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CliPP: Clonal structure identification through Pairwise 

Penalization 

CliPP1 estimates mutation-specific cellular prevalence from SNV read counts after 

adjusting for tumor purity and allele-specific copy number. Pairwise SCAD2 

penalization fuses mutations with similar cellular prevalence, producing clonal and 

subclonal mutation clusters without pre-specifying the number of clones.

Input: SNV read counts + tumor purity + allele-specific copy number
Output: mutation clusters + cellular-prevalence estimates + clonal/subclonal labels

CliPP-on-web for coding-free subclonal reconstruction
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Pan-cancer driver clonality landscape

CliPP is fast and accurate in simulated and real data 

Each bubble represents one gene × cancer-type pair. Bubble area scales with the 

number of driver5 mutations in that cell; pie wedges show the clonal versus subclonal 

fraction. Cancer types on the x-axis are ordered by median tumor mutational burden, 

and genes on the y-axis are ordered by total mutation count. The top row summarizes 

all drivers within each cancer type; the rightmost column summarizes each driver gene 

across all cancers.

TP53, APC, and KRAS were mostly clonal across cancers, consistent with early 

founding roles in tumor evolution. In contrast, KMT2C, CTNNB1, and ATM showed 

higher subclonal fractions, suggesting later acquisition in a subset of tumors.

CliPP GitHub CliPP-on-webCliPP bioRxiv

CliPP was benchmarked on 5,306 

simulated tumors from CliPPSim4k, 

PhylogicSim5003,4, and SimClone10003,4.

 

CliPP provides accuracy comparable 

to leading methods with runtime 

suitable for large-cohort workflows.

CliPP-on-web provides a coding-free interface for subclonal reconstruction and 

visualization. Users can upload SNV, copy-number, and purity files; run CliPP; inspect 

VAF and cellular-prevalence distributions; query TCGA and PCAWG samples; check 

clonal/subclonal status of TCGA driver mutations; and download CliPP output files.

CliPP provides a fast, accurate, and scalable framework for bulk-DNA subclonal reconstruction. By combining pairwise penalized likelihood with standard SNV, purity, and allele-

specific copy-number inputs, CliPP achieves high concordance with PCAWG consensus reconstructions while enabling cohort-scale TCGA analysis. Applied across TCGA, 

CliPP identifies cancer-type-, gene-, and driver-pair-specific patterns of driver subclonality, generating a resource for studying tumor evolution and driver mutation timing.

CliPP annotated 13,666 high-confidence 

driver mutations in 274 genes across 4,218 

tumors; 28 cancer types are shown in the 

final driver-clonality panels.

2,256 / 13,666 driver mutations were 

subclonal (16.5%).

Drivers appeared in 16.7% of subclonal 

mutation clusters. Gene-level patterns were 

heterogeneous: TP53, APC, and KRAS were 

mostly clonal, whereas KMT2C, CTNNB1, 

and ATM were more often subclonal.

We infer driver order from CliPP 

clonal/subclonal status: if gene A is clonal 

and gene B is subclonal in the same 

tumor, A is interpreted as earlier.

Pairs are classified as Forward, Reverse, 

Both clonal, or Both subclonal. Plotted 

pairs have ≥10 resolvable patients, where 

resolvable = Forward + Reverse.

Most pairs were both clonal, reflecting 

shared early acquisition and limited timing 

resolution from single-biopsy bulk 

sequencing, with forward directions 

capturing known biology. 

Inferring timing of driver pairs
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