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each protein being annotated on the basis of several assessments of 
‘druggability’, that is the likelihood of the protein being amenable to 
small molecule drug intervention. After seeding each cancer-specific 
network with their respective drivers, we yielded a total of 631 distinct 
proteins across all cancers (Supplementary Table 12). The median num-
ber of unique proteins in each network across all cohorts was 57, with 
colorectal cancer possessing the largest network (n = 231; Extended 
Data Fig. 9) and spindle cell carcinoma possessing the smallest net-
work (n = 10). As expected there was a correlation between network 
size and number of identified drivers for each cancer type (Pearson’s 
r = 0.9, P = 1.23 × 10−9).

Of these 631 proteins, 58% (n = 369) were retrieved solely through 
network analysis, of which most (n = 323) were not formally identified 
as candidate driver genes in any cancer type (hereafter referred to as 
cancer-network proteins). Notable examples include HDAC1, CDK2 
and CDK1, which were present in 31, 29 and 28 cohorts, respectively. 
We observed 70% (n = 225) of these cancer-network proteins as being 
targetable by existing approved or investigational therapies, with 
notable examples including BCL2 and BTK. Of the remaining 97 genes, 
34 are commonly essential, 11 possess concordant lineage specificity, 
48 are ligandable by 3D structure and 11 have an existing high-quality 
probe available (Supplementary Table 13). Collectively these data 
provide potential future opportunities for therapy for several cancers. 
For example, CDC5L, a core component of the Prp19 (hPrp19)/Cdc5L 
pre-RNA splicing complex, is part of the melanoma cancer protein 
network36. This protein is predicted to be commonly essential with 
lineage specificity and has a 3D ligandable structure.

Discussion
Clinical and laboratory observations have led to the recognition 
that genomic profiling of tumors is increasingly important for the 

management of patients with cancers37. To explore the value of WGS 
to precision oncology we have analysed WGS data on 10,470 patients 
recruited to the 100kGP study.

Across all cancers, we identified 330 cancer driver genes, 74 of 
which are new to any cancer type. The candidate driver gene list is 
limited by focusing on point mutations and small indels without 
consideration of copy-number alterations, genomic fusions or meth-
ylation events. Nevertheless, we believe it represents one of the most 
comprehensive efforts thus far to identify cancer driver genes and 
serves as an important research asset. The similarities and differences 
in driver mutation frequencies in cancers arising from the same organ 
imply both shared and divergent pathways in oncogenesis. Notably, 
however, many driver mutations are common across several differ-
ent tumor types. If clinically translated, these observations suggest 
that currently 55% of patients’ tumors harbor a potentially actionable 
mutation, either in terms of predicting sensitivity to certain treat-
ments or clinical trial eligibility. This contrasts with 22% achievable 
if based on the current small variant testing panels in widespread 
use38. Although our assumption is predicated on approved drugs as 
a proxy for effective cancer therapies, a recent study of cancer drug 
approvals by the Food and Drug Administration (FDA) concluded 
that new cancer drug approvals reduce the risk of death and tumor 
progression39. To inform potential future therapeutic opportunities, 
we applied established chemogenomic technologies to map and 
pharmacologically annotate the cellular network of cancer genes 
identified by WGS. Through annotation of cellular networks with 
measures of essentiality and selectivity, we were able to highlight 
additional potential therapeutic targets in cancer. It is likely that such 
endeavors will be improved by exploiting emergent high-throughput 
reporter assays to assess the functional consequences of somatic 
driver mutations in greater detail40.
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Fig. 6 | Distribution of clonal and subclonal oncogenic mutations in candidate 
cancer driver genes. a, Distribution of clonal oncogenic mutations in candidate 
cancer driver genes across all cancer types: y axis, percentage of all clonal 
oncogenic mutations of all oncogenic mutations; x axis, total number of clonal 
oncogenic mutations. Clonal oncogenic mutations include clonal mutations 
that occurred before duplications involving the relevant chromosome (early), 
clonal mutations that occurred after such duplications (late), and mutations that 

occurred when no duplication was observed. Genes labeled are those with >250 
clonal oncogenic mutations or clonal oncogenic mutations represent >95% of 
all oncogenic mutations. b, Distribution of all subclonal oncogenic mutations 
in candidate cancer driver genes across all cancer types: y axis, percentage of all 
subclonal oncogenic mutations of all oncogenic mutations; x axis, total number 
of subclonal oncogenic mutations. Genes labeled are those with >50 subclonal 
oncogenic mutations and >5% of all oncogenic mutations as subclonal.
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The strengths of this study not only include the cohort size but 
the combination of systematic processing of samples and data aris-
ing from several treatment centers across England. These strengths 
minimize the impact of between-center sequencing effects while 
ensuring a representative cohort of cancers are captured41. We do, 

however, acknowledge that while the spectrum of cancers included in 
our analysis is largely representative of those diagnosed in the United 
Kingdom, patients recruited to 100kGP are younger and predominantly 
have early-stage disease. Furthermore, characteristics such as patient 
ancestry and geography can affect the mutagenic profile of tumors, 
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Fig. 7 | Clinical actionability ascribable to each candidate cancer driver 
gene. a, Clinical actionability ascribable to each candidate cancer driver gene 
according to COSMIC by cancer type. Tumors were annotated by the highest 
scoring gene mutation–indication pairing, with ‘None’ indicating no actionable 

mutations were detected in the tumor. b, Clinical actionability ascribable to each 
candidate cancer driver gene according to OncoKB by cancer type. Tumors were 
annotated by the highest scoring gene mutation–indication pairing, with ‘None’ 
indicating no actionable mutations were detected in the tumor.
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which potentially impacts on the generalizability of our findings to 
worldwide populations42,43.

Accepting these limitations, our observations indicate that, 
depending on cancer type, approximately 15% of patients are poten-
tially eligible for a currently approved therapy targeting an oncogenic 
driver. Our discovery analysis, however, implies that far more patients 
may potentially be candidates for a therapy targeting a driver mutation 
or pathway. A long-standing criticism of precision oncology is that 
often its proponents overstate the clinical actionability of individual 
genes or genomic variants44. Mutations that are clinically validated and 
FDA-recognized as predictive biomarkers of drug response are often 
grouped together as clinically actionable, with such mutations poten-
tially erroneously identified as the putative basis for outlier exceptional 
responses. To better communicate the strength of evidence support-
ing the clinical actionability of individual mutant alleles, many variant 
knowledge bases stratify genomic alterations on the basis of the level 
of clinical and/or biological data supporting their use as a predictive 
biomarker of drug response or resistance. Here, we have sought to 
address such concerns by making use of well-curated resources to 
assign actionability to driver mutations. Specifically, we have queried 
knowledge databases which are regularly curated by an expert panel 
and are therefore recognized to reflect the current state of knowledge31.

While the 100kGP was predicated on delivering diagnostic tests 
for well-established actionable mutations in NHS cancer patients with 
high sensitivity, concern has been raised over missing well-recognized 
clinically actionable mutations45. In our analysis the frequency of estab-
lished cancer-specific oncogenic drivers recovered was, however, 
comparable to MSK-IMPACT and MSK-MET6,9. Moreover, the sensitivity 
of 100× WGS to identify mutations was high even for samples with low 
tumor purity (Supplementary Note 1 and Supplementary Figs. 3–7).

A barrier to the broader success of precision oncology paradigms 
may be the many ‘undruggable’ oncogenic mutations coupled with the 
fact that targeting downstream effectors typically fails to demonstrate 
the levels of clinical efficacy of drugs that directly inhibit the mutated 
oncoprotein. Recent developments in protein structure prediction, 
new degraders, covalent inhibition and allosteric protein domain 
maps seek to unlock these ‘undruggable’ proteins46–49. Furthermore, 
WGS allows for the extension of analyses beyond the consideration of 
individual genetic alterations, thereby affording a clinically significant 
benefit over targeted panel sequencing assays. Mutational signatures 
associated with dMMR and HRD are increasingly being shown to be 
clinically relevant to defining responsiveness to immunotherapy and 
PARP inhibition, respectively24,30. Additionally, there is increasing 
evidence that other signatures reflecting the DNA repair capacity of 
cancer cells are predictive of drug responsiveness to other agents5,50. A 
more detailed discussion and comprehensive description of all classes 
of mutational signatures observed across the 100kGP are reported in 
our companion paper29. The ability to robustly characterize mutational 
signatures may therefore prove to be a major clinically significant 
incremental benefit of WGS over targeted panel sequencing assays. 
Moreover, the provision of WGS is likely to play a greater role in patient 
management given that T cell-based therapies are of increasing impor-
tance and in silico approaches are now used to predict the presence of 
immunogenic tumor-specific neoantigens from WGS51–54.

Despite the merits of WGS as a one-stop clinical assay, its wider 
adoption outside selected academic and commercial centers has been 
limited37. A great hurdle is that the tumor material available for many 
patients is of insufficient quantity, quality or purity for these broader 
sequencing platforms. Indeed, in the 100kGP the lack of access to fresh 
frozen samples (and/or those of sufficient quantity) precluded the 
analysis of tumors from many patients11. In designing clinical assays, 
the limitations imposed by cost and sequencing capacity require the 
balancing of sequencing breadth and depth41. At present, the higher 
coverage of targeted assays represents an advantage over WGS for 
detection of alterations in genes clinically validated as biomarkers of 

drug response, especially in samples with poor DNA quality or high stro-
mal contamination. A wider adoption of WGS will require further reduc-
tions in sequencing costs and technological improvements to enable 
the use of lower-quality, archival formalin-fixed, paraffin-embedded 
tumor tissue55. Any such developments will have to address the issue 
that formalin fixation adversely affects DNA quality and the ability to 
reliably call variants from WGS data, even when using bioinformatic 
correction41,56,57. Aside from such technical issues there are also inher-
ent limitations to short-read WGS. Notably, structural variants cannot 
be robustly called, with low concordance being a feature of present 
implemented algorithms58,59. It is likely that this limitation will only be 
addressed by adoption of long-read sequencing, albeit presently this 
incurs a high requirement for DNA and further cost, thus restricting its 
use in the diagnostic setting60. The continued decline in sequencing 
costs and the identification of new genomic biomarkers predictive of 
drug response have driven the rapid adoption of multigene profiling 
of patients as a component of routine cancer care. As our analysis indi-
cates, the future adoption of WGS or broader panels has the potential to 
enable more accurate assessments of the driver mutational landscape 
predictive of drug response.

Online content
Any methods, additional references, Nature Portfolio reporting sum-
maries, source data, extended data, supplementary information, 
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butions and competing interests; and statements of data and code avail-
ability are available at https://doi.org/10.1038/s41588-024-01785-9.
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Methods
The 100kGP cohort
The analysed cohort comprised tumor–normal sample pairs from 
patients with primary cancers recruited to 100kGP (v.11 release) 
through 13 Genomic Medicine Centers across England (Supplementary 
Fig. 9). Genomics England has obtained written informed consent from 
all participants. We restricted our analysis to high-quality sequencing 
data derived from PCR-free, flash-frozen primary solid tumor samples 
from 10,470 adults (34 bile duct, 305 bladder, 2,306 breast, 2,324 colo-
rectal, 440 central nervous system, 91 esophageal, 201 head and neck, 
1,045 renal cell, 24 liver, 1,110 lung, 35 mesothelioma, 607 soft tissue, 
454 ovarian, 94 pancreas, 366 prostate, 270 melanoma, 72 gastric, 51 
testicular and 649 uterus) (Supplementary Tables 1–3). Comprehensive 
clinicopathology information on the patients is provided in Supple-
mentary Table 3 and complete details on sample curation, tumor purity 
per cancer type (Extended Data Fig. 10), WGS, somatic variant calling, 
mutation annotation and power calculations are provided in Supple-
mentary Note 1. We identified mutational signatures associated with 
dMMR and HRD in tumors using SigProfilerExtractor complemented 
by mSINGS and HRDetect (Supplementary Note 1)29,61,62.

Identification and timing of driver genes
Cancer driver genes for each of the tumor types were identified 
using the IntOGen pipeline (Supplementary Note 1)4. We examined 
the sensitivity of WGS in the 100kGP cohort to detect mutations in 
well-established driver genes based on sample purity and gene cover-
age and by comparing the call rates of panel sequencing reported in 
the Integrated Mutation Profiling of Actionable Cancer Targets and 
Metastatic Events and Tropisms studies of cancer conducted by the 
MSK Cancer Center (Supplementary Note 1)6,63. The relative evolu-
tionary timings of candidate driver mutations were obtained using 
MutationTimeR (Supplementary Note 1)15.

Actionability of driver gene mutations and networks
We first queried the OncoKB and COSMIC Mutation Actionability in 
Precision Oncology Product databases to evaluate the therapeutic 
implications of genetic events31,64. Both databases catalog approved 
marketed drugs having demonstrated efficacy in tumors with specified 
driver gene mutations, based on clinical trials and published clinical 
evidence. OncoKB also provides compelling biological evidence sup-
porting the cancer driver gene as being predictive of a response to a 
given drug.

To undertake a chemogenic analysis of cancer networks for each 
cancer type, we used protein products of the cancer driver genes to 
seed a search for all interacting proteins in the canSAR interactome33, 
which is based on information from eight databases, including the 
IMeX consortium65, Phosphosite66 and key publications. We annotated 
proteins with pharmacological and druggability data using canSAR’s 
Cancer Protein Annotation Tool. Essential and selective genes including 
lineage specificity were ascertained from the ShinyDepMap analysis 
server (Supplementary Note 1)32.

Reporting summary
Further information on research design is available in the Nature 
Portfolio Reporting Summary linked to this article.

Data availability
Summary statistics for each tumor group are provided in the Supplemen-
tary Tables where such data do not enable identification of participants. 
All sample-specific WGS data and processed files from the 100,000 
Genomes Project can be accessed by joining the Pan Cancer Genomics 
England Clinical Interpretation Partnership (GeCIP) Domain once an 
individual’s data access has been approved (https://www.genomicseng-
land.co.uk/research/pan-cancer-and-molecular-oncology-communit
y). The link to becoming a member of the Genomics England research 

network and obtaining access can be found at https://www.genomic-
sengland.co.uk/research/academic/join-gecip. The process involves 
an online application, verification by the applicant’s institution, com-
pletion of a short information governance training course and veri-
fication of approval by Genomics England. Please see https://www.
genomicsengland.co.uk/research/academic for more information. 
The Genomics England data access agreement can be obtained from 
figshare at https://doi.org/10.6084/m9.figshare.4530893.v7 (ref. 67). All 
analysis of Genomics England data must take place within the Genom-
ics England Research Environment (https://www.genomicsengland.
co.uk/understanding-genomics/data). The 100,000 Genomes Pro-
ject publication policies can be obtained from https://www.genom-
icsengland.co.uk/about-gecip/publications. Samples and results 
used in this study are provided in Genomics England under /re_gecip/
shared_allGeCIPs/pancancer_drivers/results/. A MAF-like file detailing 
coding mutations across all 100kGP tumors analysed is available at /
re_gecip/shared_allGeCIPs/pancancer_drivers/results/. The COSMIC 
and OncoKB clinical actionability data are available from https://cancer.
sanger.ac.uk/actionability and https://www.oncokb.org/actionable
Genes#sections=Tx, respectively. The canSAR chemogenomics data 
are available from https://cansar.ai/. The NHS Genomic Test Directory 
for Cancer is available from https://www.england.nhs.uk/publication/
national-genomic-test-directories/. Lists of drivers from previous stud-
ies were obtained from COSMIC (https://cancer.sanger.ac.uk/cmc/
home), IntOGen (https://www.intogen.org/search) and the The Cancer 
Genome Atlas (TCGA) Program pan-cancer analysis reported by ref. 13. 
Somatic mutations were annotated to the cached version of GRCh38 
in VEP v.101.

Code availability
Details and code for using the IntOGen framework are available at 
https://intogen.readthedocs.io/en/latest/index.html. The specific 
code to perform this analysis is available in the Genomics England 
research environment (https://re-docs.genomicsengland.co.uk/
access/) under /re_gecip/shared_allGeCIPs/pancancer_drivers/code/. 
The link to becoming a member of the Genomics England research 
network and obtaining access can be found at https://www.genomic-
sengland.co.uk/research/academic/join-gecip. The code to perform 
the canSAR chemogenomics analysis is available through Zenodo 
(https://doi.org/10.5281/zenodo.8329054) (ref. 68).
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Extended Data Fig. 3 | Circos heatmap of candidate cancer driver genes identified. Heatmap intensity proportional to the q value.
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Extended Data Fig. 5 | Hierarchical clustering of tumour types based on P-value of candidate driver genes across the 35 different tumour types. Clustering 
performed using the hclust function in R.
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Extended Data Fig. 6 | Per-tumour distribution of oncogenic mutations in 
tumour specific candidate cancer driver genes, across the 35 cancer types. 
Analysis restricted to driver genes as predicted by IntOGen in the given cancer 

type. Oncogenicity predicted using OncoKB. The line within the box shows the 
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represents the interquartile range and whiskers represent the range.

http://www.nature.com/naturegenetics


Nature Genetics

Article https://doi.org/10.1038/s41588-024-01785-9

TP
53

AP
C

PI
K3

C
A

KR
AS

PT
EN

AR
ID

1A
KM

T2
C

VH
L

AC
VR

2A
R

N
F4

3
BR

AF
PB

R
M

1
FB

XW
7

PI
K3

R
1

N
F1

AT
M

M
AP

3K
1

TC
F7

L2
TG

FB
R

2
R

B1
SE

TD
2

C
D

H
1

SO
X9

G
AT

A3
SM

AD
4

C
D

KN
2A

FA
T1

C
TN

N
B1

SP
EN

N
R

AS
C

AS
P8

ID
H

1
AK

T1
EP

30
0

EG
FR

N
O

TC
H

1
TE

T2
ST

K1
1

BC
O

R
SM

AR
C

A4
AR

ID
1B

FG
FR

3
BA

P1
H

LA
−A

H
LA

−B
ER

BB
3

SF
3B

1
N

FE
2L

2
EL

F3
M

TO
R

BR
C

A1
SM

AD
2

C
BF

B
FG

FR
2

KD
M

6A
PP

P2
R

1A
AM

ER
1

KE
AP

1
ST

AG
2

PD
E4

D
IP

SM
AD

3
ES

R
1

M
U

C
20

XP
O

1
KI

T
FC

G
R

3A
AC

VR
1

XC
L2

AN
KR

D
36

C
N

TN
AP

3
IG

SF
3

PC
BP

1
PN

R
C

2
SE

C
22

B
SL

C
35

G
5

C
H

D
4

PANCANCER (Oncogenic)

0

1000

2000

3000

Clonal (NA)
Clonal (early)
Clonal (late)
Subclonal
NA
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Summary statistics for each tumour group are provided in the supplementary tables where such data does not enable identification of participants. All sample-
specific WGS data and processed files from the 100,000 Genomes Project can be accessed by joining the Pan Cancer Genomics England Clinical Interpretation 
Partnership (GeCIP) Domain once an individual’s data access has been approved (https://www.genomicsengland.co.uk/research/pan-cancer). The link to becoming 
a member of the genomics england research network and having access can be found here https://www.genomicsengland.co.uk/research/academic/join-gecip. The 
process involves an online application, verification by the applicant’s institution, completion of a short information governance training course, and verification of 
approval by Genomics England. Please see https://www.genomicsengland.co.uk/research/academic for more information. The Genomics England data access 
agreement can be obtained from https://figshare.com/articles/dataset/GenomicEnglandProtocol_pdf/4530893/7. All analysis of Genomics England data must take 
place within the Genomics England Research Environment (https://www.genomicsengland.co.uk/understanding-genomics/data). The 100,000 Genomes Project 
publication policies can be obtained from https://www. genomicsengland.co.uk/about-gecip/publications. Samples and results used in this study are provided in 
Genomics England under /re_gecip/shared_allGeCIPs/pancancer_drivers/results/. A MAF-like file detailing coding mutations across all 100kGP tumours analysed is 
available at /re_gecip/shared_allGeCIPs/pancancer_drivers/results/. The COSMIC and OncoKB clinical actionability data are available from https://
cancer.sanger.ac.uk/actionability and https://www.oncokb.org/actionableGenes#sections=Tx, respectively. The canSAR chemogenomics data are available from 
https://cansar.ai/. The NHS Genomic Test Directory for Cancer is available from https://www.england.nhs.uk/publication/national-genomic-test-directories/. List of 
drivers from prior studies obtained from COSMIC (https://cancer.sanger.ac.uk/cmc/home), Intogen (https://www.intogen.org/search) and and the The Cancer 
Genome Atlas (TCGA) Program pan-cancer analysis reported by Bailey et al. Somatic mutations were annotated to the cached version of GRCh38 in VEP v101.
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Population characteristics Information relating to the cohort in this analysis are provided in supplementary table 3. The collection and processing of 
treatment information is described in detail in the methods.
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Environment.
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Life sciences study design
All studies must disclose on these points even when the disclosure is negative.

Sample size 10,478 samples were included in the full cohort. Exact sample sizes for tumour groups are provided in supplementary table 2. Sample size was 
chosen based on the availability of whole genome sequencing of tumour/normal pairs in the Genomics England research environment.

Data exclusions A detailed description of the sample quality control is provided in the methods. Supplementary table 1 provides information on how many 
samples were excluded. Sequenced tumour samples were excluded if clinical data were missing or if unresolvable conflicts existed between 
the clinical data sources (GMCs, NHSD, PHE-NCRAS, histology reports). In total 2,251/14,129 (15.9%) of tumour samples were excluded based 
on availability and consistency of reported sex, tumour histology, tumour type, sampling date or if the participant was recorded as less than 
18 years old at the time of sampling. 267/11878 (2.2%) of tumour samples with required clinical data available were excluded based on 
tumour sample purity and sequencing data quality. Duplicate tumour samples were also removed, to ensure that no individual was 
represented more than once in a tumour group. If multiple sequenced tumour samples from the same tumour group were available for an 
individual, we preferentially kept primary tumour samples with highest purity. Non-solid tumours were removed from this analysis. Based on 
these criteria, 10,478 tumour samples were suitable for analysis.

Replication This study has an observational rather than an experimental study design, and only one sample was sequenced from each participant, in the 
great majority of cases. We replicate many of the findings from previously published studies of somatic cancer driver genes.

Randomization This study has an observational rather than an experimental study design hence randomisation of study participants is not relevant.

Blinding This study used real-world observation data collected from NHS trusts. The investigators did not have control over sample selection, collection 
and processing and as such blinding is not relevant to this study.
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