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COSINE: A web server for clonal and subclonal
structure inference and evolution in cancer genomics
Cancer cell genomes originate from single-cell mutation with
sequential clonal and subclonal expansion of somatic mutation
acquisition during pathogenesis, thus exhibiting a Darwinian
evolutionary process (Gerstung et al., 2020; Nik-Zainal et al.,
2012). Through next-generation sequencing of tumor tissue,
this evolutionary process can be characterized by statistical
modelling, which can identify the clonal state, somatic
mutation order, and evolutionary process (Gerstung et al.,
2020; Mcgranahan & Swanton, 2017). Inference of clonal and
subclonal structure from bulk or single-cell tumor genomic
sequencing data has a huge impact on studying cancer
evolution. Clonal state and mutation order can provide
detailed insight into tumor origin and future development. In
the past decade, various methods for subclonal reconstruction
using bulk tumor sequencing data have been developed.
However, these methods had different programming
languages and data input formats, which limited their use and
comparison. Therefore, we established a web server for
Clonal and Subclonal Structure Inference and Evolution
(COSINE) of cancer genomic data, which incorporated twelve
popular subclonal reconstruction methods. We deconstructed
each method to provide a detailed workflow of single
processing steps with a user-friendly interface. To the best of
our knowledge, this is the first web server providing online
subclonal inference based on the integration of most popular
subclonal reconstruction methods. COSINE is freely
accessible at www.clab-cosine.net.
Inference of subclonal structure using tumor-based bulk
genomic sequencing data is an important part of tumor
evolution research and provides a new way to study the
relative sequence of mutations and mutation processes in
tumorigenesis. Cancer evolution can be inferred from nextgeneration sequencing data based on the “most recent
common ancestor (MRCA)”, as applied in classical population
genetics. Mutations that occur before the MRCA and are

found in all tumor cells in a sample can be used as markers of
clonal populations (Gerstung et al., 2020; Salcedo et al.,
2020).
In the past decade, a lots subclonal reconstruction methods
have been developed for a single or multiple sample(s) tumor’
s bulk or single cell genomic data over time and/or multiple
sites (Cun et al., 2018; Malikic et al., 2015; Miller et al., 2014;
Miura et al., 2018; Nik-Zainal et al., 2012; Salcedo et al., 2020;
Strino et al., 2013; Xiao et al., 2020). Generally, subclonal
reconstruction involves three steps: first, calculate the fraction
of variant alleles of somatic mutations with relevant copy
number changes and tumor purity; second, calculate the
cancer cell fraction (CCF) in the tumor (using structural
variation information correction); third, cluster the CCFs to
identify subclonal structures and construct related
phylogenetic trees. Thus, the accuracy and resolution of each
subclonal inference method depends on the experimental
design and mutation characteristics of the specific tumor being
reconstructed. Among these methods, most employ nonparametric Bayesian approaches for clustering, e.g., Dirichlet
process with stick-breaking representation (Cmero et al.,
2020; Nik-Zainal et al., 2012), which require Markov chain
Monte Carlo (MCMC) resampling and incur high
computational costs, especially with increasing mutation
number. A more economical computation way is to use a
variational Bayesian mixture model, such as SciClone (Miller
et al., 2014). Combinational phylogenetic approaches are also
applied for clustering, e.g., TrAP (Strino et al., 2013), CITUP
(Malikic et al., 2015), and CloneFinder (Miura et al., 2018).
The deconvolution of single-nucleotide variant (SNV) density
of cancer cells is computationally efficient for subclonal
inference, as applied in Sclust (Cun et al., 2018) and
FastClone (Xiao et al., 2020).
However,
since
the
above-mentioned
subclonal
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reconstruction methods are developed using different
programming languages and implemented under the Linux
platform, most users may find it difficult to run and compare
them. In this paper, we established a web server for subclonal
inference in cancer genomics with the incorporation of 12
popular subclonal reconstruction methods (Cun et al., 2018;
Malikic et al., 2015; Miller et al., 2014; Miura et al., 2018;
Salcedo et al., 2020; Strino et al., 2013; Xiao et al., 2020),
including three popular used methods: DPclust, PyClone,
PhyloWGS and our own Sclust. Each method was
deconstructed into detailed operational steps and
implemented through a relevant operational interface, allowing
easy and convenient comparison of methods when running
data. Although in the DREAM challenge project on subclonal
inferencing, Salcedo et al. (2020) reviewed current major
approaches in subconal inference and compared the
performance of DPclust, PyClone, PhyloWGS in the real
genomic data. But a lots non-Dirichlet type method did not
include in their review and comparison, it is still required to
include more subclonal inference methods to model
comparison. Our new online tool for subclonal inference,
which integrates the 12 most popular subclonal inference
methods, will help resolve model-to-user gaps and give user
more choice for subclonal inferencing.
To facilitate the use of our previously developed Sclust
method and 11 other approaches, we developed an online
web server for subclonal inference called COSINE. Of the 12
selected methods, all are run under the Linux system, seven
use only one programming language (Sclust developed in
C++; PyClone, FastClone, and CloneFinder developed in

Python; DPclust, SciClone developed in R; TrAp developed in
Java), and five others use more than two programming
languages. All those information was summarized in
Supplementary Table S1. These differences may hinder their
application by non-professionals wishing to perform rapid or
comparative subclonal inference. Figure 1A, B show the
general workflow for the inference of clonal and subclonal
structure, which includes five steps: (1) somatic mutation
calling from matched normal-tumor tissue samples based on
next-generation sequencing (NGS) data; (2) gene copy
number calling using NGS data; (3) CCF estimation; (4) clonal
and subclonal structure inference via CCF clustering; and (5)
clonal and subclonal evolutionary tree construction. A step-bystep pipeline for mapping raw data to reference genome, base
calibrating and PCR duplication filtering, mutation and copy
number calling were given in Supplementary Text and
cunlab.org/cosine.
In the COSINE, we added all methods to a highperformance computing cluster, thus allowing the user to
directly call each subclonal inference method via their web
interface using 1 to 5 commands in the method’s frame box,
and then download the results when finished. Figure 1C
showed an example of how to run the Sclust in the COSINE.
With SNVs and copy number variation information (structure
variation needed for some methods), user can employ method
of those twelve methods for subclonal inferencing on the
COSINE. As each method had their own input file format, we
made some Python scripts to change the same somatic
mutation variant call format (VCF) file and copy number
alteration file to the format of each method, which were

Figure 1 Raw data pre-processing, CCF estimation and subclonal reconstruction
A, B: Typical pipeline for mapping, bam filtering, and mutation and copy number/structure variation calling from raw clean data. Information on
somatic mutation VCF, copy number alteration, and structure variation (optimal) is used for subclonal reconstruction. C: COSINE web server
containing 12 subclonal reconstruction methods with detailed operational step(s).
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available at: cunlab.org/cosine.
As shown in Figure 1C, users can follow the following steps
for subclonal inference: (1) visit the COSINE website
(www.clab-cosine.net/cun-web/) and click the relevant method
(Figure 1C1); (2) choose a new task on the method page
(Figure 1C2); and (3) upload and run the program
(Figure 1C3), and an e-mail will send to user when the job is
finished.
The COSINE is an online computational platform for
subclonal structure inference in the cancer genome. It
integrates twelve popular subclonal inference methods and
provides an easy-to-access and user-friendly interface.
Although various subclonal inference models have been
proposed in recent years, many contain inherent difficulties for
researchers regarding method selection, installation, and
program operation. The COSINE not only helps to bridge the
gap between model developer to normal user, but also allows
easier and more convenient subclonal inference method
comparison. In the future, we will develop additional functions
and methods for online subclonal evolutionary tree plotting
and adjustment, and include subclonal reconstruction methods
from single-cell genomic sequencing data.
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