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Abstract. Gene mutations are responsible for a large proportion of ge-
netic diseases such as cancer. Hence, a number of computational methods
have been developed to find loci subject to frequent mutations in cancer
cells. Since normal cells turn into cancer cells through the accumulation
of gene mutations, the elucidation of interactive relationships among loci
has great potential to reveal the cause of cancer progression; however,
only a few methods have been proposed for measuring statistical signifi-
cance of pairs of loci that are co-mutated or exclusively mutated. In this
study, we proposed a novel statistical method to find such significantly
interactive pairs of loci by employing the framework of binary contin-
gency tables. Using Markov chain Monte Carlo procedure, the statistical
significance is evaluated by sampling null matrices whose marginal sums
are equal to those of the input matrix. We applied the proposed method
to mutation data of colon cancer patients and successfully obtained sig-
nificant pairs of loci.

Keywords: Cancer - Gene mutation - Binary contingency tables - Markov
chain Monte Carlo

1 Introduction

Gene mutations can change the normal function of proteins, leading to genetic
diseases such as cancer. For example, the mutation can result in loss of func-
tion that helps to repair damaged DNA. In cancer research, mutations observed
only in tumor cells have been intensively investigated, however, these mutations
are analyzed independently and combinations of mutations are not well stud-
ied. Since the accumulation of gene mutations causes cancer, it is important to
detect pairs of genes, which contribute to the accumulation interactively, e.g.,
genes with mutations that tend to occur together among a lot of samples. The
elucidation of these relationships allows us to identify how genes interact with
other genes. To achieve it, some studies[3,14,9] concerned the identification of
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the relationships between genes in cancer cells based on the fact that oncogenesis
is a process with multiple stages, in which normal cells transform into cancer
cells via multiple genetic mutations. However, almost these researches have not
measured the statistical significance of the relationships. Although Dees et al. [3]
considered statistical significance for identifying the relationships based on per-
mutation test-based method, they did not consider the varieties of the numbers
of the mutations in each of samples and genes.

Therefore, to provide an accurate statistical assessment, we propose a novel
method to measure the statistical significance of relationships between genes
using a statistical framework of binary contingency tables (BCTs), which are
defined as binary tables with fixed column and row sums. BCTs are utilized as
tables that are composed of entries with binary values indicating absence (0)
or presence (1) of mutations. In this study, we analyze the following two types
of gene relationships: co-mutated relationships, which represent pairs of genes
getting mutated together and exclusive relationships, which represent pairs of
genes including both a mutated gene and a gene without a mutation. Since the
numbers of mutations vary among samples and the numbers of mutated samples
vary among genes, we propose random sampling of BCTs keeping the sums of
mutations on each samples and genes using Markov chain Monte Carlo proce-
dure. By using gene mutation data as a BCT, the proposed method measures the
statistical significance of an observed state of each gene pair by the algorithm de-
veloped by Bezdkova [1]. This algorithm samples random BCTs and non-BCTs
satisfying almost marginal sums of the original data and obtains p-values for
all combinations of gene pairs; however, an accurate statistical test cannot be
performed when sampling non-BCTs. In order to sample BCTs only, we further
proposed a novel algorithm, termed Perfect BCT(PBCT)-sampling, that sam-
ples BCTs under the restrictions of the number of mutations occurring on each
sample and gene, and measures the statistical significance of the relationships
between genes in the mutation data.

To show the effectiveness of the proposed method, we compared the perfor-
mance of our proposed method, the proposed method using BCT-sampling and
an existing method (Fisher’s exact test) through a simulation study. As a re-
sult, our method outperformed other methods and we confirmed the advantage
of using BCTs. Next, we analyzed gene mutation data downloaded from The
Broad Institute (http://gdac.broadinstitute.org/) using our proposed method
and obtained significantly co-mutated and exclusively mutated gene pairs. We
confirmed that the result of the analysis by our proposed method contains pairs
of genes, which have been thought as genes related to cancer.

2 Method

2.1 Binary Contingency Tables

BCTs are typically used to represent two exclusive events, such as “absence”
or “presence” by 0 and 1, respectively. We apply the framework of BCTs to a
m X n binary table B containing the presence of mutations for pairs of genes and
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samples in order to clarify the relationships between genes in cancer cells using
gene mutation data. In the table B, rows and columns respectively correspond to
genes and samples, and the entry at the ith row and jth column is set to 1 if the
ith gene of the jth sample is mutated, and 0 otherwise. From the framework of
BCTs, we analyze the two types of gene relationships, co-mutated relationships
and exclusive relationships.

2.2 BCT-Sampling

From the number of mutations that occur on each column and row, we measure
the statistical significance of gene pairs such as co-mutated gene pairs or gene
pairs with exclusive mutations. For statistical testing, we first build the null dis-
tribution by sampling null matrices, and then measure the statistical significance
in terms of the number of samples for each co-mutated gene pair or for gene pair
with exclusive mutations in the original binary table B. For sampling null matri-
ces, we adopted BCT-sampling proposed by Bezdkova [1], which samples binary
tables keeping the given marginal sums. Let define perfect and near-perfect ta-
bles as tables satisfying completely the marginal sums of B and tables with one
row and one column sum decreased by 1, respectively. Starting from a perfect
table, the above method recursively samples a table from the previously sampled
table as follows:

1. Let (i,7) be a pair of indices for indicating the ith row and jth column of
a table or matrix. If the current m x n table T is a perfect table, randomly
select a pair of indices from {(4, j)|T;,; = 1}, where T} ; is the ¢th row and jth
column of T, and set T; ; to 0. A near-perfect table with marginal sums of
rows ri,...,7;—1,...,7y and columns ¢y, ...,¢; —1,..., ¢, and a deficiency
at (i,7) is obtained.

2. If the current m x n table T' is a near-perfect table with a deficiency at (i, 7),
randomly select a pair of indices in {(¢,7)} N{(k, )Tk, = 1}. If (k,1) = (4, 5)
holds, then set 7; ; to 1 and a perfect table is obtained. Otherwise, select
one of the following two procedures randomly:

(a) If Ty ; = 0 holds, then set Ty ; to 1 and Ty to 0 (the deficiency moves
from (i, 5) to (i,1)).

(b) If T;; = 0 holds, then set T;; to 1 and Ty, to 0 (the deficiency moves
from (i,1) to (k,1)).

These sampled tables from the above steps contain both near-perfect and perfect
tables.

2.3 PBCT-Sampling

In order to keep precisely the condition of the original binary table B, we de-
veloped PBCT-sampling by extracting only perfect tables from all the samples
tables with BCT-sampling. Sampling different perfect tables enables us to cal-
culate precisely the frequencies of that gene pairs with the number of mutated
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samples, which happen together or exclusively, under the given conditions. We
design PBCT-sampling to check if a newly generated perfect table is different
from the previously sampled tables in order to obtain various different perfect
tables. Algorithm 1 shows the detail of PBCT-sampling.

Algorithm 1. PBCT-sampling

M: the number of perfect tables to be sampled
f: the function of sampling BCTs proposed by Bezakova
X;: ith sampled binary table from f
X: a set of sampled binary tables
Set X =0
Setn=1
Set count = 0
while count < M do
Xn = f(Xn-1)
if X,, is a Perfect Table and X, # Xcount then
Put X,, to X

count = count + 1
n=n-4+1

2.4 Computation of p-value

For the pair of ¢th and jth genes in B, the test statistic for the detection of
co-mutated gene pairs is defined by

> B x By, (1)
k=1
and that for the exclusively mutated gene pairs is defined by

>0, 108) = {1 St B ©)
k=1

0 otherwise

where ng is the number of samples. Here, we calculate p-value referring to the
way adopted by CDCOCA [10]. Let T;; be the test statistic for the ¢th and
jth gene pair in a sampled table, O;; be the test statistic for that in B, Cj;
be the total number of the test statistics that satisfy O;;>T;; and M be the
total number of sampled matrices. The algorithm for the calculation of p-value
is shown in Algorithm 2.

3 Result

3.1 Simulation Study

In the simulation study, we compared our proposed method using PBCT-sampling
with the method using BCT-sampling and an alternative statistical method,
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Algorithm 2. Computation of p-value

M: the number of perfect tables to be sampled
ng: the number of genes
pij: p-value for gene pair, ¢ and j
Set count = 0
Set C =0
while count < M do
Sample binary tables X
for i <ny4 do
for j <ng do
calculate T;; for X
if Ti’j Z Oij then
Cij=0Ci +1
count = count + 1
pij = Cij /M

Fisher’s exact test [5,8]. The Fisher’s exact test in this context calculates the prob-
ability of obtaining the observed state under the given conditions as follows. Let
a be the number of samples without any mutations on both gene x and y, b be
the number of samples with mutations on only gene y and not on gene x, ¢ be the
number of samples with mutations on only gene x and not on gene y and d be the
number of samples with mutations on both genes = and y. Then the probability
of occurring such event is calculated by
a+b\ (c+d
= () o
a+c

where n is the number of all samples, which means n is identical to the sum of
a,b,c and d. Table 3.1 shows the relationship between these letters and genes.

Table 3.1. The summary of the relationships between two genes, x and y. Fisher’s
exact test calculates the probability of obtaining the tables using a, b, ¢ and d.

Gene y
Not mutated Mutated
Gene z Not mutated a b
Mutated c d

We measure the performance of the methods by area under the precision recall
curve (AUC) [2]. The performance is shown by the AUC score, which is the space
under the curve plotted according to the precision and recall of p-values at each
threshold. Fig. 3.1 shows an example of obtained p-values and AUC on our
simulation study. The precision is defined as the ratio of the number of relevant
records retrieved to the total number of irrelevant and relevant records retrieved.
The recall is defined as the ratio of the number of relevant records retrieved to
the total number of relevant records.
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To apply the method toward two problems, i.e., co-mutated and exclusively
mutated problems, we assume that simulated data have two pairs of co-mutated
genes or exclusively mutated genes, as statistical significant gene pairs, respec-
tively. We also suppose that the numbers of mutations vary among samples and
genes. Then, we prepared simulation data as follows:

1. Generate a mutation rate for each column and row, r; and r; (0 < r5,7; < 1),
which controls how often mutations occur on entities.

2. Set the mutation rate for each entry r; ; = r;r; based on the mutation rate
of columns and rows.

3. Set noise rate that regulates the amount of mutations in the simulated mu-
tation matrix. If the noise rate is 4, for example, we control the amount of
entries with mutations to be approximately 40% of all entries. The rate is
from 0 to 10.

4. Insert two pairs that have interactive relationships, which are co-mutated
or exclusively mutated gene pairs, and are named as true mutation pairs.
We define the number of co-mutated and exclusively mutated samples as
“signal”. In the co-mutated problem, when the signal is 4, two true mutation
pairs have four samples, where mutations happen in both of paired genes. In
the exclusively mutated problems, when the signal is 4, two true mutation
pairs have four samples, where mutations happen in either of paired genes.
For each true pair, we choose these samples at random.

Figs. 3.2(a)-3.2(c) show background data, simulated data with two true co-
mutated pairs and simulated data with two true exclusively mutated pairs, re-
spectively. We had a simulation using data, which is composed of 50 samples
and 50 genes, and several kinds of signal and noise.

Fig. 3.3 shows the result of the co-mutated problem. Consequently, BCT-
sampling has a higher AUC score than other methods in case of small noise
and large signal; however, PBCT-sampling demonstrates stably superior perfor-
mance in any parameter compared to other two methods. We also confirmed the
advantage on employing the BCT framework to the exclusively mutated prob-
lem as concluded in Table 3.4. The result shows that our proposed method has
higher AUC scores than other methods and detects true mutation pairs on both
co-mutated and exclusively mutated problems.

We can consider that the simulation results of our proposed method are better
than others because it takes the number of mutations on each gene and sam-
ple of the mutation data into account. In contrast, Fisher’s exact test utilizes
only the number of mutations happening on each gene. Also, we can see that
PBCT-sampling had better performance compared with BCT-sampling since
PBCT-sampling keeps completely the marginal sums and it utilizes more accu-
rate conditions of the original mutation data.
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Fig. 3.1. The example for the calculation of AUC. We use a dataset of twenty simulated
data to measure the performance of methods. Fig. 3.1(a) plots the number of obtained
p-values through a simulation, and the red and blue bars are the number of p-values
for gene pairs with true mutations and other gene pairs, respectively. Blue area on
Fig. 3.1(b), which consists precision and recall axes, shows AUC of data plotted on
Fig. 3.1(a).
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Fig. 3.2. A left figure shows background data with 20% noise and no signal. Figs. 3.2(b)
and 3.2(c) are simulated data containing two true co-mutated and exclusively pairs,
respectively. Black in the figure represents a gene mutation. These data are 50 x 50
size matrices, whose vertical and horizontal axes are genes and samples, respectively.
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BCT-sampling PBCT-sampling
Fisher test 30000 300000 3000000 30000 300000 3000000
Signal15 noise3 0.349 0.048 0.148 0.223 0.178 0.250 0.471
Signal10 noise3 0.070 0.030 0.207 0.192 0.211 0.211 0.222
Signal7 noise3 0.028 0.010 0.019 0.020 0.020 0.019 0.079
Signal15 noise2 0.733 0.197 0.514 0915 0.671 0.835 0.877
Signal10 noise2 0.537 0.288 0.376 0.553 0.460 0.545 0.561
Signal7 noise2 0.222 0.130 0.225 0.179 0.187 0.263 0.299

Fig. 3.3. The simulation results on 50 x 50 size matrices with two true co-mutated
pairs. Shown values are AUC scores, and methods with high scores are thought to have
high performance of assessing the relationships between genes. We tested Fisher’s exact
test, BCT-sampling and PBCT-sampling with several kinds of signal and noise.

BCT-sampling PBCT-sampling

Fisher test 5000 50000 500000 5000 50000 500000
Signal15 noise3 0.006 0.009 0.072 0.151 0.098 0.171 0.199
Signal10 noise3 0.002 0.008 0.033 0.041 0.042 0.055 0.084
Signal7 noise3 0.002 0.008 0.008 0015 0.011 0.015 0.028
Signal15 noise2 0.007 0.023 0.152 0.177 0.139 0.193
Signal10 noise2 0.003 0.018 0.037 0.041 0.036 0.045 0.042
Signal7 noise2 0.002 0.006 0.011 0012 0.020 0.013 0.013

Fig. 3.4. The simulation results on 50 x 50 size matrices with two true exclusively mu-
tated pairs. Shown values are AUC scores, and methods with high scores are thought to
have high performance of assessing the relationships between genes. We tested Fisher’s
exact test, BCT-sampling and PBCT-sampling with several kinds of signal and noise.

Table 3.2. Statistically significant co-mutated gene pairs obtained by PBCT-sampling

Gene Gene p-value g-value
PKHD1L1 RFC1 6.6 x 107° 4.5 x107°
LAMA3 DOCKI10 66x107° 4.5x107°
EPB41L3 DOCK5 6.6 x107° 4.5x 1076
EPB41L3 TRPM2 6.6x107° 45x 107°
EPB41L3  SLIT1 6.6 x107° 4.5x107°
ADAM7 DNAH1 6.6x107° 45x10°°
ADAM7 CACNAIC 6.6x107% 45x107°
ADAM7 CATSPERB 6.6 x 107 4.5x107°

3.2 Real Data Experiment

We used binary gene mutation data of colorectal adenocarcinoma, which is down-
loaded from The Broad Institute. We sorted 631 samples according to the number
of mutations and retrieved top 155 samples. The data contains 699 genes and
155 samples, whose rows and columns correspond to genes and samples, respec-
tively. We analyzed the data with PBCT-sampling to identify statistically sig-
nificant gene pairs. Consequently, we obtained eight co-mutated gene pairs with
10,000,000 samplings as concluded in Tables 3.2. For the exclusively mutated
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Table 3.3. Statistically significant exclusively mutated gene pairs obtained by PBCT-
sampling

Gene Gene p-value g-value

TP53 XIRP2 50x107% 3.3x107°
BRAF DSCAM 50x107% 3.3x107¢
ACVRIB POSTN 50x107% 33x10°°
SPHKAP VAV1 5.0x107° 3.3x10°°
TEX15 VAV1 5.0x107° 3.3x10°°
LAMA3 CELSR1 50x107° 33x10°°¢
KCNQ3 EPB41L3 50x107° 3.3 x107°
SEMA4D VAVl 50x107% 3.3x107¢
PTPRT VAV1 5.0x107° 3.3x10°°
DOCK5 DSCAM 50x107°% 3.3x10°¢
TMEM132B VAV1 5.0x107° 3.3x10°°
PXDNL DSCAM 5.0x107° 3.3x107°°

problem, we sampled 2,000,000 BCTs and obtained twelve gene pairs, which are
listed as significant exclusively mutated pairs shown in Table 3.3. These results
of both kinds, co-mutated and exclusively mutated gene pairs, show that gene
pairs of each kind have extremely small and the same p-value and ¢-value [13].
This is because there was no sampled BCT with greater test statistics than those
of the original mutation data at the significant gene pairs.

In the obtained results, we focus on one of significant co-mutated pairs,
LAMAS3 and DOCKI10, as illustrated in Fig. 3.5. The figure shows the frequencies
that mutations appear on each gene and sample. We can observe that DOCK10
and LAMAS3 have twelve and eight mutations, respectively, and the pair has 7
co-mutated samples. Some of them are recurrently mutated, but others are not
likely to be mutated. Our proposed method utilizes these frequencies of muta-
tions on each sample and gene, and detects gene pairs with co-mutated samples
including infrequently mutated sample, such as LAMA3 and DOCK10.

In addition, Fig. 3.6 shows the frequencies and locations of mutations on
gene-pair, TEX15 and VAV1, which is obtained as the statistically significant
and exclusively mutated gene pair. We can confirm that their mutations happens
in mutually exclusive way.

LAMA3 [12] and DOCK10 [6], which are obtained as a co-mutated gene pair,
are considered to be involved in tumor cell invasion and progression. Addition-
ally, among exclusively mutated gene pairs listed on Table 3.3, TP53 is widely
know as tumor suppressor gene and XIRP2 was suggested as a potential driver
gene in melanoma [7]. VAV1 [4] and TEX15 [11] are also identified as the can-
didates of genes related to cancer. VAV1 has been thought as a gene, which is
associated with decreased survival and contributes to the tumorigenic properties
of pancreatic cancer cells. Also, TEX15 was observed in a significant fraction of
tumor samples different histological types.
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4 Conclusion and Discussion

There exist many studies focusing on mutation genes and they play a key role
in the field of cancer research. In this study, we aimed to elucidate the relation-
ships of gene pairs using binary mutation data. The developed method, PBCT-
sampling, enables us to utilize the frequencies that mutations occur on each
gene and sample of the mutation data and assess the statistical significance of
relationships between genes.

Through the simulation study, we prepared two synthetic data representing
co-mutated and exclusively mutated problems and demonstrated that PBCT-
sampling outperformed BCT-sampling and Fisher’s exact test, which is with-
out the BCTs framework. These results indicated that the BCT framework is
reasonable for assessing the statistical significance of gene mutation data and
PBCT-sampling, which uses only BCTs, is capable of performing more accu-
rate assessment and has superior performance compared to BCT-sampling using
both of BCTs and non-BCTs, and also with Fisher’s exact test. Therefore, we
confirmed the advantage of the BCT-framework, which allows us to sample bi-
nary tables keeping the the varieties of the marginal sums of the mutation data.
Furthermore, the analysis of real data with PBCT-sampling showed the statisti-
cally significant co-mutated and exclusively mutated gene pairs. Since they have
been indicated as cancer related genes, the performance of detecting significant
pairs may be suggested. In these gene pairs, we confirmed that some of obtained
gene pairs as exclusively mutated gene pairs comprise of tumor suppressor gene
and driver gene and some of obtained gene pairs as co-mutated gene pairs are
the combination of genes, which contribute to the progression of cancer.

In this study, we focused on the detection of interactive gene pairs but we
further expect that our proposed method can be applied to the problem of
detecting more than three genes with interactive relationships. Also, since the
BCT framework is practical for the detection of relationships in binary data, we
consider that we can analyze other binary data, such as copy number data, with
PBCT-sampling.
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