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Advances in high-throughput sequencing and decreasing costs have made cell-free DNA sequencing 
a promising approach for cancer detection. Sequencing assays require high read depth to detect 
low-frequency somatic mutations, so cell-free DNA panels must support deep sequencing while still 
assaying broadly enough to detect as many malignancies as possible. We developed OPTIC (Oncogene 
Panel Tester for Identifying Cancers), a pipeline employing a set cover algorithm, to identify the 
minimal set of genomic targets capturing the maximal proportion of tumours. Using three cohorts 
totalling 2,940 colorectal cancer samples, OPTIC was utilized to design a targeted sequencing panel 
spanning just 10,975 bases across APC, TP53, KRAS, BRAF, NRAS, PIK3CA, CTNNB1, RNF43, and 
ACVR2A. Collectively, these loci contain pathogenic mutations in 96.3% of cases. Our pipeline enables 
compact panel design without compromising sample coverage. This enables higher throughput, 
greater sequencing depth, and lower costs per-sample in early colorectal cancer detection from cell-
free DNA.
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Abbreviations
CRC	� Colorectal cancer
CIN	� Chromosomal instability
MSI	� Microsatellite instability
CIMP	� CpG-island methylator phenotype
cfDNA	� Cell-free DNA
ctDNA	� Circulating tumour DNA
MAF	� Mutation annotation format
TCGA	� The Cancer Genome Atlas
COAD	� Colorectal adenocarcinoma
READ	� Rectal adenocarcinoma
COSMIC	� Catalogue of somatic mutations in cancer
SNV	� Single nucleotide variation

Although the overall incidence of colorectal cancer (CRC) in older adults has decreased in high-income countries, 
it is rising in developing nations. Additionally, the rate of early-onset disease (≤ 50 years of age) is increasing 
in most regions of the world1. The number of early onset CRC cases is expected to double from 2015 levels 
by 20302. Global alterations to the genome, such as chromosomal instability (CIN), microsatellite instability 
(MSI), and the CpG-island methylator phenotype (CIMP) are characteristic phenotypes of CRC, however, most 
driver mutations are confined to a few biochemical pathways3,4. Consequently, a promising method for detecting 
CRC is by targeting somatic driver mutations within circulating cell-free DNA (cfDNA). Circulating tumour 
DNA (ctDNA) is the tumour fraction of cfDNA, and is released into the bloodstream by apoptosis, necrosis, 
or secretion. ctDNA can be collected from a routine blood draw and enables a non-invasive method for the 
detection and monitoring of cancer5. Furthermore, the short half-life of cfDNA (approximately 1–2 h) enables 
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real-time tracking6, unlike protein-based biomarkers, which can have long lag times5,7. Many ctDNA assays 
employ digital PCR because of its high sensitivity, specificity, and throughput; however, these assays require 
prior knowledge of patient-specific somatic mutations. The cost of DNA sequencing is continually decreasing8 
and coupled with modern high-throughput sequencing technology and multiplex PCR gene panels, sequencing 
ctDNA for early CRC detection is an increasingly viable option.

Despite its appeal, several challenges must be overcome if ctDNA is to be reliably detected via DNA 
sequencing. Firstly, ctDNA molecules often make up less than 1% of all cfDNA in early-stage disease9. Therefore, 
each target locus must be sequenced at a sufficient depth to ensure consistent observation of rare variants. The 
probability of observing at least k variants at a position can be modelled using a binomial distribution, given the 
sequencing depth at that position. For example, to achieve a 95% probability of observing a variant, a read depth 
of 2995 is required for a 0.1% frequency variant, 1497 for a 0.2% frequency variant, and 598 for a 0.5% frequency 
variant, assuming no PCR or sequencing errors. Details on these calculations can be found in Supplementary 
Eq. 1. Secondly, variant detection can be impaired when the variant allele frequency approaches the background 
sequencing error rate. The error rate can be reduced with the incorporation of unique molecular identifiers 
(UMIs), which are short, random sequences of DNA ligated to the starting material10. UMIs allow each starting 
molecule to be uniquely tracked through PCR amplification and sequencing, meaning reads within the same 
UMI-family—those with identical UMIs that map to the same genomic location—represent PCR clones of 
the original cfDNA molecule. Consensus calling of reads within the same UMI-family can drastically reduce 
background noise levels and, as a consequence, lower the limit of detection10. However, introducing UMIs 
requires sequencing multiple PCR clones from each original molecule, further increasing the sequencing burden. 
Despite this, UMIs are integral to many somatic variant-calling pipelines because of their effectiveness11–15. 
Collectively, this means that effective detection of somatic mutations in cfDNA necessitates a high depth of 
sequencing due to the low abundance of tumour-derived DNA fragments and redundant sequencing of multiple 
PCR clones to improve accuracy.

One solution to these high sequencing requirements is to utilize a small sequencing panel, allowing each 
region to be sequenced to much greater depths with the same amount of total sequencing. While sequencing 
panels are often selected through literature review alone, we present a novel bioinformatics pipeline that optimizes 
target gene selection by framing cancer mutations as a set cover problem. Specifically, our pipeline examines 
cohort-wide tumour mutation profiles and selects the smallest number of target regions needed to ensure all 
samples are represented. Numerous highly sensitive and specific ctDNA sequencing assays have already been 
published16–19. Therefore, the focus of this work is solely on target selection and is intended to strengthen assay 
design in the context of early CRC detection, independent of the specific technique, rather than propose a new 
assay altogether.

We applied our pipeline to 2985 CRC samples from three datasets, identifying target regions across nine 
genes totalling only 11 kb. Our results show that 90–96% of samples tested contain mutations within our selected 
targets, suggesting these loci have great potential for detection of CRC from cfDNA samples. Furthermore, while 
our primary focus was on CRC, we examined mutation profiles from breast invasive ductal carcinoma and non-
small cell lung adenocarcinoma samples to assess whether similarly condensed panels could be applied in those 
contexts.

Materials and methods
Public datasets
We elected to employ tissue-based CRC datasets over plasma-based datasets for the panel design, even though 
the end use is intended for cfDNA. This was because variant detection in ctDNA is notoriously difficult; there 
are substantial technical challenges that limit the sensitivity of ctDNA assays, one of which is the need for ultra-
deep sequencing coverage10. During the undertaking of this work, no cfDNA datasets containing ultra-high 
depth whole exome sequencing or broad targeted sequencing could be identified. The prevalence of mutated 
genes in cfDNA is strongly associated with the prevalence of mutated genes in CRC tissue20, so utilising a 
tissue-based datasets will still produce a relevant panel. An external validation approach was used for panel 
construction, whereby the initial panel was developed using one whole exome sequencing dataset and then 
validated using additional, independent datasets. This approach provides a more generalisable outcome with less 
risk of overfitting the panel to a single dataset.

We utilized 683 whole exome sequencing files in mutation annotation format (MAF) from The Cancer 
Genome Atlas (TCGA) colon adenocarcinoma (COAD) data set and 122 from the rectal adenocarcinoma 
(READ) data set as a discovery cohort. This dataset was chosen for discovery because variants are an aggregation 
from multiple variant callers which reduces bias associated with any single tool and increases sensitivity to a 
broad spectrum of variant types. Of the total 805 tumours, 86 were mucinous adenocarcinomas (70 from COAD 
and 16 from READ) and 719 were non-mucinous adenocarcinomas (613 from COAD and 106 from READ). All 
MAF files were obtained from the Genomic Data Commons (GDC) data portal (https://portal.gdc.cancer.gov/) 
as masked, aggregated somatic mutation files, produced through the somatic aggregation workflow as described 
in the data portal. The sample manifest is in Supplementary Table 1.

We used two validation data sets. The first was comprised of whole exome sequencing data from 619 CRC 
samples in mutation annotation format, published by Giannakis et al.21 (subsequently referred to as the DFCI 
data set). Colon was the primary site for 481 samples, rectum for 137, and one sample for which the primary site 
was not stated. Ninety-one samples were micro-satellite instable (MSI), 438 were micro-satellite stable (MSS), 
and the remaining 90 samples did not have micro-satellite status available. The CpG island methylator phenotype 
was categorised as low in 405 samples, high in 95 samples, and was not stated for 119 samples. All MAF files 
were obtained from cBioPortal (https://www.cbioportal.org/) as masked somatic mutation files. Somatic variant 
detection had been performed with MuTect22 using the most up to date GATK best practice guidelines at the 
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time of publication. The second dataset was comprised of targeted sequencing of 1,516 CRC samples using 
the MSK-IMPACT panel in mutation annotation format, published by Cercek et al.23 (subsequently referred 
to as the JNCI dataset). This dataset contained 1083 adenocarcinomas from the colon, 411 from the rectum, 
and 67 without a reported primary location. Ninety-eight were classified as MSI, 1,357 as MSS, and 67 were 
not classified. All MAF files were obtained from cBioPortal (https://www.cbioportal.org/) as masked somatic 
mutation files. Cercek et al.23 performed variant calling in accordance with the IMPACT-Pipeline. The sample 
manifests for each validation dataset can be found in Supplementary Tables 2 and 3, respectively.

To examine OPTIC’s performance in other solid tumours, we obtained 630 lung adenocarcinoma (LADC) 
and 1013 breast invasive ductal carcinoma (BIDC) from the MSK-IMPACT clinical sequencing cohort24. 
Samples were obtained as masked somatic mutation files from cBioPortal (https://www.cbioportal.org/). The 
sample manifest is for lung and breast cancer samples are in Supplementary Tables 4 and 5, respectively.

Bioinformatic workflow
Here we present a bioinformatic pipeline called OPTIC (Oncogene Panel Tester for Identifying Cancers) which 
aids the generation of small sequencing panels. OPTIC takes MAF files as input and creates a binary array that 
indicates the presence of somatic mutations in every gene for each sample. The pipeline is designed to operate 
through a series of iterations, with each step followed by manual inspection. By default, each iteration of OPTIC 
produces several plots and data files to aid in panel development. Full descriptions of the outputs can be found 
in the GitHub repository: https://github.com/M-Dunnet/OPTIC.

The OPTIC workflow (Fig. 1) begins with preparing a variant filter file to remove non-pathogenetic variants. 
Next, an iteration of OPTIC can be run with any of the following options:

	(1)	 Default, which examines all genes from all samples.
	(2)	 Hierarchical clustering, which uses Ward’s minimum variance method and Euclidean distance to cluster 

samples based on somatic mutation patterns within the binary mutation array.
	(3)	 Greedy set coverage, which chooses the fewest number of genes to cover the highest number of samples.
	(4)	 Targeted, in which the user provides a predefined list of genes for OPTIC to examine.

OPTIC is designed to first perform hierarchical clustering to separate tumours by molecular profiles for separate 
analysis, followed by greedy set coverage to identify optimal genes for a sequencing panel, and then targeted 
panel assessment. However, this order is not mandatory. Detailed descriptions of each option are provided below.

Fig. 1.  OPTIC Workflow. Orange boxes represent input files, green represents output files, and blue represents 
specific OPTIC scripts. Command line arguments for each OPTIC script are listed under the blue boxes. In 
some cases the output file from one script produces data that is used in another.
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Generating a filter file
The filter removes passenger mutations and variants not clinically relevant to the disease using data from the 
Cancer Mutation Census in the Catalogue of Somatic Mutations in Cancer (COSMIC)25. The `Generate_filter.
py` script transforms the cancer mutation census into a format readable by OPTIC and only variants within this 
file are analysed. Non-pathogenic variants, as determined via ClinVar classification and/or COSMIC’s variant 
classification26, can be excluded. The filter can be used directly with OPTIC or refined with ‘Hotspot_Genes.
py’ to exclude variants outside mutation hotspots in specific genes. For instance, targeting BRAF V600E 
(chr7:140753336, GRCh38) excludes other BRAF variants while leaving other genes unaffected.

During filtering, OPTIC checks both the mutation’s genomic position and amino acid change, only 
requiring a match in one to avoid discarding relevant mutations due to mapping or transcript discrepancies. 
Such discrepancies can arise from 0- vs. 1-based indexing, indels in repeat regions, or differences in reference 
transcripts. The transcript ID for variants used by OPTIC is in the filter file, listed in column two. If no filter file 
is provided, all mutations are considered.

Hierarchical clustering
Hierarchical clustering separates samples into multiple clusters based on molecular subtype; for example, 
hypermutated and non-hypermutated CRCs. Clustering enables groups of samples with different mutation 
profiles to be examined separately, allowing for more precise identification of unique patterns within each 
group. Furthermore, it may enable the detection of low-frequency subtypes driven by specific genes not easily 
identifiable in large sample sizes. All plots and data files are generated for each generated cluster.

Greedy set coverage algorithm
Finding the minimum number of genes required to cover the maximum number of CRC samples is an example of 
the set cover problem. Here, the universal set U represents CRC samples, and each subset S1, S2,…,Sn corresponds 
to a gene that is mutated in specific samples within U. The objective is to find the smallest number of genes 
(subsets) whose mutations collectively cover all the CRC samples in U. OPTIC uses a greedy algorithm to address 
this problem. It begins by selecting the gene with the highest mutation rate across all samples. Subsequent genes 
are chosen based on their ability to cover the maximum number of previously uncovered samples. When the 
option for set coverage is used, the order of genes in the mutation matrix and set coverage plot is determined by 
the number of new samples covered, rather than by total mutation frequency.

Targeted OPTIC
Users can provide OPTIC with a text file containing a list of genes using HUGO gene nomenclature to limit the 
analysis to that gene set. This enables users to examine how a specific set of genes perform, or to check metrics 
with the addition or removal of specific genes.

Defining mutation hotspot regions
OPTIC does not explicitly define mutation hotspots. However, it generates a file containing counts of all gene 
variants, which can be used to identify regions with a high concentration of mutations, potentially indicating 
mutation hotspot regions.

In our analyses, we used known mutation hotspot data from cBioPortal, which defines a mutation hotspot 
as an amino acid position in a protein-coding gene mutated more frequently than would be expected in the 
absence of positive selection27. We supplemented this data with additional frequently mutated regions from the 
variant counts file. These mutation hotspots were defined as any regions where more than 50% of the variants 
from that gene were within 50 base-pairs of one another. We acknowledge that this definition may not capture 
diffuse mutation patterns present in some genes and may lead to underrepresentation of hotspots in such cases.

Statistical analysis and reproducibility
Hierarchical clustering of CRC samples in OPTIC was performed directly on publicly accessible MAF data. All 
other OPTIC analyses were performed with an OPTIC filter file containing all COSMIC tier three and above 
variants from COSMIC’s Cancer Mutation Census (v101).

Additional statistical analyses outside of OPTIC were performed in R (v4.3.1)28. Co-occurrence testing of 
gene pairs was performed using Fisher’s Exact Test using the fisher.test() function in R. Results were evaluated 
using p-values, confidence intervals, and odds ratios, with all tests run at 95% confidence. Linear regression 
was calculated using the lm() function in R with confidence intervals at 95%. Calculations for the binomial 
cumulative distribution function were performed with the SciPy package (v.1.11.4) in Python (v.3.9.6).

Gene mutation analysis by stage was performed with the mafCompare() function from the maftools package 
(v2.22.0) for R29.

Results
Separation of hypermutated and non-hypermutated colorectal cancers
We aimed to identify target regions for single nucleotide variant (SNV) and insertion/deletion (INDEL) detection 
by examining exonic regions of CRC-associated genes, with the goal of detecting the maximum number of CRC 
cases using the minimum number of assessed genomic regions. For our discovery dataset, we used 805 MAF 
files from the publicly available TCGA COAD and READ data sets30. CRC can be either hypermutated or non-
hypermutated, which have large differences in molecular phenotype31. We separated non-hypermutated (675 
samples) (Fig. 2A) and hypermutated (130 samples) (Fig. 2B) CRCs using OPTIC’s hierarchal clustering, without 
the use of a filter file. Given the large clustering distance between the hypermutated and non-hypermutated 
CRCs, we kept these two groups separate for further analyses.
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For the remainder of our analyses, we used an OPTIC generated filter file that only contained variants 
catalogued as tier three or higher in the COSMIC cancer mutation census to prioritize driver mutations and 
exclude passenger mutations25. Classification at tier three requires either recurrent variants in known cancer 
genes, evidence of positive selection within the tumour, or for the variants to be classified as pathogenic in 
ClinVar cancer-related diseases. Full classification details for all tiers of mutation can be found at ​h​t​t​p​s​:​/​/​c​a​n​c​e​
r​.​s​a​n​g​e​r​.​a​c​.​u​k​/​c​o​s​m​i​c​​​​​. Of the 805 CRC samples, 59 (7.3%) did not contain any variants after filtering. All these 
samples were within the non-hypermutated group.

The top four most mutated genes in the non-hypermutated cluster were APC (71.0%), TP53 (56.3%), KRAS 
(41.3%), and PIK3CA (16.3%). These genes had much higher mutation frequencies than all other genes in 
the cluster. FBXW7 was the fifth most mutated at 7.4%. Nevertheless, the top ten most mutated genes have all 
previously implicated with CRC progression previously18 (Fig. 3A, left) (Supplementary Table 4). We observed 
several mutational patterns in this subgroup. KRAS, NRAS, and BRAF mutations were mutually exclusive, as 
were APC and CTNNB1. In contrast, PIK3CA, FBXW7, AMER1, and SMAD4 mutations tended to co-occur with 
KRAS (Supplementary Fig. 1A). These patterns have all been previously described33–38. Furthermore, hierarchical 
clustering of this subgroup, resolved into four additional clusters, highlighted that the mutational landscape is 
dominated by five unique patterns: (1) APC, TP53, and KRAS mutations, (2) APC and KRAS mutations, (3) APC 
and TP53 mutations, (4) TP53 and KRAS mutations, (5) APC mutations alone (Supplementary Fig. 1B).

In the hypermutated sub-group ACVR2A (51.5%) was the most mutated gene, in line with previous 
reports39,40. BRAF (45.4%), APC (44.6%), and RNF43 (43.9%) were also frequently mutated in the hypermutated 
subgroup, consistent with hypermutated tumours arising commonly from the serrated pathway41–43 (Fig. 3A, 
right) (Supplementary Table 6).

Set coverage analysis of CRC samples
Greedy set coverage analysis of the non-hypermutated CRCs showed that 90.1% of all samples (98.7% of samples 
with variants after filtering) contained mutations in one or more of APC, TP53, KRAS, BRAF, NRAS, ARID1A, 
and PIK3CA (Fig. 3B,C). The remaining samples could each be represented by several mutant genes unique to 
that specific case; these genes were excluded from consideration. Interestingly, BRAF, NRAS, and ARID1A gave 
greater sample coverage than PIK3CA despite a lower combined mutation frequency. This observation is likely 
due to the association of PIK3CA mutations with KRAS mutations34, while KRAS, BRAF and NRAS mutations are 
mutually exclusive35. Several genes with strong associations to CRC and with overall high mutational frequencies 
were not selected by the algorithm, namely FBXW7 (7.4% mutation frequency, 5th most mutated), AMER1 
(7.1% mutation frequency, 6th most mutated), and SMAD4 (5.2% mutation frequency, 7th most mutated). 
All three genes had a statistically significant tendency towards co-occurrence with KRAS (FBXW7: OR = 2.13, 
95% CI 1.14–4.05; AMER1: OR = 2.62, 95% CI 1.37–5.16; SMAD4: OR = 2.70, 95% CI 1.26–6.09). FBXW7 and 
AMER1 also tended towards co-occurrence with APC and PIK3CA (APC/FBXW7: OR = 1.94, 95% CI 0.91–4.46; 
APC/AMER1: OR = 2.14, 95% CI 0.96–5.39; PIK3CA/FBXW7: OR = 2.11, 95% CI 1.01–4.20; PIK3CA/AMER1: 
OR = 2.24, 95% CI 1.07–4.50), suggesting mutations in these genes regularly co-occur with other highly mutated 
genes and are redundant in terms of sample coverage (Supplementary Fig. 1, Supplementary Table 7).

All samples in the hypermutated cluster contained mutations in at least one of ACVR2A, BRAF, APC, RNF43, 
and CTNNB1 (Fig.  3B,D). The first four genes are the most frequently mutated within the subgroup, while 

A B

Fig. 2.  Separating non-hypermutated from hypermutated colorectal cancers. (A) Dendrogram of all samples 
in the TCGA discovery dataset clustered by all somatic mutations. Blue: non-hypermutated cluster, Red: 
hypermutated cluster. (B) Histogram of the number of total variants per sample. Blue: non-hypermutated 
cluster, Red: hypermutated cluster.
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CTNNB1 has a much lower mutation frequency. CTNNB1’s inclusion is likely driven by its well-established 
mutual exclusivity with APC33.

Mutation hotspots and removal of large genes
To reduce the total target region size, we evaluated the impact of only employing mutation hotspots in KRAS, 
BRAF, NRAS, PIK3CA, and CTNNB1. We compiled a list of known mutation hotspots from cBioPortal44. 
Furthermore, we defined additional hotspots from the TCGA dataset based on unique variant counts, revealing 
that most ACVR2A and RNF43 mutations were c.1310del (84.5%) and c.1976del (85.2%), respectively. All 
mutation hotspots are listed in Supplementary Table 8. The majority of variants in both non-hypermutated 
and hypermutated samples were concentrated in these hotspots (Fig. 4A,B). When only hotspot regions within 
hotspot-mutated genes were employed, the overall sample coverage was not impacted (Fig. 4C). Therefore only 
variants in mutation hotspots were employed for KRAS, BRAF, NRAS, PIK3CA, CTNNB1, ACVR2A and RNF43.

The primary goal of making a small panel is to reduce overall sequencing requirements. It is therefore 
necessary to consider both gene number and gene size. We sought to eliminate large genes that offered minimal 
improvements in sample coverage. For each gene, we examined the percentage increase in coverage for non-
hypermutated (Fig. 4D) and hypermutated (Fig. 4E) CRCs relative to the size of the targeted regions. For genes 
with mutation hotspots in Supplementary Table 8, only these hotspot regions were considered as part of gene 
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Fig. 3.  TCGA mutation matrices based on total mutation frequency or set coverage analysis. (A) Mutation 
matrix for the non-hypermutated (left, blue bar) and hypermutated (right, red bar) clusters ordered by overall 
mutation frequency. Dark blue bars indicate WT alleles, while yellow indicates a somatic mutation in that 
gene. (B) Mutation matrices as in (A) for non-hypermutated (left) and hypermutated (right) clusters, with 
genes ordered by total coverage increase as determined by the greedy set coverage algorithm from OPTIC. (C) 
Cumulative sample coverage for the top seven genes in the non-hypermutated cluster. Genes are ordered by the 
set coverage algorithm. Horizontal black line indicates the best achievable maximum when samples with no 
mutations in the OPTIC filter file are excluded. (D) As in (C) for the hypermutated cluster.
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size; otherwise, the full coding sequence was used. Among the non-hypermutated CRCs, only APC and ARID1A 
had particularly large target regions, with lengths of 8,529 and 6,855 bases, respectively. We chose to exclude 
ARID1A from the list of target loci due to its minimal impact, with only a 0.04% increase in sample coverage 
normalised to gene length (0.3% overall coverage increase), while APC was retained because it provided the 
most significant sample coverage across all genes. The genes used for the hypermutated cluster (ACVR2A, BRAF, 
APC, RNF43, and CTNNB1) were kept because they either had small, targetable mutation hotspots, were already 
present in the non-hypermutated target genes, or both.

The final target gene list consisted of APC, TP53, KRAS, PIK3CA, NRAS, BRAF, ACVR2A, RNF43, and 
CTNNB1 (Fig. 5A). APC, TP53, KRAS, and PIK3CA are frequently mutated in the non-hypermutated cluster 
(Table 1; Fig. 5A, left). CTNNB1 and NRAS are mutated much less frequently, but very few bases are required 
to cover their mutation hotspots. Of all CTNNB1 mutations, 17 out of 18 (94.4%) occurred without concurrent 
APC mutations, in line with the ability of mutant β-catenin to drive CRC progression in the absence of mutated 
APC45. ACVR2A, RNF43 and BRAF were frequently mutated in the hypermutated cluster. PIK3CA, CTNNB1, 
and NRAS mutations were also more frequent in this cluster compared to the non-hypermutated cluster, while 
the APC, TP53, and KRAS mutation frequencies were reduced, albeit still occurring at a high rate (Table 1; 
Fig. 5A, right). In the non-hypermutated samples, 89.5% of CRCs contained mutations within the target loci 
(97.6% of CRCs with variants after filtering) (Fig. 5B). In hypermutated CRCs, 100% contained mutations in the 
target loci (Fig. 5C), resulting in a combined coverage of 91.2% across all samples (98.4% of CRCs with variants 
after filtering) from the TCGA dataset (Fig. 5D).

Validation with whole exome and targeted sequencing datasets
We externally validated the panel with the DFCI dataset21 comprising 619 whole exome CRC sequences 
(Supplementary Fig. 2). We separated the CRCs based on overall mutation patterns with hierarchical clustering, 
as with the TCGA dataset, into non-hypermutated and hypermutated subgroups. After clustering, there were 507 
and 112 CRCs in the non-hypermutated and hypermutated groups, respectively. After applying the filter file, 35 
CRCs contained zero variants, all of which were in the non-hypermutated subgroup. In the non-hypermutated 
cluster, APC, TP53, and KRAS were highly mutated (Supplementary Fig.  2A, left; Table 1), while ACVR2A, 

Fig. 4.  Mutation hotspot region and gene size analysis for the TCGA discovery dataset. (A) Proportion of 
variants from selected genes within mutation hotspot locations in non-hypermutated colorectal cancers 
(CRCs). (B) As in (A) for hypermutated genes. (C) Difference in total set coverage when using all variants 
(solid line) compared to variants only with mutation hotspot regions (dotted line) for non-hypermutated 
CRCs (blue) and hypermutated CRCs (red). (D) Total gene size (bars) and normalized coverage gain (percent 
of new samples covered divided by target size in kilobases) (line) for the top genes in the non-hypermutated 
group. Coloured bars indicate a selected gene, grey bars indicate an excluded gene. The secondary Y-axis has a 
logarithmic scale (E) As in (D), for top genes in the hypermutated group.
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BRAF, RNF43, and PIK3CA were prominent in the hypermutated cluster (Supplementary Fig. 2A, right; Table 
1). Although overall mutation patterns were similar, specific gene mutation frequencies differed between the 
datasets. Except for BRAF in hypermutated CRCs and TP53 in non-hypermutated CRCs, mutation frequencies 
were generally lower in the DFCI validation set compared to the TCGA dataset (Table 1). The panel covered 
89.5% of all CRCs in the dataset, and 96.2% of CRCs with variants after filtering (Supplementary Fig.  2D). 
Specifically, it included 87.7% of non-hypermutated CRCs (94.2% of non-hypermutated CRCs with variants 
after filtering) (Supplementary Fig. 2B) and 95.5% of hypermutated CRCs) (Supplementary Fig. 2C).

Sample coverage was lower in the DFCI dataset CRCs. One possible explanation is the over-fitting of our 
panel to the TCGA dataset. To assess this we first examined the correlation between overall gene mutation 
frequencies between the two datasets. In the DFCI non-hypermutated CRCs, we observed that the same set of 

Gene

Non-
hypermutated Hypermutated Total

TCGA DFCI TCGA DFCI TCGA DFCI

ACVR2A 0.4 2.3 46.2 27.7 7.8 6.95

APC 71.0 58.6 44.6 21.4 66.7 51.9

BRAF 2.8 9.86 45.4 60.7 9.7 19.1

CTNNB1 1.0 1.0 8.5 2.7 2.2 1.3

KRAS 41.3 30.2 21.5 9.8 38.1 26.5

NRAS 5.6 4.1 3.1 1.8 5.2 3.7

PIK3CA 16.3 15.3 34.6 25.9 19.3 16.8

RNF43 0.0 1.8 40.0 40.1 6.5 8.7

TP53 56.3 50.6 25.4 22.3 51.3 45.7

Table 1.  Mutation rates (%) for the nine-gene panel in the TCGA and DFCI datasets. Mutation rates are 
shown separately for non-hypermutated and hypermutated cases. The Total columns represent the overall 
mutation rates across all samples, regardless of hypermutation status. Values indicate the percentage of samples 
in each dataset with a somatic mutation in the corresponding gene.
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Fig. 5.  Nine-gene panel metrics (A) Mutation matrices as in Fig. 3 for the nine-gene panel in non-
hypermutated (Left) and hypermutated (right) colorectal cancers (CRCs) from the TCGA discovery dataset, 
ordered alphabetically. (B) Cumulative sample coverage for non-hypermutated CRCs. Genes are ordered by 
total mutation frequency. Horizontal black line indicates the best achievable maximum when samples with 
no mutations in the OPTIC filter file are excluded (C) As in (B) for hypermutated CRCs. (D) As in (B) for all 
CRCs combined.
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genes (APC, TP53, KRAS, PIK3CA, FBXW7, AMER1, NRAS, and SMAD4) were consistently mutated as in the 
TCGA dataset. However, the mutation frequency of BRAF was higher (Supplementary Fig. 3A). Likewise in the 
hypermutated samples, BRAF, RNF43, PIK3CA, ACVR2A, TP53, ARID1A, FBXW7, and APC were also highly 
mutated in the DFCI dataset (Supplementary Fig. 3B). We also examined stage-specific mutation frequencies 
using available staging metadata, but found no consistent differences in pathway level alterations (Supplementary 
Fig. 4, Supplementary File 1) or individually mutated genes between stages. Sample coverage between stages was 
also largely the same, with some variation due to low CRC numbers in some groups (Supplementary Fig. 5, 
Supplementary File 1). This suggests mutation profiles are largely consistent across stages.

Direct comparisons of gene mutation frequencies between datasets showed a high correlation (R2 = 0.98 and 
0.74 for non-hypermutated and hypermutated CRCs, respectively). However, in non-hypermutated CRCs there 
was a 17% reduction in overall mutation frequency for genes in the DFCI data set compared to the TCGA 
dataset. In hypermutated CRCs there was a 29% reduction (Supplementary Fig. 3C-D). Overall, the same genes 
contained a similar pattern of mutations, but the overall gene mutation frequency was reduced in the DFCI data 
set.

To further examine the discrepancies between the two datasets, we reperformed the initial gene selection 
with set coverage analysis. We reasoned that if overfitting had occurred, re-construction of the panel using the 
DFCI dataset would result in a different set of genes. This identified APC, TP53, KRAS, BRAF, and PIK3CA 
as the most efficient gene set in the non-hypermutated subgroup, where 379 of 438 CRCs (85.2%, or 91.5% of 
samples with variants after filtering) contained mutations in these genes. CHEK2, CTNNB1, MTOR, and SMAD4 
covered a collective 30 additional samples, while the remaining samples with variants after filtering were covered 
by individual genes (Supplementary Fig. 6A, C). For hypermutated CRCs, BRAF, RNF43, APC, PIK3CA, and 
B2M were the most efficient genes, where 94.6% of CRCs had mutations at these loci; the remaining 5.6% were 
covered by individual genes (Supplementary Fig. 6B, D). Notably, ACVR2A, despite being the most mutated 
gene in hypermutated CRCs from the TCGA dataset (Supplementary Table 6), was not among these genes. Its 
mutation rate in the DFCI hypermutated samples was 28.57%, much lower than reported rates between 50 and 
90%30,46,47. Overall, there was only a slight disparity between the two datasets, whereby CHEK2, MTOR and 
B2M were selected in the DFCI dataset, while NRAS and ACVR2A were selected in the TCGA dataset. The high 
correlation of gene mutation frequencies between the two datasets, along with the selection of similar genes after 
set coverage analysis show that the overall mutational landscape is well preserved. We suspect that the overall 
lower mutation frequencies observed in the DFCI dataset is the primary cause of the reduced sample coverage. 
One explanation is that the TCGA dataset is comprised of aggregated somatic annotations from several variant 
callers, while the DFCI dataset is based on only one variant caller (see Materials and Methods for details).

The TCGA MAF files indicate which variant callers were used for each variant. To evaluate the impact of 
calling strategy on target region selection, we re-analysed the TCGA dataset using only Mutect2-called variants, 
restricted to the nine genes identified in the original TCGA analysis. Sample coverage decreased slightly, from 
91.2 to 89.7%, aligning more closely with the DFCI coverage of 89.2% (Supplementary Fig.  7). Gene-level 
mutation frequencies also declined across the panel but maintained dataset-specific patterns, with gene from the 
TCGA dataset showing generally higher frequencies except for BRAF (Supplementary Table 9). Thus, variant 
calling strategy is a confounder to overall sample coverage, while dataset-specific variation remains a dominant 
factor. We elected to maintain the original panel developed using the TCGA dataset and justified the inclusion 
of ACVR2A, despite it not increasing sample coverage in the DFCI dataset, because it has been identified as a 
biomarker for MSI-high CRCs in multiple studies48,49.

In both the TCGA and DFCI datasets, similar sets of genes provided the most efficient coverage of CRCs. 
However, about 10% of samples in both groups were not covered by these genes (Fig.  6B, Supplementary 
Fig. 2B). These samples either had sample-specific mutations or did not contain any valid variants after filtering. 
Uncaptured CRCs may be driven by epigenetic changes or chromosomal copy number alterations. Alternatively, 
driver mutations, although present in the tumour, may not have been identified during variant calling due to a 
lack of sequencing depth or tumour impurity. We hypothesised that low sequencing depth could have resulted in 
missed variants, leading to loss of coverage. To test this, we examined read depth for each variant in the TCGA 
dataset (Fig. 6A) and compared it to a targeted sequencing dataset with 1516 CRC samples with much greater 
variant depth published by Cercek et al. (JNCI dataset)23 (Fig. 6B). Unfortunately, variant depth was not available 
for the DFCI dataset. The median variant depth of the TCGA variants was 116 (standard deviation = 164.1), while 
the median depth of the JNCI dataset was 644 (standard deviation = 363.8). Of the 1516 CRC samples in the 
JNCI dataset, only 33 (2.19%) did not contain any variants after filtering. Nevertheless, 96.3% of samples (99.0% 
excluding samples with no valid variants) were covered with the final nine gene panel (Fig. 6C-D). Furthermore, 
the targeted sequencing panel in the JNCI dataset did not include ACVR2A, which we predict would further 
increase the coverage. The JNCI dataset’s higher coverage correlated with fewer no-variant samples and better 
sample coverage compared to the TCGA and DFCI datasets, suggesting the metrics for the latter datasets are 
the result of lower sequencing depth. We suspect that with appropriate sequencing depth, the coverage rate for 
the nine-gene panel should approach full inclusion of all CRC samples. To summarize the panel’s performance 
across the training and validation datasets, Fig. 7 presents an overlay of total sample coverage from each dataset 
for direct comparison.

Application of the OPTIC workflow to additional solid tumours
This study aimed to identify the smallest set of target regions that maximized CRC detection from cfDNA. 
However, we also sought to evaluate the performance of the OPTIC pipeline in other solid tumour types beyond 
CRC. To this end, we utilized somatic variant data from 1013 BIDCs and 630 LADCs obtained from the MSK-
IMPACT clinical sequencing cohort24 to assess its applicability to these cancer types.
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Application of the set coverage algorithm to the BIDC cohort revealed that the top ten selected genes were 
mutated in 80.0% of cases. Notably, four genes—TP53, PIK3CA, ESR1, and CDH1—accounted for mutations in 
71.4% of samples (Supplementary Fig. 8A–B). In the LADC cohort, the top ten genes identified by the algorithm 
were mutated in 88.6% of samples, while the top five—TP53, KRAS, EGFR, STK11, and BRAF—were mutated in 
84.2% of cases (Supplementary Fig. 8C–D). In both cancer types, as observed previously for CRC, the highest-
ranking genes were recurrently mutated in the majority of samples. However, the total proportion of samples with 
mutations in the top ten genes was lower in BIDC and LADC than in CRC, suggesting that a broader set of target 
regions may be necessary to achieve comprehensive coverage based on somatic mutations alone. Furthermore, 
a pattern of diminishing returns was observed with the incremental addition of genes, underscoring the trade-
off between maximizing sample coverage and minimizing the number of genomic targets required for efficient 
panel design.

Discussion
Numerous strategies, encompassing both wet-lab methodologies and computational analysis pipelines, have 
been developed to improve the detection of circulating tumour DNA (ctDNA) from cell-free DNA (cfDNA) 
samples. These include approaches aimed at increasing ctDNA capture rates50, enhancing sequencing accuracy 
and lowering limits of detection51–54, as well as the development and validation of assays specifically tailored for 
ctDNA analysis17,55. Given these advancements, the present study focuses exclusively on the selection of target 
regions. This approach was pursued not with the intention of developing an entirely new assay, but rather to 
inform and potentially refine the design of existing or future assays by identifying genomic regions with maximal 
diagnostic relevance.

In this work, we developed a bioinformatic pipeline, OPTIC, designed to help design small, sequencing-
efficient panels. Using OPTIC, we developed a highly compact panel for detecting CRC. To generate this panel, 
we utilized three publicly available datasets: two whole exome sequencing datasets and one extended targeted 
sequencing panel, comprising a total of 2940 CRC samples. These datasets included a mix of primary anatomical 
locations, molecular phenotypes, and both mucinous and non-mucinous adenocarcinomas, ensuring the panel’s 
broad applicability across different CRC sub-types.

The intended use for the panel is early CRC detection from ctDNA. Several factors influence the sensitivity 
of ctDNA assays, such as the variant calling software limits of detection, sequencing depth, and assay-specific 
metrics like DNA capture efficiency10,56; however, our focus was solely on informing target selection. As such, we 
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Fig. 6.  Validation with the JNCI dataset. (A) Histogram of variant depth in the for all variants in TCGA 
dataset. (B) Histogram of variant depth for all variants in the JNCI dataset. (C) Cumulative sample coverage of 
the nine-gene panel in the JNCI dataset. Genes are ordered by total mutation frequency. The black horizontal 
line represents the maximum coverage when samples with no variants after filtering are excluded. (D) mutation 
matrix (as in Fig. 3) for the nine-gene panel in the JNCI dataset, ordered alphabetically.
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did not perform sensitivity analyses, which are more appropriate in the context of complete assay development 
and validation.

Nevertheless, we would expect our panel to excel over other large SNV- and INDEL-based panels in a 
cfDNA context. For instance, even on a low-throughput platform such as the Illumina iSeq100, which generates 
approximately 8 million paired-end reads per run, our 10 kb panel would yield an estimated average coverage 
depth of 72,800 × per sample, assuming 100 bp fragment lengths:

	
8,000,000 read pairs × 100 bp fragments

10,975 bp panel size
= 72,839 fold average depth

Importantly, most early stage ctDNA samples typically contain between 5 and 16  ng/mL, corresponding to 
1500–4800 genome equivalents per mL56. In this context, extremely high sequencing depths can be leveraged to 
increase unique molecular identifier (UMI) family sizes, which are critical for reducing sequencing error rates 
and improving the limit of detection in UMI-aware variant callers. Although the above example is hypothetical, 
these depth estimates suggest that nearly every ctDNA molecule incorporated into the sequencing library would 
be represented in the sequencing output. Ultimately, whether a ctDNA signal is detected depends on (1) the 
presence of a ctDNA molecule in the original blood draw and (2) retention of material throughout library 
preparation10. The latter is influenced by the chosen enrichment method; for example, PCR-based enrichment 
can be performed with lower DNA input but tends to be less uniform than hybridisation-based capture57. As 
such, provided enough ctDNA molecules are successfully incorporated into the library, the focused and high-
depth coverage achieved through OPTIC-selected targets substantially increases the likelihood of its detection.

OPTIC as a tool for panel construction in cfDNA sequencing
The identification of tumour-derived somatic variants from cfDNA is a promising approach for the early detection 
of cancer58. Shedding of ctDNA from tumours into circulation varies based on cancer stage (where lower stage 
cancers tend to shed less ctDNA) and by cancer type59. Regardless, ctDNA typically comprises less than 1% of the 
overall cfDNA58. As a result, sequencing thousands of independent cfDNA molecules is often required to reliably 
detect ctDNA. Additionally, reducing noise from sequencing errors and PCR artifacts is required to differentiate 
true variants from background errors. Strategies such as molecular barcoding-based consensus calling reduce 

Fig. 7.  Sample coverage comparison of the nine-gene panel across datasets. (A–C) Cumulative sample 
coverage plots using all samples, including those with no variants after filtering, for: (A) non-hypermutated/
microsatellite stable (MSS) colorectal cancers (CRCs), (B) hypermutated/microsatellite instable (MSI) CRCs, 
(C) all samples. (D–F)) Cumulative sample coverage plots excluding CRCs with no variants after filtering, for: 
(D) non-hypermutated/MSS CRCs, (E) hypermutated/MSI CRCs, (F) all samples.
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noise levels10; however, this relies on the redundant over-sequencing of PCR clones and further increases the 
sequencing burden. Indeed, this sequencing requirement is one of the biggest barriers preventing the success of 
ctDNA sequencing in a clinical setting58. OPTIC was designed to alleviate this sequencing burden by identifying 
the smallest number of target regions that can detect as close to all cancer cases as possible. The purpose of this 
is to maximize the sequencing depth per target region relative to the total bases sequenced, allowing for either 
greater depth per sequencing run or increased sample multiplexing, resulting in a lower sequencing cost per 
sample. While we have primarily applied OPTIC to CRC, and to a lesser extent LADC and BIDC, in this study, 
we envision that it will be a useful panel design tool for many solid cancers.

Rational for a greedy set coverage algorithm
OPTIC relies on multiple iterations of hierarchal clustering, set coverage, and targeted gene analysis so that 
mutation data can be combined with current disease literature to flexibly create a cfDNA sequencing panel. 
We chose to utilize a greedy algorithm because they are very computationally efficient and allow for faster 
processing of each iteration60. Greedy algorithms are a heuristic approach that focus on making the best possible 
decision at each individual step by always choosing the next set with the most previously uncovered elements. 
This prioritizes immediate, local improvements but does not consider the overall, long-term impact of each 
choice. When analysing a complete set of elements, for example, if the algorithm could examine every possible 
case of CRC, greedy algorithms will provide close to optimal solutions, but have the potential to miss the most 
effective combination of sets. In such cases, exact algorithms, such as a branch and bound algorithm, offer the 
optimal solution60. However, it is impossible to study the complete set of cancer cases; it is only possible to take a 
cohort of cancer cases to study. Thus, we reasoned that exact algorithms might produce a set that is overfit to the 
dataset and not necessarily generalizable to the entire population. This is because the exact solutions will include 
dataset-specific variance, either as biological variance within the samples, or from noise related to false positive 
and negative variant calls. While overfitting concerns apply to any model, we expected a greedy algorithm’s 
preference for more frequently mutated genes to reduce dataset-specific overfitting while capturing broader 
disease trends. Indeed, in the context of gene selection, we have observed that the greedy algorithm tends to 
favour genes with (a) higher mutation counts and, (b) genes with mutations that tend to be mutually exclusive 
with those in other genes.

Furthermore, a key limitation of exact algorithms is that they only identify the optimal subset of sets that 
collectively achieve complete coverage of the universe. This focus on a single, complete solution constrains 
their applicability in contexts where a stepwise or incremental selection process is desirable. In contrast, the 
greedy algorithm produces an ordered sequence of sets based on their marginal contribution to coverage at each 
iteration. This property enables a natural ranking of genes by importance and facilitates intermediate evaluations 
of panel performance at varying sizes. Consequently, greedy selection is better suited for applications such as 
gene panel design, where practical constraints often necessitate evaluating partial solutions and prioritizing sets 
by their individual utility.

Finally, greedy algorithms are much more computationally efficient. The time complexity of a greedy 
algorithm is:

	 O(n · m)

where n is the number of elements to cover and m is the number of subsets, and the time taken scales linearly 
with the size of the dataset. Conversely, the time complexity of a branch and bound method in the worst-case 
scenario is exponential:

	 O(2m)

In the worst-case scenario all possible combinations are tired, however, in practice this is often faster due to the 
pruning of less efficient branches. Nevertheless, as time complexity increases exponentially it is unsuitable for 
large scale analyses with thousands of cancer samples.

Guidance of multimodal ctDNA detection assays
In all three cancer types (CRC, LADC, and BIDC), we observed that the addition of extra target regions resulted 
in diminishing returns to sample coverage, as represented by a decrease in slope gradient of the sample coverage 
plots (Fig. 5, Supplementary Fig. 8). While it is theoretically possible to select targets which contain mutations 
in all samples by continuously adding additional loci, it is cost- and sequencing-inefficient. Recent studies 
have demonstrated that multimodal strategies for ctDNA detection can offer improved sensitivity compared 
to approaches relying solely on somatic mutations by integrating SNVs with other genomic features such as 
aberrant DNA methylation, copy number alterations, and cfDNA fragment length61,62. In multimodal strategies 
that incorporate somatic mutation analysis, the OPTIC pipeline can serve as a complementary tool to refine 
target selection by prioritizing the most informative SNV regions. This targeted prioritization reduces redundant 
sequencing, thereby freeing up sequencing capacity for additional molecular modalities. This refinement is 
particularly relevant to cases where multimodal approaches are likely necessary to achieve comprehensive cancer 
detection. For instance, set coverage analysis of BIDC and LADC samples showed that the top 10 genes covered 
only 80.0% and 88.6% of samples, respectively. However, copy number alterations frequently drive many breast 
cancers. In ER-positive breast cancer, whole chromosome arm amplification of 1q occurs in 60% of cases63 and 
focal amplification of 11q13 occurs in 20% of cases64, while ERBB2 amplification occurs in 60–90% of HER2-
positive breast cancers64. In this context, prioritisation of only the most informative somatic mutations frees up 
sequencing capacity for the inclusion of additional copy number alteration targets.
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Nevertheless, not all cancer types require multimodal approaches. Cancer Personalized Profiling by deep 
Sequencing (CAPP-Seq), a ctDNA method based solely on SNV and INDEL detection, achieved a specificity of 
96% and a sensitivity of 50% in stage I and 100% in stage II–IV in non-small-cell lung cancers65. Those results 
highlight the potential of streamlined, mutation-only strategies in certain tumour contexts.

Limitations of OPTIC
OPTIC was designed to create a cancer detection panel, not for the complete molecular characterisation of a 
tumour. The number of somatic mutations varies greatly by cancer type, but most cancers contain hundreds of 
somatic variants and multiple driver mutations66. As a result, additional characterisation such as whole exome 
sequencing or large-scale targeted gene assays (for example, FoundationOne CDx67 or MSK-IMPACT68) must 
be carried out to obtain a complete molecular phenotype. However, these assays must be performed on tissue 
biopsies after diagnosis rather than on plasma-derived cfDNA given their sequencing requirements.

Designing a panel to contain the minimum number of target regions leaves little room for redundancy. Our 
panel has been designed with early CRC detection from ctDNA in mind. However, in this context the number 
of tumour-derived molecules is very low, and variant dropout is possible. To mitigate this, additional, redundant 
genes may be considered to improve the likelihood that at least one informative mutation is detected per sample. 
In this instance, OPTIC would be required to identify two (or more) mutated genes in each sample more than 
once before considering that sample as adequately covered.

Redundancy may also be required in highly heterogenous cancers. For example, triple negative breast 
cancer has the highest mutation rate of all breast cancer subtypes but possesses high levels of intra-tumour 
heterogeneity69. Other than TP53, there are very few genes that are consistently mutated, and somatic variants 
tend to occur in tumour subclones at low frequencies69. In this case, panel redundancy is desired because the 
risk of false negatives is much greater with ultra-low frequency somatic variants. Nevertheless, while panels 
designed by OPTIC may not be directly suitable in this context, their small sequencing footprint does allow for 
the addition of more genes with greater flexibility, thus they may be a strong starting point. This concept can also 
be applied to prognostic markers, whereby OPTIC can select the best genes to detect a tumour, and prognostic 
genes can be easily added to quickly triage patients in the absence of additional characterisation.

The design of our nine-gene panel is based on tumour tissue data, despite its intended application in a ctDNA 
context. Although overall mutation patterns correlate strongly between tissue and ctDNA in CRC20, supporting 
the relevance of tissue-informed panel design, this does not guarantee that the same mutations will be detectable 
in plasma. Biological factors such as tumour shedding, anatomical site, and cfDNA fragmentation can influence 
which variants are released into circulation70. In addition, the ctDNA fraction occurs at very low levels compared 
with background cfDNA and shows high variability even within tumours of the same stage71. For example, 
Bettegowda et al. (2014) report that 78% of localised CRCs (stages I–III) had detectable ctDNA, and in those, the 
number of mutant molecules per 5 mL of plasma ranged from 3 to 745, but is predominately below 100 copies 
per 5 mL71. At such low molecule counts, detection can become stochastic, depending on whether sufficient 
ctDNA molecules are captured during extraction and retained during processing and sequencing9. While higher 
sequencing depth improves variant detection, it cannot fully compensate for very low input molecule numbers. 
Consequently, even when a pathogenic mutation lies within a targeted region, its detectability in plasma depends 
jointly on ctDNA fraction, molecule recovery, sequencing depth, and error rates9,10. Although our panel covers 
96% of CRC cases at the tissue level, this figure represents a theoretical maximum. In practice, clinical sensitivity 
is likely to be lower, particularly in early-stage disease. CfDNA-based studies are required to establish the true 
per-stage performance of this panel. For comparison, sensitives from existing ctDNA assays are between 43.3 
and 73.9% for stage I, 62.3–88.3% for stage II–III, and > 90% for stage IV, metastatic CRC61,71,72.

Finally, OPTIC, like all analysis tools, relies on high quality input data that is generalisable to the entire 
population20. Low quality or low depth sequencing will impair variant calling, leading to missed variants. During 
panel construction we used a variant filter file to remove non-pathogenic mutations. This resulted in a small 
fraction of samples (between 2 and 8%, depending on the dataset) containing zero variants. We have provided 
evidence that this was, at least in part, due to low sequencing depth. Furthermore, results may vary depending on 
the variant calling strategy. Conservative variant callers or parameters may miss variants, yielding lower sample 
coverage but fewer false positives, whereas less conservative approaches produce the opposite. To assess this effect, 
we compared TCGA data processed with aggregated variant calls versus MuTect2-only calls and benchmarked 
both against the DFCI dataset, which was generated with MuTect (Supplementary Fig. 7, Supplementary Table 
9). As expected, overall sample coverage decreased in the MuTect2-only TCGA dataset, bringing it closer to 
the DFCI dataset than the aggregated TCGA calls. Nevertheless, gene-level mutation frequencies remained 
consistent, suggesting that while variant caller choice is a confounder in OPTIC analysis, overall mutation 
patterns are preserved. High-frequency genes that drive coverage (e.g., APC, TP53, KRAS) appear robust to 
caller choice, whereas differences emerge at later stages of target selection where incremental coverage gains 
are small and caller-specific biases are amplified. For example, greedy set coverage analysis consistently selected 
APC, TP53, KRAS, BRAF, PIK3CA, RNF43, and CTNNB1 across datasets, but diverged on ACVR2A and NRAS 
(TCGA) versus CHEK2, B2M, and MTOR (DFCI). While the absence of ACVR2A in DFCI likely reflects dataset-
specific biology (notably, its unusually low mutation rate), other differences may have arisen from either variant 
caller bias or cohort-specific features. This highlights the need for (1) consistent processing across cohorts, or (2) 
analyses across multiple datasets, to minimize the confounding effects of variant caller choice.

Design considerations with respect to CRC heterogeneity
CRC is a heterogeneous disease where multiple regions of a tumour will have arisen from genetically distant 
subclones, each with their unique mutation profile73. Precancerous adenomas and carcinomas in situ often 
exhibit multiple subclones with unique driver mutations74. These subclones are under selective pressure and 
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evolve in ways that indicate tumour evolution via natural selection; however, upon the transition to colon 
or rectum adenocarcinoma the canonical driver mutations such as APC, KRAS, and TP53 typically become 
ubiquitous among all subclones. Tumour heterogeneity at this stage reflects neutral evolution in a treatment naive 
adenocarcinoma75. Given the datasets we examined lacked precancerous lesions or carcinoma in situ, and truncal 
mutations tend to produce strong signals despite expected tumour heterogeneity, most sub-clonal variants are 
likely sample-specific. By using a pathogenic variant filter and a greedy algorithm favouring frequently mutated 
genes, intra-tumour heterogeneity is unlikely to limit panel utility. Nonetheless, heterogeneity underscores the 
need to select datasets with relevant sample characteristics.

Relevance of the panel genes to colorectal cancer
CRC is a heterogenous disease that can possess several genome-wide molecular phenotypes: CIN, MSI, and 
CIMP76. Despite this, the events that lead to CRC are limited to a small number of signalling pathways: Wnt 
signalling, MAPK/ERK signalling, PI3K/AKT/mTOR signalling, TGF-β signalling, and the TP53 pathway3,77. 
All genes selected for the panel are members of these signaling pathways and are well-established drivers 
of CRC pathogenesis. In most CRCs WNT signaling upregulation, primarily due to APC truncation, drives 
tumor initiation. Additional WNT regulators like CTNNB1, FBXW7, AMER1, and TCF7L2 also contribute to 
tumorigenesis, albeit at a lesser frequency45,76. CTNNB1 driver mutations, unlike FBXW7, AMER1, and TCF7L2, 
are mutually exclusive with APC because they are sufficient for independent constitutive activation of the Wnt 
signaling pathway33. RNF43, a RING-type E3 ubiquitin ligase, negatively regulates Wnt signaling by directing the 
proteasomal degradation of the Wnt receptor Frizzled78. However, unlike CTNNB1 and APC, which drive tumor 
initiation, loss of function RNF43 mutations typically occur in the serrated pathway late in tumor progression43. 
Mutated RNF43 regularly co-occurs with MLH1 hypermethylation41 and BRAF V600E mutations43, and is 
mutually exclusive with APC truncating mutations79. Furthermore, RNF43 mutations are associated with good 
prognostic outcomes in serrated CRCs treated with immunotherapy or anti-BRAF/EGFR therapy80,81, which 
allows for additional prognostic information to be collected by this assay.

The MAPK/ERK signalling pathway stimulates cell growth and proliferation. In CRC, the pathway frequently 
acquires gain of function mutations in KRAS, NRAS, and BRAF. Driver mutations in codons 12, 13 and 61 for 
KRAS and NRAS, and codon 600 for BRAF all enable constitutive activation of the pathway and unregulated 
cell growth82,83. As a result, mutations in these genes are mutually exclusive84. The serrated pathway is initiated 
by upregulation of MAPK/ERK signalling due to mutations in BRAF, whereas KRAS and NRAS are commonly 
mutated in the traditional progression pathway following upregulation of Wnt signalling76. As we observed in 
the non-hypermutated CRC set coverage analysis (Fig.  3A), all three genes are needed for optimum sample 
coverage, likely due to their mutually exclusive nature.

Canonically, TP53 is activated upon genotoxic stress and induces serval downstream responses such as cell 
cycle arrest, DNA repair, and apoptosis85. Mutations in TP53 can have a wide spectrum of effects, whereby 
loss of function mutations prevent canonical activation of TP53 target genes and as a result increased cell 
proliferation and survival86. In contrast, gain of function mutations in the DNA binding domain of TP53 can 
have an oncogenic effect that results in transcription of non-canonical target genes86. Gain of function TP53 
mutations have been shown to increase tumour progression and metastasis risk87. TP53 mutations occur more 
frequently in MSS CRCs than MSI CRCs and are relatively late events that are typically present in carcinomas, 
but not adenomas88–90. This suggests that TP53 promotes the final progression from adenoma to cancer, making 
it especially important for distinguishing between adenomas and carcinomas.

Gain of function mutations in PIK3CA are the most common variant type in the PI3K/AKT/mTOR signalling 
pathway in CRC91,92. Upregulation of this pathway directly promotes proliferation and survival, apoptosis, 
migration, and metabolism93. Mutations in PIK3CA regularly co-occur with KRAS mutations34,94, explaining 
why it was ranked lower in the set coverage analysis compared to genes with lower mutation frequencies 
(Fig. 3A). However, CRCs with PIK3CA mutations but wild type KRAS are often less responsive to anti-EGFR 
therapy and have worse clinical outcomes84, suggesting that PIK3CA is also a valuable prognostic marker. The 
least characterized gene in the panel, ACVR2A, encodes a transmembrane serine-threonine kinase receptor 
which mediates the functions of activins in the TGF-β signaling pathway. ACVR2A has recently emerged as a 
strong biomarker for MSI-high CRCs48. In vitro analysis suggests that ACVR2A suppression activates the PI3K/
AKT/mTOR pathway and subsequently induces angiogenesis in hypoxic CRCs48.

Exclusion of other known CRC-related genes
Several highly mutated genes in the TCGA discovery dataset, such as AMER1, SMAD4, and FBXW7, were not 
selected for the final panel despite their known roles in CRC progression32,95. Overall, the exclusion of these 
genes from the panel is likely due to their tendency to co-occur with other genes rather than display mutual 
exclusivity, a common feature of the selected panel genes (Supplementary Table 7). Nevertheless, each of these 
genes can provide valuable prognostic information that may warrant their inclusion in an expanded panel.

AMER1 functions as both a positive and negative regulator of the Wnt signalling pathway96; however, its 
exact role in CRC remains unclear. AMER1 mutations are not mutually exclusive with other Wnt regulators97, 
suggesting that they do not sufficiently drive Wnt signalling enough to promote carcinogenesis, but can act 
as a secondary driver of Wnt signalling98,99. Furthermore, AMER1 deficient CRCs exhibit a mesenchymal 
phenotype95 and have been linked to CRC metastasis through non-Wnt related mechanisms, such as ferroptosis 
inhibition100.

SMAD4 is a component of the TGF-β signalling pathway, which is often protective during the early stages 
of CRC progression101, but drives epithelial-mesenchymal transition (EMT) in later stage tumours102. Loss of 
SMAD4 typically occurs in the transition from adenoma to malignancy, and is preceded by increased Wnt and 
MAPK/ERK signalling, frequently occurring alongside KRAS or NRAS mutations36,103. SMAD4 mutant CRCs 
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are associated with an overall worse prognosis, with worse overall survival, higher tumour, node, and metastasis 
(TNM) staging, and increased metastasis103–105.

FBXW7 is the substrate targeting subunit of the ubiquitin ligase complex, and acts as a tumour suppressor 
gene by targeting several proto-oncogenes for degradation, such as NOTCH1, MYC, Cyclin E, and mTOR106,107. 
Regardless of hypermutation status, FBXW7 was frequently mutated in both all three datasets (Supplementary 
Tables 6, 10 and 11). It is well documented that mutations in FBXW7 can infer chemoresistance in a large number 
of cancers108. Li et al. demonstrated that ZEB2, which is a key inducer of EMT and chemoresistance, is a target 
for degradation by FBXW7, and that loss of FBXW7 function leads to the accumulation of ZEB2, enhanced 
EMT, and acquired chemoresistance109. Furthermore, FBXW7 mutant CRCs are associated with worse overall 
survival than FBXW7 wild-type CRCs109–111.

Incorporating FBXW7, AMER1, and SMAD4 could provide more comprehensive prognostic information 
and may be useful in an expanded panel. However, adding these genes would come at the cost of increased 
sequencing space, necessitating careful consideration of the balance between the depth of genetic coverage and 
the practical limitations of sequencing resources.

Conclusions
Here, we have presented a new bioinformatic tool called OPTIC to facilitate the design of small sequencing 
panels for ctDNA-based cancer detection. At the core of OPTIC is a greedy set cover algorithm that identifies 
the minimum number of genes needed to capture the majority of CRC samples. Using OPTIC, we have designed 
a nine gene ctDNA panel for detecting CRC. Between 90 and 96% of CRCs contain mutations in genes present 
in our panel.

The lower sequencing requirements of the panel should improve cost per sample and allow for more samples 
to be processed simultaneously in a single sequencing run without reductions in sequencing depth and variant 
calling accuracy. This enables cfDNA to be assayed at a higher throughput and a lower cost per sample than would 
be possible with a large panel, which is particularly important in a diagnostic setting where budget constraints 
or sample volume are considerations. While the nine-gene panel may exclude some frequently mutated genes 
(as discussed above), it efficiently identifies the most common drivers of CRC. Further sequencing would be 
necessary for comprehensive tumour characterization and prognostication. Nevertheless, the panel we have 
proposed provides a valuable tool for CRC detection and preliminary prognostic assessment. Additionally, in 
assays that integrate multiple molecular modalities, the application of a set coverage algorithm can provide a 
rational framework for somatic mutation target selection by identifying the point of diminishing returns. This 
enables a more strategic allocation of sequencing resources, allowing for the reallocation of sequencing capacity 
to other molecular features within multimodal detection strategies.

Data availability
The public data used in this manuscript were obtained from cBioPortal (https://www.cbioportal.org) and the 
Genomics Data Commons (GDC) portal (https://portal.gdc.cancer.gov). See the Methods section for details on 
specific datasets.

Code availability
OPTIC is publicly available from the following GitHub repository: https://github.com/M-Dunnet/OPTIC.
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