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Abstract

Summary: The Clonality R package is a practical tool to assess the clonal relatedness of two tumors

from the same patient. We have previously presented its functionality for testing tumors using loss

of heterozygosity data or copy number arrays. Since then somatic mutation data have been more

widely available through next generation sequencing and we have developed new methodology

for comparing the tumors’ mutational profiles. We thus extended the package to include these two

new methods for comparing tumors as well as the mutational frequency estimation from external

data required for their implementation. The first method is a likelihood ratio test that is readily

available on a patient by patient basis. The second method employs a random-effects model to es-

timate both the population and individual probabilities of clonal relatedness from a group of

patients with pairs of tumors. The package is available on Bioconductor.

Availability and implementation: Bioconductor (http://bioconductor.org/packages/release/bioc/

html/Clonality.html).

Contact: ostrovni@mskcc.org

Supplementary information: Supplementary data are available at Bioinformatics online.

1 Introduction

When a patient presents with two tumors that are separated ana-

tomically clonality testing can help to diagnose whether the tumors

arose independently, or one tumor is a metastasis of the other.

Several years ago the Clonality R package (Ostrovnaya et al., 2011)

implemented methods for testing whether two tumors from the

same patient are clonally related. These involved the comparison of

the loss of heterozygosity at a set of candidate genetic loci and a

method that involved genome-wide copy number arrays to search

for identical copy number gains or losses. Since the initial publica-

tion of the Clonality package, it has become commonplace in clinic-

al practice for patients’ tumors to be evaluated for the presence of

somatic mutations in major cancer genes, or from exome sequenc-

ing. Evaluation of clonal relatedness of tumors in this context is

based on the presence or absence of identical mutations in the two

tumors and requires knowledge of the probabilities of occurrence of

each of the observed somatic mutations. Our software update

includes a statistical test for clonal relatedness based on somatic

mutations (Ostrovnaya et al., 2015) along with material to assist

users in calculating these marginal mutation probabilities. In order

to estimate these probabilities, we utilize mutation frequencies esti-

mated from external datasets, i.e. The Cancer Genome Atlas

(TCGA) (Ellrott et al., 2018). The R package is now updated with a

function that allows easy estimation of mutational frequencies.

Moreover, a feature of the clonality test is that it only provides

quantitative evidence against the hypothesis that the tumors are in-

dependent. Specifically, if no shared mutations are observed the test

will always give a P-value of 1. In recognition of this limitation we

developed a method that analyses data from a database of patients

in the same clinical setting using random-effects methodology, in

order to estimate the individual probabilities of clonal relatedness
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for each patient in the study, and by extension the overall relative

frequency of clonality in the clinical setting under study (Mauguen

et al., 2018). Of note, a key parameter that needs to be estimated in

each of these methods is the clonality signal n. This parameter repre-

sents the relative time during the evolution of the tumors in which

mutations were accumulating in the original, clonal cell. This par-

ameter, which ranges in value from 0 to 1, will tend to be large in

tumors where the seeding of the metastasis occurred late in the evo-

lutionary process. Conversely, it is 0 in tumors that are independent.

This note provides instructions on how to use the software. More

extensive details of the underlying methodology are provided in the

Supplementary Material.

2 Available functionality

We present first an example of data added to the package to which

the two additional methods can be applied. We then present the

functions to use and how to interpret the outputs.

2.1 The lcis dataset
These data come from a study investigating whether in situ lesions

are precursors of invasive breast cancers by looking at clonal

relatedness in patients having lobular carcinoma in situ (LCIS) and

either invasive lobular carcinoma, ductal carcinoma in situ or inva-

sive ductal carcinoma (Begg et al., 2016). Exome sequencing data

included are from 34 samples from 17 patients. The dataset is in the

format of a mutation annotation format (MAF) file. Each row in the

dataset represents a mutation that was observed in the specific

tumor. The columns include patient ID, Tumor_Sample_Barcode

(sample ID), Hugo_Symbol (gene), mutation Chromosome and

Start_Position and reference and alternative alleles. The function

create.mutation.matrix() has to be used to reformat the dataset for

further analysis. By default, it creates a binary matrix with rows

being mutations and columns being samples.

2.2 Estimating mutational frequencies
The mutational frequencies required for performing these analyses

are obtained for each possible locus separately and should be specif-

ic to the cancer type of the tumors. To assist in obtaining these fre-

quencies we have included the data object freqdata with frequencies

of all mutations in 33 cancer types profiled by TCGA. The function

get.mutation.frequencies() extracts these frequencies based on two

inputs: mutation IDs in the format {chromosome genomic.location

reference.allele alternate.allele}, and TCGA subtype abbreviations.

There is also an option for specifying a custom external mutation

file from independent patients for the frequency estimation which

can be used independently or added to TCGA data. An external

dataset could be used if the cancer type was not profiled by TCGA,

or if one wishes to use a specific subtype of interest (e.g. Luminal A

breast cancer), or if the cohort assembled for clonality testing is sub-

stantial and can improve the accuracy of mutation frequency estima-

tion. Note that the probability of an observed mutation can never be

zero. To estimate the marginal probability of a mutation that was

not observed in TCGA (or the source one elects to use) we have

adopted the convention of estimating the probability of such a muta-

tion as 1/(N þ 1), where N is the number of cases from which the es-

timate is based. The function get.mutation.frequencies() returns the

vector of frequencies that can be used as input into the subsequent

functions.

2.3 Testing for clonal relatedness using mutation data
The function SNVtest() tests whether the available mutation infor-

mation of a tumor pair is evidence in favor of clonality using the

method described in Ostrovnaya et al. (2015). It calculates the tail

probability of the observed data under the null hypothesis that the

two tumors are independent. The test is conditional on the muta-

tions observed in either of the tumors. The arguments in the function

are the two binary vectors of observed mutations in tumors 1 and 2,

that can be obtained as the output of create.mutation.matrix(). The

function also needs the vector pfreq of probabilities of occurrence

for each mutation, which can be obtained using get.mutation.fre-

quencies(). The null distribution is generated from simulations in

which the same set of mutations is observed but matches are gener-

ated randomly assuming independence.

The function’s output summarizes the numbers of mutations

observed in each tumor, and the number of mutations shared by the

two tumors. The likelihood ratio statistic is presented along with a

P-value calculated using the null distribution generated using the

specified mutational frequencies pfreq. A low P-value is evidence

that the two tumors are clonally related. Finally, the estimate of the

clonality signal n is presented. A value close to 1 indicates very simi-

lar mutational profiles, whereas low values indicate that most muta-

tions occur in only one tumor.

Of note, our methods permit distinct testing approaches if both

mutational and copy number profiles are available, as in Begg et al.

(2016). In this study of LCIS, the two methods were broadly in

agreement, with a few discordant cases. Clearly agreement is reas-

suring, but there are yet no formal methods for resolving discrepan-

cies of this nature. A heuristic approach could be to conclude overall

using Bonferroni correction, but the best approach is still to be

determined.

2.4 Calculating individual diagnostic probabilities
The function mutation.rem() estimates the random-effects model

parameters. It requires a collection of pairs of tumors from a suitable

dataset. The first argument is a matrix of mutations formatted using

create.mutation.matrix() with option rem¼TRUE. As the estimation

methods involves integration over the density of the clonality signal

n, it is possible to control the range of values used in the integral

calculation to obtain more precise estimates, at the price of more

computational time. The function makes use of an Expectation-

Maximization (EM) algorithm to estimate the parameters (see

Supplementary Material), unlike in Mauguen et al. (2018), as subse-

quent research showed using the EM algorithm overall improved the

precision of the estimates. Finally, the function allows the user to

pick initial parameters values, e.g. if prior knowledge or assump-

tions on the population are available, the convergence criteria used

and the maximum number of iterations, although the user can rely

on the proposed default values.

The output presents the estimate of p, the proportion of clonal

cases in the population of interest, as well as estimated values for

l and r, the two parameters of the clonality signal density, assumed

to be lognormally distributed. Criteria related to the likelihood

maximization are presented: the value of the maximized likelihood,

the convergence status and the number of iterations used to obtain

convergence. In case of non-convergence, the user can increase the

number of iterations or modify the initial values of the parameters.

Once the random-effects model parameters have been estimated,

the probability of clonal relatedness for each case can be obtained in

two ways. For the tumor pairs included in the analysis, adding the

option proba¼TRUE when calling mutation.rem() will compute the
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individual probabilities. To obtain the probability of clonality for a

new pair, the function mutation.proba() can be called. Both methods

will give, for each pair, a value between 0 and 1 representing the

probability that the two tumors of the pair are clonal, based on their

set of both shared and private mutations, and based on the a priori

probability of clonality in this population p.
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