA [111] 

have also been developed for predicting gene expression or effects of noncoding variants 

based on high-dimensional genomic or epi-genomic profiles. Furthermore, several 

supervised and unsupervised deep learning-based classification methods have been proposed 

for cancer detection and diagnosis, and have demonstrated superior performance over 

classical methods such as support vector machines and random forests [112,113].

5.3. Elucidating subtype-specific regulatory mechanisms

Elucidating subtype-specific regulatory mechanisms is pivotal to the identification of driver 

pathways and master regulators, which are critical for prioritization of novel drug targets 

tailored for each CRC subtype. Based on large-scale multi-omic characterizations by the 

CRCSC, it is clear that each of the four CMSs are associated with distinct biological 

programs. What remains largely unclear, however, are the upstream regulatory mechanisms. 

For example, the mesenchymal CMS4 has no clear associations with specific mutations or 

conventional markers, which makes it difficult for their implementation in the clinical 

settings [9]. The upstream regulatory mechanism of CMS4 was not clear until the recent 

work by Fessler et al., who took a network-based approach and discovered that promoter 

hypermethylation of the miR-200 family is a major determinant of the upregulated 

epithelial-to-mesenchymal transition [114]. Recently the same group also reported that 

TGFβ plays an important role in directing sessile serrated adenomas to the mesenchymal 

CMS4 of CRC. More mechanistic studies of upstream regulatory signaling pathways are 

urgently needed to pinpoint the driving force for each particular subtype, so that more 

druggable targets can be identified. Furthermore, integrating multi-omics data and 

understanding the crosstalk between different omic classifiers will facilitate identification of 

synergistic targets that can lead to the development of combination therapies in CRC.

5.4. Linking inter-tumor and intra-tumor heterogeneity studies

Cancer molecular subtyping is primarily based on gene expression data derived from bulk 

tumors, which represent averaged transcriptomic profiles of various types of cells. However, 

stromal content is known to be one of the predominant sources of variation in transcriptomic 

profiles, which can significantly influence CRC classification [115,116]. Although it has 

been shown that CRC cell lines and patient-derived xenografts (PDXs) can be robustly 

classified to the four CMSs independent of stromal contribution [117], CRC intrinsic 

subtypes (CRISs) developed based on human-specific expression profiles from CRC PDX 

models demonstrated an overall better performance and robustness in the classification of 

resection and biopsy specimens [83,118]. Although bulk tumor-based gene expression 

profiles have been used to explore intratumor heterogeneity [119–121], it is still challenging 

to accurately characterize subpopulations of cancer cells. Two major strategies have been 

employed to dissect intratumor heterogeneity: single-cell sequencing and computational 

deconvolution of bulk-tumor gene expression profiles.

Single-cell sequencing is a direct way to study intratumor heterogeneity, which will not only 

advance our knowledge about cancer development, but also shift the paradigm of clinical 
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cancer practice by providing a high-resolution platform for real-time monitoring and early 

stage detection. For instance, a recent work by Li et al. based on single-cell transcriptomic 

sequencing found that EMT-related genes were upregulated in cancer-associated fibroblasts 

but not in tumor epithelial cells[122], confirming the previous conclusions made by Calon et 
al. and Isella et al. based on bulk-tumor data analysis[115,116]. Another recent study 

profiled a number of single cells from organoids derived from three CRC patients for WGS, 

RNA-Seq and methylome, and revealed a significant intratumoral heterogeneity highlighting 

the importance of these issues, prior to the implementation of CMS subtyping in clinical 

settings [123]. However, single-cell sequencing is expensive and demanding on the 

technology. Single-cell sequencing data is much noisier, posing challenges to bioinformatics. 

More importantly, additional studies are needed that delve into the associations between 

intratumor heterogeneity and clinical outcomes to exemplify the clinical utilities of single-

cell sequencing.

Besides single-cell sequencing, another popular methodology for studying intratumor 

heterogeneity is to perform computational deconvolution of bulk-tumor gene expression 

profiles into cell-type specific profiles [124]. Using this approach, one can simultaneously 

obtain a global picture of the tumor and estimated internal cell compositions. More 

importantly, popular computational deconvolution approaches such as ESTIMATE [125], 

MCP-counter [126] and CIBERSORT [127] can be applied to different whole-genome gene 

expression data, which enables integrative analysis of multi-center multi-omic data and 

clinical data that are publicly available. Furthermore, bulk-tumor data deconvolution has also 

been coupled with unsupervised classification for molecular subtyping, leading to the 

identification of tumor and stroma-specific subtypes in pancreatic ductal adenocarcinoma 

[128]. For CRC, Etienne Becht and colleagues recently analyzed the compositions of 

immune, fibroblastic and angiogenic microenvironment using MCP-counter, and observed a 

high correlation between these microenvironmental signatures and molecular subtypes, 

highlighting the possibility to integrate them to guide targeted immunotherapies in the future 

[129]. As we already know that CRC pathogenesis involves accumulation of various 

mutations at different levels, further studies are pivotal in understanding the timing or 

establishment of CRCs in the pathogenesis of CRC, especially by profiling large number of 

CRC adenomas. Moreover, many recent studies revealed that the primary and metastatic 

tissues possess genetic heterogeneity [130–132]. However, there are not many convincing 

studies published at the transcriptomic level that can be availed for further analysis. 

Therefore, profiling primary, as well as synchronous and metachronous metastatic lesions at 

transcriptomic level is a must for the selection of patients for optimal treatment modalities.

To summarize, the two methodologies complement each other, and can be integrated for 

more comprehensive analysis linking inter-tumor and intra-tumor heterogeneity for a better 

understanding of CRC subtype-specific microenvironment and cancer evolution.

5.5. Developing clinically accessible assays

The six CRC subtyping systems as well as the consensus taxonomy, have all demonstrated 

prognostic and/or predictive values to certain extent [4,6–9,66,67]. Effective translation of 

these findings into routine clinical practice, however, is still quite difficult due to several 

Wang et al. Page 17

Semin Cancer Biol. Author manuscript; available in PMC 2020 April 01.

A
uthor M

anuscript
A

uthor M
anuscript

A
uthor M

anuscript
A

uthor M
anuscript



major challenges. First, all of these taxonomies were developed based on gene expression 

profiles derived from microarray or RNA-seq platforms, which are largely impractical in 

actual clinical settings due to their exorbitant cost, long turnaround time, and reliance on 

bioinformatic expertise. Second, the discovery cohorts used for developing these classifiers 

contained mostly fresh frozen samples, and therefore, the accuracy and robustness of these 

classifiers on FFPE samples remains questionable. In fact, the CMS classifier had poor 

performance on several data sets derived from FFPE samples [7]. Therefore, in practice, the 

CMS classifier needs to be tailored to the specific type of clinical specimens used for 

analysis. Last but not the least, there is still a lack of biomarkers predictive of CMS that can 

be easily comprehensible and conducted by pathologists and clinicians. Instead, molecular 

subtyping of breast cancer has become a routine practice just because ER/PR/HER2 

biomarker testing is highly predictive, easy to understand and process.

Addressing these challenges are prerequisites for widespread embracement and clinical 

applications of the CMS classification system. To replace microarray or RNA-seq based 

assays for CMS subtyping in the clinic, several alternative strategies may be worth 

exploring. First, would be to develop qPCR or IHC based assays based on optimized panel 

of markers selected from the full list of signature genes. This often necessitates feature 

selection to reduce the number of signature genes to a small panel while maintaining 

acceptable prediction accuracy. Substantial effort has already been made by several groups 

to develop more accessible classifiers using qPCR and/or IHC based assays [8,66,133]. For 

instance, an IHC-based assay was developed which employs staining of five markers 

(CDX2, FRMD6, HTR2B, ZEB1, and KER) selected from the total 146 signature genes of 

the CCS classifier, together with MSI status, for CCS-based CRC classification [133]. 

Another qRT-PCR study based on the expression of a two gene panel PDGFR/KIT showed 

high accuracy in detecting CMS4 subtype tumors amid the issue of intratumor heterogeneity 

[134]. Second, recent advances in biotechnologies have made it possible to develop 

diagnostic assays based on dozens or even hundreds of gene expression markers at relatively 

low costs. For instance, technologies, such as NanoString nCounter® gene expression 

system [135], are cost-effective and can be used for developing FDA-approved diagnostic 

kits. Targeted RNA sequencing has also been demonstrated to be a more sensitive 

methodology for identifying triple-negative breast cancers compared to conventional assays 

[136]. Lastly, liquid biopsies are transforming molecular diagnosis to a non-invasive 

promising technique for early detection of cancers [137]. Distinguishing different molecular 

subtypes of CRC at early stages is important for the selection of patients for optimized 

therapies. Towards this end, it is critical to identify subtype-specific cell-free tumor DNA 

(ctDNA) or RNA, proteins and lipids contained within exosomes.

5.6. Evaluating the role of CMS as a predictive marker

The ultimate goal of cancer subtyping is not only for more accurate prognosis, but also for 

precise decision-making of treatment. Although the associations of CRC subtypes with 

adjuvant chemotherapies or anti-EGFR therapies have been extensively studied elsewhere, 

the CRCSC did not discuss the predictive power of CMS explicitly [9]. Therefore, additional 

effort should be made for a comprehensive evaluation of the predictive role of CMS. In the 

last decades, various drug sensitivity studies have been conducted using CRC cell lines, 
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xenografts and patients, which generated valuable transcriptomic data for molecular 

subtyping and corresponding pharmacological and clinical data for association studies 

[69,138–140]. Recently, Sveen et al. managed to translate this CMS system to preclinical 

models including a panel of cell lines and PDX models by first optimizing the CMSs 

classifier enriched for cancer cell-intrinsic signals and then integrating high-throughput in 
vitro drug screening [141]. They eventually confirmed CMS2 to be strongly responsive to 

EGFR and HER2 inhibitors, and found CMS1 and CMS4 to possess high sensitivity towards 

HSP90 inhibitors [141]. Furthermore, this study uncovered a potential for combination 

treatment with 5-fluorouracil and luminespib to alleviate chemoresistance in CMS4 patients 

[141].

Apart from the recent encouraging progress, many more ongoing clinical trials testing 

combined therapies (e.g., BRAF/MEK/EGFR combinatorial inhibitions) or 

immunotherapies (e.g., anti-PD1 and anti-PDL1 therapies) highlight new opportunities for 

evaluating the association of different CMS subgroups with novel CRC therapies. It is highly 

advocated that these genomic, pharmacological and clinical data can be made publicly 

available so that the entire research community can contribute and collaborate to unravel the 

urgent challenges in order to achieve the ultimate goal of translating molecular subtyping of 

CRC for personalized treatment in the clinic [97]. A non-invasive CMS tool would allow the 

clinicians in not only implementing individualized therapies, but will also aid in disease 

monitoring and anticipating secondary resistance. With the recent advances in technologies 

like NanoString, it is worth developing a plasma-based CMS classifier either using the 

mRNA or miRNA based strategy, which might also help to combat intratumor heterogeneity. 

As more and more studies are revealing that the drug treatment leads to emergence of 

multiple drug-resistant sub clones, each carrying distinct genetic alterations relative to the 

parent tumor cells, it is essential to elucidate whether a specific subtype switching occurs 

when such drugs are administered alone or in combination with other targeted therapies in 

metastatic CRC patients.

Taken together, the CMS has allowed us to reach a reasonable degree of consensus in better 

understanding the underlying biology in CRC patients. However, additional studies and data 

analytics must be undertaken to overcome some of the challenges described in this article, 

before these data can transition from the bench – to the bedside.
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CRC colorectal cancer
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CMSs consensus molecular subtypes

CRCSC CRC Subtyping Consortium

CIN chromosomal instability

MSI microsatellite instability

CIMP CpG island methylator phenotype

MMR mismatch repair

MSI-H high-frequency microsatellite instability

dMMR defective DNA mismatch repair

MAPK mitogen-activated protein kinase

V600E mutations at the residue 600 from valine to glutamate

iNMF iterative non-negative matrix factorization

EMT epithelial-mesenchymal transition

DFS disease free survival

NMF non-negative matrix factorization

NTP nearest template prediction

CS-TA cetuximab-sensitive transit-amplifying

CR-TA cetuximab-resistant transit-amplifying

CCSs colon cancer subtypes

OS overall survival

CDF cumulative distribution

LDA Linear Discriminant Analysis

PAM Prediction Analysis for Microarrays

MDI Multiple Dataset Integration

SNF similarity network fusion

MCL Markov cluster algorithm

CPTAC the Clinical Proteomic Tumor Analysis Consortium

CNNs convolutional neural networks

CRISs colorectal cancer intrinsic subtypes

ctDNA circulating tumor DNA
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PDXs patient-derived xenografts

SCNAs somatic copy number alterations
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Figure 1. Six CRC subtyping systems derived from a single-omic classification workflow and two 
major strategies for integrative analysis. (a)
The workflow for six independent CRC subtyping systems based on single-omic 

classification strategy. The six CRC subtyping studies employed different training cohorts, 

gene expression profiling platforms, clustering and classification methods, yielding 

discrepant subtyping results. (b) We proposed a network-based approach for multi-platform 

(horizontal) integration, involving several major steps: (1) classifying 18 data sets totalling 

over 4000 samples using each of the six subtyping systems; (2) calculating a matrix of 

Jaccard indices quantifying the association between each pair of subtypes; (3) evaluating the 

statistical significance of the association between each pair of subtypes using 

hypergeometric tests; (4) filtering Jaccard indices by the p-values derived from 

hypergeometric tests to retain only significant associations (P < 0.001); (5) constructing a 

network of subtype associations; (6) partitioning the network into consensus molecular 

subgroups using Markov cluster algorithm (MCL) [82]. More technical details can be found 

in [9]. (c) Multi-omic (vertical) integration for cancer classification using similarity network 

fusion (SNF) [80]. Two or more types of omic data such as mRNA expression, miRNA 

expression, DNA methylation and copy number profiles can be integrated for more 

comprehensive dissection of cancer heterogeneity occurring at multiple omic levels of gene 

regulations.
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Figure 2. The CRC consensus molecular subtyping system
Network-based meta-analysis on six representative classification systems identified four 

consensus molecular subtypes of CRC. Each subtype shows distinct molecular 

characteristics and clinical associations. CMS1 (MSI Immune) tumors are characterized by 

CIMP high status, BRAF V600E mutations, diffuse immune infiltration, and are associated 

with worse survival after relapse. CMS2 (canonical) tumors are characterized by high 

somatic copy number alterations (SCNAs), overrepresented APC mutations and activated 

WNT and MYC signaling pathways. CMS3 (metabolic) tumors are largely CIMP low, 

enriched for KRAS mutations, and characterized by deregulation of metabolic pathways. 

CMS4 (mesenchymal) tumors display a high level of SCNAs, and are characterized by 

upregulation of EMT, TGF-β activation, stromal infiltration and worse relapse-free and 

overall survival. CMS2 and CMS3 tumors are more likely to be developed from tubular 

adenomas, while CMS1 and CMS4 tumors are potentially derived from serrated adenomas 

[142].
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Figure 3. A putative roadmap to more personalized CRC management based on molecular 
subtyping
Implementing CMS subtyping for more personalized clinical management of CRC patients 

involves four major phases: (1) Collection of pre- or post-surgical biopsies, surgical tissues 

or whole blood/serum/plasma from CRC patients to isolate DNA/RNA/miRNA and proteins 

to perform molecular profiling. (2) Performing transcriptomic as well as multi-omic 

profiling using various high and low throughput platforms that are currently available as well 

as the methods that are under development. (3) Stratifying patients by various biomarker 

assays tailored for specific clinical applications. More specifically, establishing a robust 

biomarker associated with CRC subtyping involves multiple stages: biomarker discovery, 

model development, inter-lab validation as well as validation by prospective studies. At each 

stage, critical assessments of the assay are needed before entering the next stage. (4) 

Implementation of subtyping in decision making of CRC to address various clinical 

questions throughout the CRC progression. Multiple choices of sample sources, molecules 

and profiling platforms are available, yet largely unexplored (colored in gray), for 

developing an optimized biomarker assay for a specific clinical application.
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Figure 4. 
New challenges to clinical translation of CRC subtyping and emerging opportunities. 

Clockwise, from top to bottom to top are the six major challenges hampering the clinical 

translation of CRC subtyping as well as their corresponding new opportunities: (1) 

Transforming single-omic to multi-omic molecular subtyping by integrating other types of 

data such as DNA methylation and miRNA expression profiles; (2) Establishing more robust 

classifiers for cross-platform classification based on deep learning; (3) Elucidating subtype-

specific regulatory mechanisms using a multi-dimensional network approach; (4) Linking 

inter-tumor and intra-tumor heterogeneity studies by single cell sequencing or computational 

deconvolution; (5) Developing clinically accessible assays using qPCR, IHC and NanoString 

to implement CMS taxonomy as routine clinical practice; (6) Evaluating the role of CMS as 

a predictive marker by integrative analysis of genomic, pharmacological and clinical data. 

Importantly, multidisciplinary collaborations between basic cancer research, bioinformatics 

and clinical research are key to addressing these urgent challenges preventing the clinical 

translation of CMS taxonomy.
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