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[bookmark: _Toc202340174]Methods details

1. [bookmark: _Toc202340175]The Icelandic cohort of colorectal cancers

In this manuscript, we describe the collection, phenotyping and sequencing of 2,172 colorectal cancers from Icelandic cancer patients. This previously unpublished data is combined with data from whole-exome or targeted sequencing of over 9,000 additional colorectal cancer cases which have been previously published in the last few years and are described in section 4 below.

1.1 [bookmark: _Toc202340176]Tumour tissue samples

All surgically resected cancers in Iceland are reviewed by pathologists at the Landspitali University Hospital in Reykjavik as part of standard patient care. Tumour tissue is banked in a tissue bank maintained by the pathology department. We obtained samples from 2,548 formalin-fixed, paraffin embedded (FFPE) colorectal adenocarcinomas. These represent all colorectal tumours in the pathological archives dating from 1983-2019 for which patients had either given a specific informed consent for study of the tumour biopsies, a broad consent for participation in genetic studies conducted by deCODE Genetics or for which the individual is deceased, in which case a national bioethics committee can approve the use of the samples for research. We also include a handful of cases diagnosed before 1983, with the earliest diagnosis having been made in 1961. The oldest individual in the cohort was born in 1886 and diagnosed with colorectal cancer in 1969.
Unique national identity numbers were encrypted in accordance with regulations imposed by the Icelandic Data Protection Authority. These unique patient identifiers enable us to join the information from the Icelandic Cancer Registry with the electronic health records of these individuals to obtain rich phenotype information (see section 3 below). The study was reviewed and approved by the Icelandic National Bioethics Committee (refs: VSN-17-137 and VSN-18-142).

[bookmark: _Toc202340177]2. Sequencing and quality control of the Icelandic cohort
[bookmark: _Toc202340178]2.1 Sequencing formalin-fixed samples using the TSO-500 targeted panel

We isolated DNA from 2,548 primary tumours of Icelandic colorectal cancer patients. DNA was isolated from a tissue core, 1 mm in diameter, taken through a tumour rich region of the FFPE tumour sample. DNA from the FFPE core was extracted on a chemagic Prepito instrument (PerkinElmer, Waltham, MA, USA, 2022-0020) using the Prepito FFPE Kit (PerkinElmer, CMG-2027). Briefly, the FFPE core samples were de-paraffinised in lysis buffer by heating to 90 °C for 5 min and cooled to room temperature prior to digestion by Proteinase K. Samples were incubated at 65 °C for at least 1 h or until tissue was fully lysed. Lysates were incubated at 90 °C for 45 min to reverse crosslinks prior to DNA isolation on the Prepito instrument. DNA isolated from the cores was sequenced using the TruSight Oncology 500 Assay (TSO-500) from Illumina (see below). This is an enrichment-based targeted sequencing assay optimized for use with FFPE tissue samples. It involves hybridization-based capture of 1.94 megabases of DNA, including the coding exons of 523 genes thought to be cancer-related.  In addition, the TSO-500 assay provides a measure of tumour mutation burden and microsatellite instability of the tumour. The TSO-500 panel is designed to cover commonly mutated genes pan-cancer. It includes 63/94 genes reported as drivers of colorectal cancer by IntOGen and 41/81 genes reported in COSMIC. 
Sequencing libraries were prepared from isolated FFPE gDNA samples according to Illumina´s TruSight Oncology High Throughput protocol, using the Library Prep DNA Only Workflow. See https://support.illumina.com/content/dam/illumina-support/documents/documentation/chemistry_documentation/trusight/oncology-500-ht/trusight-oncology-500-high-throughput-reference-guide-1000000094853-03.pdf
In short, gDNA was fragmented (90-250bp) using the Covaris LE220plus instrument in a 96-well plate format (96-AFA-TUBE-TPX plates). End-repair and A-tailing was then performed, followed by adaptor ligation using the supplied UMI DNA index anchors. Ligated DNA was purified with magnetic beads and PCR amplified (15 cycles) using the supplied Nextera DNA Unique Dual index primers. The resulting libraries were enriched with target capture using biotin labelled oligos for the 523 target genes in two separate hybridization steps, where Hyb1 was incubated for 24 hrs and Hyb2 for 4 hrs.  Both steps involved capture with streptavidin magnetic beads. The captured targets were finally PCR amplified using universal primers (18 cycles) and purified using magnetic beads. The resulting sequencing libraries were normalized using the supplied normalization beads, pooled, denatured and diluted for sequencing. Each multiplexed pool contained 16 samples. Each pool was sequenced using the S1 flowcell on the NovaSeq6000 sequencer following the XP workflow. Paired end sequencing was performed with a read length of 2x101 cycles in addition to 2x10 cycles for the dual indexes.
According to the manufacturer’s instruction on the use of the TSO-500 panel, we excluded samples if the median sequencing coverage was less than 150x, if the median insert size of the DNA library was less than 70 base pairs or if less than 90% of the exon regions assessed had coverage less than 50x. These filters together resulted in the exclusion of 376 samples (15%). Unsurprisingly, the age of a sample was associated with lower coverage and shorter median insert size of the sequencing library, explaining just over 30% of the variance of each variable.
[bookmark: _Toc202340179]2.2 Germline genotyping of the Icelandic cohort

Out of 2,177 individuals whose tumours were sequenced and passed quality control as part of this study, 1,522 have previously undergone whole-genome sequencing (WGS) of a matched-normal tissue (blood or buccal swaps). Normal samples were sequenced using GAllx, HiSeq, HiSeqX and NovaSeq instruments from Illumina to a minimum depth of 17.8X and an average depth of >30X as part of deCODE Genetics’ large-scale sequencing of Icelanders (1–3). The data freeze used in this study (daisy freeze) includes WGS data on 63,460 Icelanders as well as genotyping data on 231,501 Icelanders (including all WGSd individuals) who have been genotyped using a selection of genotyping arrays. In addition, genealogical information is available for all Icelanders and is near complete back to the 1650s. These resources together enable high-accuracy familial imputation and long-range phasing of germline variants down to extremely low minor allele frequencies in nearly all Icelanders who have been alive in the last century (4). This includes the cancer cases included in this study that have not been whole-genome sequenced, even if they were deceased prior to the invention of the first genotyping array. The details of the methods used for sequencing, variant calling and imputation of normal samples have been extensively described elsewhere (1–3,5). 

[bookmark: _Toc202340180]2.3 Bioinformatical processing, variant calling and quality control after TSO-500 sequencing

We used the TruSight Oncology 500 analysis pipeline (6) (v 1.3.1.3 and 2.1.0.60), pre-supplied as a docker image by Illumina, to call somatic substitutions and indels. Detailed documentation is provided on Illumina’s website under https://support.illumina.com/content/dam/illumina-support/documents/documentation/software_documentation/trusight/trusight-oncology-500/trusight-oncology-500-local-app-v2.1-user-guide-1000000113216-02.pdf.

Briefly, following demultiplexing, reads were aligned to the hg19 human reference genome using Burrows-Wheeler Aligner (BWA-MEM) (7). Reads with similar genomic locations were next collapsed based on their unique molecular identifiers. This process uses duplex collapsing, combining information from both strands of the DNA and reduces FFPE deamination artifacts and other sequencing errors, which tend to affect only one strand. Collapsed reads were next re-aligned to the reference genome. The Gemini software (Illumina) performs local indel realignment and paired-read stitching. Small variants are called using the Pisces variant caller (Illumina, https://github.com/Illumina/Pisces) and filtered using the Pepe software component, which takes into account both the background noise of the sample and the trinucleotide specific error rate for each of the 96 trinucleotide classes as estimated from positions with allele frequencies <1%. Variants with a Catalogue of Somatic Mutations in Cancer (COSMIC v84) count > 50 are given a more lenient threshold for passing filtering than variants not or rarely seen in COSMIC (see the TSO500 analysis pipeline documentation (6) for details). 
We removed variants with variant allele fraction (VAF) less than 5% and variants which were supported by 15 reads or fewer (VAF times the depth at the site). The exception to this was that we retained variants with lower VAFs and read support if they had a COSMIC count of greater than 50 (and thus a high prior of being genuine oncogenic drivers). We also manually removed recurrent artefactual indel calls affecting four A-homopolymers in or near non-coding regions in BIRC3, MAP4K3, KRAS and PAX8, which manual inspection showed to be clear alignment errors. 
We did not sequence matched normal samples using the TSO-500 panel. Instead, germline variants were filtered in two ways as follows. If a matched normal sample (blood or buccal tissue) had previously been whole-genome sequenced in deCODE, as described in section 2.2 (n=1,522, 70% of the cohort), we compared the somatic mutation calls to the germline genotypes at the site and classified the variant as somatic if the individual was homozygous for the reference allele at the site in the matched normal (see accompanying R-markdown file for the details of this procedure). When a matched normal sample was not available for a patient (n=655, 30% of the cohort), we filtered variants if the alternative allele had been observed more than 10 times in gnomAD (v2.1) or 1000 Genomes (Phase 3 v5a), if the alternative allele was seen more than once in the set of 63,460 whole-genome sequenced Icelanders (clover freeze) or if the same variant was called in over 100 tumours and does not have a COSMIC-ID. 
Microsatellite instability status was determined by analysing up to 130 homopolymer sites included in the TSO500 panel. Each site is required to have a minimum of 60 reads spanning the region to be considered in a given tumour, such that the number of sites analysed varies from tumour to tumour. Microsatellite instability status of a tumour is only reported if 40 or more sites fulfil these criteria, in which case the percentage of microsatellite instable sites is reported. For samples failing TSO500 MSI assessment, MSI status can be inferred based on the number of substitutions and indels observed. To add further evidence for mismatch repair activity/deficiency, we performed immunohistochemical staining for loss of MMR proteins using the following antibodies (all from Dako, Santa Clara, CA, USA) according to the manufacturer’s suggestions: MLH1 (Code:IR079; Clone:ES05; RTU), MSH2 (Code:IR085; Clone:FE11; RTU), MSH6 (Code:IR086; Clone:EP49; RTU) and PMS2 (Code:IR087; Clone:EP51; RTU). Stains were considered negative if < 1% of tumour cells showed positive staining with a positive internal control.


[bookmark: _Toc202340181]2.4 Sample-level quality control in the Icelandic cohort

Following the lookup of putative somatic calls in WGS data from blood described in section 2.3 above, we excluded 47 samples (3%) where over 20 mutations in polymorphic sites were identified and this represented over 2.5% of the calls for that sample, or when the ratio of somatic mutations at polymorphic sites vs non-polymorphic exceeded two. This is indicative of possible sample swaps or poor-quality mutation calling.  

[bookmark: _Toc202340182]2.5 Bespoke calling and filtering of mutations in class I HLA genes
Upon review of the mutation calls from the Illumina TSO bioinformatic pipeline, we noticed that no mutations were called in the genes HLA-A, HLA-B or HLA-C. We hypothesized this might be caused by poor alignment of FFPE derived sequence reads to the highly polymorphic MHC region. We performed a bespoke alignment using a graph-based reference (as opposed to a linear reference genome) which incorporates most of the variation in HLA genes found in Iceland (5). After alignment, we used Strelka2 (8) to call mutations in HLA-A, HLA-B or HLA-C using a bulk WGS from blood or buccal swaps as a matched normal. Mutations could be called in 1,524 samples that also had a matched normal sample sequenced.
We filtered mutations overlapping germline polymorphisms found in >0.5% frequency in Iceland, mutations with VAF<5%, coverage <100X, coverage <10 in the matched normal or VAF>2% in the matched normal. After filtering, 219 HLA mutations were called. While calling and filtering were done in a tumour type agnostic way, we observed a large enrichment of mutations in MSI samples compared with MSS non-hypermutator samples, as expected. 

[image: ]
Supplementary Note figure 1: Fraction of tumours in the deCODE cohort carrying a frameshift indel in any HLA class-I gene, predicted loss-of-function snv or a predicted missense variant. Mutation calling was performed blinded to mutator class but reassuringly, most mutations are observed in the MSI group.


[bookmark: _Toc202340183]3. Phenotyping the Icelandic cohort
[bookmark: _Toc202340184]3.1 The Icelandic Cancer Registry

The Icelandic Cancer Registry (http://www.cancerregistry.is) contains >99% of all diagnoses of solid cancers made in Iceland from January 1st, 1955 (9). Based on encrypted unique national identifiers, we obtained from the registry specific information relating to the cancer such as the year and age of diagnosis, tumour stage at the time of surgery, anatomical site of the primary tumour, survival information and more. 
	The deCODE Biobank of Icelanders contains rich phenotyping data on a large number of phenotypes. Based on encrypted national identifiers, data from the Icelandic Cancer Registry and pathological assessments can be combined with existing phenotype data. In this way, we extracted data on BMI and smoking history, past cancer diagnoses, inflammatory bowel disease and more. 

[bookmark: _Toc202340185]3.2 Pathological assessments of tumour slides and quantification of mucin levels

For the Icelandic CRC cohort, tumour slides were reviewed by one of three pathologists working on the project. The pathologists scored the severity of inflammation at the tumour margins and the amount of muscle and stroma visible as previously described (10). 
The pathologists assigned each tumour to have a mucinous histology if mucin comprised >=50% of the tumour volume. Based on this binary classification, we discovered an enrichment of mutations in genes in the TGFb pathway in MSS mucinous tumours as described in the main text. Seeking a more quantitative assessment of the level of mucin, we used a previously published convolutional neural network (11), the model used was a DenseNet 121 (12) pretrained on ImageNet (13) and finetuned on a dataset of 100,000 non-overlapping patches extracted from 86 HE stained images of human CRC and normal tissue (14) to perform automated tissue decomposition into eight tissue classes of haematoxylin and eosin (H&E) stained tissue slides. The tissue classes included were: Adipose, debris, lymphocytes, mucus, normal colon mucosa, cancer-associated stroma, colorectal adenocarcinoma epithelium, and background. At inference time, the H&E images are divided into patches of 122 by 122 micrometers and we aim to classify each patch as one of the eight tissue classes included in the training set (see Figure 5c of the main text).
We added together all segments classified as mucin that were closer than 1mm from segments classified as tumour tissue. Additionally, mucinous tissue closer than 0.2mm from tissue classified as normal colon mucosa was ignored as it was considered non-pathogenic. The resulting variable is log-normally distributed but we performed a rank based inverse-normal transformation of the data prior to association testing. We fitted a logistic regression model to predict the mutation status of genes associated with binary mucinous histology classification (KRAS, TP53, SMAD4, SMAD3, SMAD2, TGFBR1, GNAS, ACVRB1 and IDH1) based on sex, age, tumour location and binary mucinous classification as made by a pathologist. We then used a likelihood ratio test to test if adding a quantitative estimate of the mucin level significantly improved the fit of the model and found this to be the case for four genes (KRAS, TP53, SMAD4 and SMAD3, see Figure 7d of the main text). 
 

[bookmark: _Toc202340186]4. Previously published colorectal cancer datasets

We carried out a manual curation of the literature to identify datasets suitable for inclusion in a meta-analysis. We did not include studies with fewer than 100 tumours sequenced or studies that had used gene panels with fewer than 200 genes. Furthermore, we did not repeat mutation calling from bam files but only included studies for which mutation calls were made publicly available either in supplementary tables of the associated publications or through web portals. We downloaded mutation calls and associated clinical meta-data for >9000 colorectal cancer patients from several sources listed below. All data was downloaded in August 2022 except for Roelands et al and Nunes et al, for which the data was accessed in February 2024 and November 2024, respectively.

We accessed data from six studies which have made mutation calls from whole-exome sequencing (WES) publicly available:
Giannakis et al (15) sequenced formalin-fixed tumours from 619 individuals from two prospective studies carried out in the United states: The Nurses‘ Health Study (n=380) and the Health Professionals Follow-up Study (n=239). Samples were sequenced to a median depth of 90x.
Grasso et al (16) report the latest results from the whole-exome sequencing of colorectal cancers belonging to The Cancer Genome Atlas (TCGA). The authors of Grasso et al report the mutation calls as a supplementary table. However, this table does not include synonymous variants which are necessary for dN/dS analysis. We therefore used the TCGAmutations package (17) in R (v 0.3.0) to download mutation calls and associated meta-data from TCGA projects COAD and READ and joined this with the metadata provided by Grasso et al. After joining, 553 patients from TCGA were included. 
Vasaikar et al (18) performed WES to a minimum depth of 150x as part of a proteomic analysis of 106 fresh-frozen, primary colon cancers collected in the United States. This study does not include any rectal cancers.
Zhao et al (19) report the results from whole-exome sequencing of 1,005 tumour-normal pairs from Chinese patients as part of the ChangKang Project. Tumour samples were sequenced to a median depth of 219x. We downloaded a maf file from the ChangKang project website (https://changkang.hapyun.com/download/). 
Roelands et al (20) performed WES to a median depth of 129X on 281 fresh-frozen samples collected at Leiden University in the Netherlands. This was part of an effort to create the Atlas and Compass of Immune-Cancer-Microbiome (AC-ICAM) resource. 
Nunes et al (21) performed WES on 1,063 fresh frozen primary CRC tumours and their paired control samples collected at Uppsala University Hospital or Umeå University Hospital in Sweden. All samples yielded data of ≥60× read coverage.  

The remaining data comes from studies which used targeted sequencing of gene panels: 
Zaidi et al (22) carried out targeted sequencing of 205 genes (listed in the supplementary information of the original publication) in 2,105 formalin-fixed colorectal cancers. The average sequencing coverage of the tumours was 857x. Samples are a part of the Genetics and Epidemiology of Colorectal Cancer Consortium (GECCO) and the Colon Cancer Family Registry (CCFR) cohorts. Ancestry of individual patients is not reported but GECCO is a collaboration of researchers from North America, Australia, Asia and Europe while samples belonging to the CCFR were collected in Ontario and Seattle.

A large number of patients sequenced at the Memorial Sloan Kettering Cancer Center (MSKCC) in New York were included in this study. These have been sequenced using one of four different versions of the MSK-IMPACT (integrated mutation profiling of actionable targets) gene panel and published as part of one or more of several MSKCC studies which have used overlapping patient cohorts. Clinical metadata and mutation calls were downloaded through cBioPortal (https://www.cbioportal.org/). To avoid double-counting samples, we merged all the MSKCC studies and then used the mutation calls and phenotypes reported in the most recent study in which the sample appears, assuming that methods used for mutation calling and filtering and metadata collection have improved over time. When both primary and metastatic tumours from the same individual were sequenced, we retained only the sample representing the primary tumour. 
	Unfortunately, none of the call sets downloaded from cBioPortal include synonymous mutations. For this reason, the samples from MSKCC could not be used in the dN/dScv meta-analysis, although they are used in the molecular epidemiology analyses. The same is true for the data from Roelands et al. The exclusion of silent mutations from the mutation calls is unfortunate and may be an accidental consequence of the use of the maftools R-package. When using this package, mutations are stored as two distinct dataframes within a maf-object: maf_object@data and maf_object@maf.silent. The mutations available for the MSKCC and AC-ICAM cohort are consistent with only the maf_object@data having been exported and made publicly available. Our attempts to contact the corresponding authors about this issue went unanswered.

[bookmark: _Toc202340187]4.1 Annotation of clinical meta-data

We homogenized the clinical metadata of the different studies. The location of the tumour is documented at two levels of granularity, a high-level meta-location (proximal colon, distal colon or rectum) and a more detailed site specification. Some studies report only the higher-level location. We classified tumours as coming from the proximal colon if their primary site was one of cecum, ascending colon, hepatic flexure or transverse colon. Tumours were classified as coming from the distal colon if the primary site was one of splenic flexure, descending colon or the sigmoid colon. Tumours were classified as rectal cancers if the primary site was rectosigmoid junction or the rectum. We removed all tumours if the primary site reported in the original study was appendix, ileum, ileocecal valve, small bowel or similar. 
	When studies reported patient survival in the unit of days, we converted this to months by dividing the number of days by the average number of days in a month (365.25/12). For staging, we used only the I-IV numeric component of the TNM staging system. When ambiguities existed, we used the highest stage (for example, a tumour classified as stage II/III would be assigned stage III). Quantitative variables, including age and BMI, underwent a rank-based inverse normal transformation within each study prior to combining the data. 

[bookmark: _Toc202340188]4.2 Mutation filtering in the combined dataset

After combining mutations from all sources, we applied two filters: First, having mutation information from multiple sources offers opportunities for filtering study-specific artifacts. We reasoned that mutational “hotspots” with >5 mutations called in a study but zero mutations in any of the other studies were likely study specific artifacts and removed them from the call set. Second, we applied a genomic mask to capture mutations (especially indels) mapping to problematic regions of the genome. The mask includes:
1. Mutations identified by running the CaveMan and Pindel software on WGS blood samples from 97 young (<35 years old) Icelanders using an unmatched normal. All mutations identified are expected to be artifacts or germline variants. 
2. Sites that are potentially polymorphic in the Icelandic population, but which fail QC, indicating problematic regions. 
3. Indel mutations overlapping microsatellite polymorphisms that are not in Hardy-Weinberg equilibrium in the Icelandic cohort (23).
4. Indel mutations overlapping microsatellite polymorphisms in >5% frequency in the Icelandic population (23).
5. Any mutation overlapping microsatellite polymorphisms with over 15 alleles in the Icelandic population (23).
6. Indel mutations overlapping the ENCODE blacklist.
7. Mutations overlapping a genomic mask designed to capture low-quality sites in the Gnomad database and sites with high error rates at the Wellcome Sanger institute (24).
To ensure consistency in mutation annotation across studies, we re-annotated all mutations using the Variant Effect Predictor (VEP) tool (v.2.2.1). 
[bookmark: _Toc202340189]4.3 Assigning hypermutator status

Approximately 10-20% of colorectal cancers have a hypermutator phenotype, characterised by a high tumour mutational burden (TMB). The hypermutated tumours can be further subdivided into microsatellite instable hypermutators (MSI), which have a large number of indels and are typically mismatch-repair deficient, and microsatellite stable hypermutators (MSS-H), which have large number of substitutions but comparatively few indels. MSS-H tumours typically retain the ability to carry out mismatch repair but instead commonly have a mutation in the exonuclease domain of polymerase epsilon (POLE). They are referred to as POLE tumours in the main text.  
	The studies included herein have varying distributions of mutation counts. This is primarily due to methodological differences such as the use of different targeted gene panels, different sequencing depth, differences in the tumour purities and different methods for calling and filtering the somatic mutation call set. Some of the studies report TMB values for each tumour, which are often calculated after excluding established driver mutations but slightly different methods for calculating the TMB can lead to differences between studies. Furthermore, different studies used different methods of establishing the microsatellite instability of the tumours. 
	We plotted histograms of the mutation burden for each study. The histograms for each study show a clear bimodal distribution with the modes representing the mutation burdens of non-hypermutator and hypermutator tumours respectively. When studies reported the mutator class (MSI, POLE or MSS non-hypermutator) of each tumour, we used that original annotation. When this information was not provided, we empirically classified tumours as hypermutators or non-hypermutators based on the mutation count distribution of the study. The hypermutators were divided into MSI/POLE based on either an MSI-score estimated by the study or empirically based on the distribution of indel counts in the study. 
We further refined the mutation class assignment of tumours based on the 96-class mutation spectra of individual tumours. The mutation burden of the tumours included in this analysis is typically low, making formal signature analysis challenging. However, hypermutators, by definition, have higher mutation rates and can be distinguished on the bases of mutation patterns that tend to be highly distinct from those seen in MSS tumours. We used the fit_to_signatures_strict() function of the MutationalPatterns (25) R-package (v 3.12.0) to find the linear non-negative combination of signatures which best reconstructs the 96-class mutation matrix of each “hypermutated” sample. We fitted to COSMIC signatures SBS1, SBS5, SBS18, SBS88, SBS17a, SBS17b, SBS10a, SBS10b, SBS10c, SBS10d, SBS28, SBS2, SBS13, SBS6, SBS14, SBS15, SBS20, SBS21, SBS26 and SBS44. 
We expect POLE mutant tumours to show a high fraction of T[C>A]T, T[C>T]G and/or T[T>G]T mutations, indicative of substitution signatures of POLE mutations: SBS10a, SBS10b and/or SBS28. In contrast, MSI tumours are expected to show a high fraction of SBS6, SBS14, SBS15, SBS20, SBS21, SBS26 and/or SBS44, which are signatures attributed to defective mismatch repair. MSS non-hypermutated tumours mostly show signatures SBS1, SBS5 and SBS18. Tumour classification into MSI/POLE from individual studies generally shows high agreement with the results from mutational signature extraction, but we manually re-assigned tumour mutator status as MSS/MSI/POLE based on the mutational spectra and mutational attribution as appropriate. As mentioned in the main text, 149 samples still had uncertain mutator status and were excluded from the analysis. These were mainly samples with mutation burdens close to the cut-offs used to assign hypermutator status and which inspection of mutation spectra for hypermutators was inconclusive. We expect that had these samples been sequenced using WGS, their true CRC subtype would have become apparent and these are unlikely to represent a novel subtype of CRCs.


[bookmark: _Toc202340190]5. Driver analyses
[bookmark: _Toc202340191]5.1 A dNdScv meta-analysis

Several methods exist for identifying genes under positive selection in somatic cells. For example, seven different methods are implemented in the IntOGen pipeline (26). Here, we have opted to use dndscv as in our experience this is among the most robust methods, it can be used on targeted sequencing data and it produces a P-value for each individual gene which can be readily combined across studies. 
We used the dndscv() function of the dndscv package (27) to identify genes where the ratio of the mutation rate at non-synonymous sites (dN) and synonymous sites (dS) is greater than 1, which is indicative of positive selection of non-synonymous mutations. For MSS tumours, we used all default parameters. For MSI tumours, we set the ‘max_muts_per_gene_per_sample’ and ‘max_coding_muts_per_sample’ parameters as infinite. These parameters are designed to prevent hypermutator samples from reducing power to detect selection but they are less relevant when all the samples are MSI hypermutators and can cause unwanted exclusion of mutations or samples from the analysis. We note that (as is default) the ‘use_indel_sites’ parameter was set as TRUE, which has the effect that in the negative binomial model of indels, it is not the total number of indels that gets modelled, but rather the number of unique indel sites. This protects against recurrent indels occurring at microsatellite hotspots or sites with high indel error rates (27). For the two studies that used targeted gene panels, we set the ‘gene_list’ parameter accordingly.
We ran dndscv() on MSS and MSI tumours separately for each study. This yields P-values for enrichments of missense variants, nonsense/splice variants and indels. These P-values can be combined in Pglobal, but in the case of oncogenes driven by mutations at specific hotspots, Pglobal can be larger than Pmissense (as truncating mutations dilute the missense signal at gain-of-function hotspots). 
We performed sanity checking of the data in three ways: We calculated global dN/dS ratios, either exome wide or across all genes in the baitsets. Unfiltered germline variants will skew dN/dS ratios downwards while excessive filtering can lead to inflated estimates. For all studies for which WES data was available, we observed global dN/dS values just over one, a pattern similar to that observed when applying dndscv on different TCGA cohorts (27). As expected, global dN/dS values are higher for cohorts using targeted gene panels enriched for true cancer genes. As expected, we also found that global dN/dS ratios are higher for nonsense mutations than missense mutations. Finally, global dN/dS ratios are higher among the MSS than MSI tumours. This reflects the high background mutation rate of the MSI tumours, which have proportionally fewer drivers than MSS tumours after taking the increased mutation rate into account (27). Human SNPs have dN/dS ratios << 1 and failure to adequately filter these can cause global dN/dS values significantly lower than 1. Reassuringly, this is not observed for any of the cohorts, which adds confidence in the filtering of germline variants which was done independently for each study by the original authors.  


[image: ]
Supplementary Note figure 2: Global dN/dS estimates for A) MSS tumours in studies that used whole-exome sequencing, B) MSS tumours in studies that used targeted sequencing, C) MSI tumours in studies that used whole-exome sequencing, D) MSI tumours in studies that used targeted sequencing.


We next looked at , the overdispersion parameter of the regression model, which reflects the uncertainty in mutation rates across genes (27). The authors of dndscv caution that very low values of  ( <1) often indicate high levels of germline contamination and/or sequencing errors. Reassuringly, we observed  >1 for the substitution model across all datasets, both for MSS and MSI tumours. However, four studies showed  <1 for indels among the MSS tumours, indicating that there is large unexplained variation in the indel density across genes for these datasets. This prompted us to put in place special conditions on genes driven by indels, as described below.
[image: ]
Supplementary Note figure 3: The overdispersion parameter, , estimated for substitutions and indels in each study and for MSS and MSI tumours separately.
A final sanity check was to plot the distribution of observed P-values vs those expected under a model of no selection. This plot shows an expected inflation of P-values in the deCODE and GECCO/CCFR datasets, which used targeted gene panels, but not among the WES datasets. It also shows that the negative binomial model may produce overly conservative P-values for Indels, especially in the MSS cohort of tumours. This is likely a result of many genes having no indels at all in MSS tumours.
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Supplementary Note figure 4: Genomic inflation of P-values from dndscv.

We used Stouffer’s Z-score method to conduct a meta-analysis weighted by sample size. 



Where k is the number of studies and 


Is the weight of study i which has sample size Ni. 

We combined Pmis, Pnon and PInd for each study and P-values for each annotation class were further combined into PGlobal. We considered a gene significant if any of Pmis, Pnon or PGlobal passed Bonferroni correction for multiple testing (threshold = 0.05/20,091 coding genes = 2.5E-6). We note that dndscv by default uses the Benjamini-Hochberg method to correct for multiple testing but we have opted for the more conservative Bonferroni method. 
Indel mutations don’t fit into the dN/dS framework. There are no synonymous indels. To estimate the expected rate of indels per gene, dNdScv uses a simple negative binomial regression model, taking into account the length of the coding sequence of each gene and the same genomic covariates as are used for substitutions. Any indel that doesn‘t belong to a list of 369 common (pan)cancer genes is considered neutral and used in the estimation of the background mutation rate. In practice, this leads to a much lower sensitivity of driver inference for indels than substitutions. To guard against the effects of microsatellite hotspots on our analysis, we used the ‚unique-sites model‘ implemented in dNdScv. This makes the negative binomial regression be fitted not on the total number of indels but on the number of unique indel sites in a gene. Both models were tested in the original dNdScv publication and the unique sites model was found to produce robust results both when including and excluding MSI samples. Refer to the original publication for details. 
Somatic indel mutations are typically harder to call and filter than substitutions. In the MSS non-hypermutated cohort, 3 studies also showed an overdispersion value <1 for indels. Wishing to guard against potential false positives driven by artifact indels, we filtered genes for which PInd was the smallest of Pmis, Pnon and PInd, if Pnon>0.01. In other words, when the mutation enrichment for a gene is driven by indels, we want to see also nominal evidence for an enrichment of nonsense substitution mutations. As stated in the main text, the genes removed by these criteria are ELF3, PLK1, TRIM51, CDKN1B and JUN for MSS tumours and AXIN2, MBD6, KLF3, BCL9L, TTK, ZFP36L2, RPL22, ALG10, EFNB3, CD93, CCDC73, YIF1A, COL18A1, CDH10, ZNF800, CTCF, TRAM1L1, DAZAP1, TEAD2, PCDH10, TM9SF3, AXIN1, FAM214B, GAMT, PTPRK, LMTK3, SREK1IP1, MAP9, COL5A1, KANSL1L, CSNK1A1L, FAM83E and PNPLA5 for MSI tumours. 
Occasionally, an extremely significant P-value in a single study can result in Pmis, Pnon or PGlobal passing the significance threshold even if no support for the gene is seen in any other study. It is possible that this results from different patient demographics between the studies, but it is also probable that these genes represent a study-specific artifacts. As we are seeking genes with broad evidence across multiple diverse patient cohorts, we required at least three studies to have Pmis<0.1 or Pnon<0.1 to consider a gene significant. We publish the results of the meta-analysis for all genes in Supplementary tables accompanying this manuscript so the reader can decide whether this condition is unnecessarily strict.  
We note that statistical power for detection of positive selection varies substantially from gene to gene. This is partially due to different background mutation rates, which can depend on such factors as replication timing, expression level, sequence composition etc. In this study however, statistical power will also depend on whether a gene is included in the targeted panels used by the deCODE and GECCO/CCFR studies. For example, if a gene is on both panels, we test it in 6,340 MSS samples but if a gene is on neither panel, only 2,773 samples are included in the meta-analysis of that gene. For the MSI groups, these numbers are 1,031 vs 481. Most genes reaching significance in our analysis are on either or both panels used by deCODE and GECCO/CCFR studies. The genes identified using the WES data only include TRPS1, MAGEC3 and KCNA5 for MSS tumours and NLRC5, RFX5, PTPRK, TPTE2 and HIST1H1B for MSI tumours. We recommend these be included on future gene panels designed to study CRC.  

[bookmark: _Toc202340192]6. Meta-analysis of epistasis among cancer driver genes

When a new mutation arises, its potential to increase the fitness of the cell (i.e becoming a driver) depends on the environment. A key part of the environment of a mutation is the set of other mutations which have already occurred in the cell. Synergy between the new driver and preexisting drivers can enhance the fitness effect of a mutation, leading to the mutations being found together more often than expected by chance. Similarly, functional redundancy exerting similar effects on the same pathway or antagonism between two mutations would manifest as mutual exclusivity of the two mutations. Patterns of mutual exclusivity and co-occurrence must be interpreted with caution as these may arise not as a consequence of biological interactions between the drivers but rather because different driver landscapes characterize different tumour sub-groups (28). Tumour mutation burden can also be a confounder. Sparsely mutated tumours tend to carry drivers in the most commonly mutated driver genes but in no other genes, leading to patterns of mutual exclusivity that reflect differential mutation availability rather than altered selection.  
To identify gene pairs showing evidence of either co-occurrence or mutual exclusivity in each dataset, we used the Coselens package (v 1.0, https://github.com/ggruenhagen3/coselens) in R (29). Coselens extends the functionality of dNdScv to test for differences in selection between groups of tumours while rigorously controlling for differences in mutation load and mutation spectrum. Briefly, the dataset is partitioned into two depending on the presence or absence of a mutation in the gene to be tested (the “split gene”). For each query gene, dNdScv is used to estimate the number of drivers per tumour in each group, calculated as the difference between the observed and expected mutations in the query gene. A likelihood ratio test is then used to assess whether the number of driver mutations per tumour differs between the two groups (29). 
We ran Coselens on MSS and MSI tumours separately for each study. We used as split genes those genes mutated in >200 MSS or MSI tumours. We used all genes significant in the dN/dS meta-analysis described above as query genes. 29 and 43 genes are mutated in >200 tumours in the MSS and MSI cohorts, respectively. This results in 4,759 tests (29x87 + 43x52) and we set the threshold for significance at 1.1E-5 (0.05/4,759). Gene pairs significant in either MSS or MSI tumours were assessed in both types for comparing effect sizes between the groups (Figure 5). Results from Coselens were combined using Stouffer’s Z-score method as described for the dN/dS meta-analysis above. Coselens can calculate the number of excess drivers based on missense or truncating mutations, indels, substitutions combined and all mutations combined. The results reported here are based on substitutions combined (missense and truncating) and thus ignore indel mutations. This is because we generally have lower confidence in indel calls and indels commonly showed high overdispersion in the partitioned datasets.

[bookmark: _Toc202340193]7. Molecular epidemiology of driver genes

We used logistic regression to test if gene mutation status associates with sex, age, location of the primary tumour, mucinous histology, stage and tumour grade. In each case, we included sex, age and location in the model and then additional variables as appropriate. All analyses were done separately for MSS and MSI tumours. P-values reported were calculated using likelihood ratio tests for whether the addition of the variable improves the fit of the models. For studies using targeted gene panels, the mutation status of genes not included on the panel was set as missing. We used the METAL software (30) to carry out a fixed-effect, inverse-variance weighted meta-analysis of each gene-variable combination. 



[bookmark: _Toc202340194]Supplementary Figures
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Supplementary Figure 1: The intersection between genes found significant for a) MSS and b) MSI tumours in the dN/dS meta-analysis and genes identified as CRC drivers by COSMIC or IntOGen. 
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Supplementary Figure 2: A comparison of the selection landscape between MSS and MSI tumours. a) and b) The estimated enrichment of missense and truncating mutations, respectively for MSS and MSI tumours. The x=y lines are shown in black while a linear model fitted on the points is shown in blue. Note the logarithmic scale of the axes. c) and d) the estimated difference in the number of missense and truncating drivers, respectively, per tumour for MSS and MSI tumours. Values >0 indicate more drivers in MSS tumours compared with MSI tumours and vice versa.
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Supplementary Figure 3: A lollipop plot of mutations found in PCBP1. All 134 missense mutations affecting p.L100 occur in microsatellite stable tumours.
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Supplementary Figure 4: Odds ratios for each dataset and the meta-analysis, where multivariable logistic regression models were constructed to find associations between clinical variables and the mutation status of cancer driver genes in MSS CRC patients. 
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Supplementary Figure 5: Odds ratios for each dataset and the meta-analysis, where multivariable logistic regression models were constructed to find associations between clinical variables and the mutation status of cancer driver genes in MSI CRC patients.
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Supplementary Figure 6: (a) Survival curves for APC in each cohort included in a meta-analysis of overall survival. (b) The hazard ratios (HR) and p-values for each dataset and the meta-analysis. The size of the dots represent the weight of the study in the meta-analysis and the error bars represent 95% confidence intervals.
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Supplementary Figure 7: (a) Survival curves for BRAF in each cohort included in a meta-analysis of overall survival. (b) The hazard ratios (HR) and p-values for each dataset and the meta-analysis. The size of the dots represent the weight of the study in the meta-analysis and the error bars represent 95% confidence intervals.
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