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Abstract

. Identification of mutations of the genes that give cancer a selective advantage is an impor-
tant step towards research and clinical objectives. As such, there has been a growing inter-
est in developing methods for identification of driver genes and their temporal order within a
single patient (intra-tumor) as well as across a cohort of patients (inter-tumor). In this paper,
we develop a probabilistic model for tumor progression, in which the driver genes are clus-
tered into several ordered driver pathways. We develop an efficient inference algorithm that
exhibits favorable scalability to the number of genes and samples compared to a previously
introduced ILP-based method. Adopting a probabilistic approach also allows principled
approaches to model selection and uncertainty quantification. Using a large set of experi-
ments on synthetic datasets, we demonstrate our superior performance compared to the
ILP-based method. We also analyze two biological datasets of colorectal and glioblastoma
cancers. We emphasize that while the ILP-based method puts many seemingly passenger
genes in the driver pathways, our algorithm keeps focused on truly driver genes and outputs
more accurate models for cancer progression.
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Cancer is a disease caused by the accumulation of somatic mutations in the genome. This
process is mainly driven by mutations in certain genes that give the harboring cells some
selective advantage. The rather few driver genes are usually masked amongst an abun-
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dance of so-called passenger mutations. Identification of the driver genes and the tempo-
ral order in which the mutations occur is of great importance towards research and
clinical objectives. In this paper, we introduce a probabilistic model for cancer progression
and devise an efficient inference algorithm to train the model. We show that our method
scales favorably to large datasets and provides superior performance compared to an ILP-
based counterpart on a wide set of synthetic data simulations. Our Bayesian approach also
allows for systematic model selection and confidence quantification procedures in con-
trast to the previous non-probabilistic progression models. We also study two large data-
sets on colorectal and glioblastoma cancers and validate our inferred model in
comparison to the ILP-based method.
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Introduction

Tumor progression is caused by somatic evolution in which genes are randomly mutated and
so-called driver mutations confer the tumor a selective advantage [1]. Several properties of
somatic evolution of tumors have been studied intensively and are today more approachable
than ever before, for instance,

1. What is the number of driver mutations in a tumor or the average across a collection?

2. Which genes acquire driver mutation, i.e., are so-called driver genes, in contrast to passen-
ger genes?

3. What are the dependencies among driver mutations and, in particular, in which order do
they occur?

Our main interest is in developing methods to resolve these questions as they have immense
potential towards the identification of targets for new drugs and the development of patient-
specific treatment plans.

The fundamental difficulty of answering these questions lies in the successful identification
of driver mutations amongst an abundance of passenger mutations. Without prior informa-
tion, there is no way to identify driver mutations in a single tumor. Over-representation of a
gene among those mutated across a large tumor collection is, however, a useful driver gene
identification approach. This approach is now feasible with the availability of mutation data
through several large scale cancer sequencing efforts, e.g., The Cancer Genome Atlas (TCGA)
as well as the International Cancer Genome Consortium (ICGC).

Cancer progression has been extensively studied through the application of various models
capturing dependencies between mutated genes, such as oncogenetic trees [2-6] and conjunc-
tive Bayesian networks [7, 8]. More complex models are also used to study the cancer progres-
sion [9-11]. However, these models are computationally hard to train, and hence, not
applicable for big datasets composed of large numbers of samples and genes, and in the abun-
dance of passenger mutations. On the other hand, studying the cancer progression using basic
models at the gene level seems to be insufficient to fully model somatic evolution in cancer
[12]. The effects of a driver gene mutation are often mediated by a biological pathway or a pro-
tein complex that the gene belongs to. Consequently, a set of genes associated with the same
biological pathway or protein complex may affect a tumor in the very same way when mutated,
and the selective advantage provided to the tumor by one may exhaust that of any other, which
would make the genes be mutated in a mutually exclusive manner. These mechanisms can also
provide a partial explanation for the observed heterogeneity of cancer mutations. The mutual
exclusivity in driver genes has been studied using various models including [13, 14]. These
methods have later been extended to the cancer progression context, where the aim is to iden-
tify mutually exclusive driver pathways and their temporal ordering, simultaneously. In [15],
the objective is to learn a conjunctive Bayesian network with modules of mutually exclusive
genes at the nodes of the network. However, the training procedure is a heuristic algorithm
that suffers from computational complexity and scalability issues. In [16], the aim is to find a
set of linearly ordered mutually exclusive driver pathways using integer linear programming
(ILP). This method can potentially be applied in the presence of passenger mutations and on
datasets composed of tens of genes and hundreds of patients.

PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi. 1008183  October 9, 2020 2/16


https://doi.org/10.1371/journal.pcbi.1008183

PLOS COMPUTATIONAL BIOLOGY Inferring tumor progression in large datasets

In this paper, we develop a probabilistic model of mutually exclusive linearly ordered driver
pathways. We design a sampling based inference algorithm to train our model. Using an
extensive set of experiments we demonstrate our method’s superior performance and scalabil-
ity to large datasets in comparison to the ILP-based algorithm in [16]. We also analyze two bio-
logical datasets on colorectal adenocarcinoma and glioblastoma and demonstrate our superior
performance on these datasets in comparison to the ILP-based counterpart [16].

Linear progression model

In this section, we start by illustrating linear pathway progression in cancer using the example
model in Fig 1. We then introduce our probabilistic model for this process for which we subse-
quently develop sampling-based inference algorithms in the next section.

An illustration of the model

A linear pathway progression model of a specific cancer type (or sub-type) is defined as an
ordered set of several sets of driver genes. We call these sets of genes driver pathways. We refer
to the set of genes not included in the driver pathways as the set of passengers. Based on this
model, cancer starts with a mutation in one of the genes in the first driver pathway. This muta-
tion provides the harboring cells with some selective advantages and the tumor progresses to
stage 1. As time goes on, the tumor may progress to stage 2 by acquiring some mutation in one
of the genes in the second pathway adding more selective advantage to the tumor. The tumor
can continue its progression further in the same way.

Our goal is to infer the driver pathways using a set of binary vectors showing the observed
mutation status of a set of genes in various tumors. However, this task is not as simple as it
seems to be. The vast majority of genes (belonging to the set of passengers) do not play an
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Fig 1. An example of a linear pathway progression model and three tumors generated following the model. The left-hand
side gene status bars show the underlying mutational status of the genes with the red cross signs showing the driver
mutations. The right-hand side gene status bars show the observed mutation status of genes, where passenger mutations and
flip-back events make it hard to infer the true progression model from the observations.

https://doi.org/10.1371/journal.pcbi.1008183.g001
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important role in the progression of the tumor. Hence, even though they may get mutated,
these mutations are passenger mutations. Moreover, according to this model, if a pathway is
already mutated due to a mutation in one of its constituting genes, no mutation in the other
genes in the pathway can give the cells any more selective advantage. Therefore, such muta-
tions will be considered as passenger mutations as well. Working with bulk data, we have a
preprocessing step outputting the binary mutation status for each gene (1 if mutated, 0 other-
wise). As a result, some actual driver mutations may get lost because of their small cellular
prevalence for instance. We refer to these kinds of errors as flip-back events. For example, con-
sider the progression model in Fig 1. As shown in the left-hand side mutation status vectors,
tumors 1, 2, and 3 have the cancer stages of 2, 1, and 3, respectively. However, the passenger
mutations and flip-back events lead to our observations shown in the right-hand side mutation
status vectors.

Notation

Consider a set of N genes indexed from 1 to N. Let P = (D, D,, ..., D,, P) be an ordered par-
tition of the set of indices {1, . . ., N}. If each gene index is assigned to exactly one of the sets in
‘P and D, to Dy are not empty, then P is a linear pathway progression model of length L. We
refer to Dy, ..., Dy as the driver pathways and P as the set of passengers.

The observed data consist of a mutation matrix Y € {0, 1}**" for M tumors, from equally
many patients. We denote the m-th row of this matrix by Y,,,.. This is a binary vector of length
N, representing the mutation status of all genes (mutated/normal) in the m-th tumor with
Y,n¢ = 1 indicating that the gene g is mutated and Y,, , = 0 otherwise. To allow reference to the
status of only a subset of genes S C {1, .. .N} in the m-th tumor, we introduce a similar notation
Y,.s. Weuse Y% € {0,1}" to denote a latent (noise free) gene status vector, where v,.=1
indicates that gene g is a driver mutation for the m-th sample. Finally, we model the biological
noises that arise during DNA sequencing and data processing using two parameters 6, € €
[0, 1]. Specifically, e denotes probability of a passenger mutation (i.e., false positive in the point
of view of recovering the driver mutations) and & denotes flip-back probability which models
error sources such as dropout during sequencing (i.e., false negative).

Probabilistic generative process

A graphical model representation of our generative probabilistic model is shown in Fig 2. We
assume that given the pathway progression model, the tumors are independent. Hence, it suf-
fices to describe the generative model for a single tumor Y,,, m € {1, .. ., M}.

First, the latent progression stage 0, € {1, .. ., L} is sampled from a categorical distribution
with parameter a = (ay, . . ., ar), i.e, plo, =) =ayfor I € {1, ..., L}. We use a fixed o = (1/L,
..., 1/L). However, the parameter a can be arbitrarily chosen based on domain knowledge. We
can even straightforwardly extend the graphical model to have a prior distribution on @, say a
Dirichlet distribution, and infer the posterior belief on alpha given the data. For each / € {1,

.., O}, exactly one gene g € D, is mutated to construct Y?, € {0, 1}". This procedure ensures
mutual exclusivity of the genes: Y, , is a one-hot binary vector of dimension |Dj| for I € {1,

.., 0,y and a zero vector everywhere else. We refer to the subsequent sub-process acting on
Y as corruption, since without this process, the driver mutations would be easily read off
from the tumor. When generating the observed data Y,, given Y, the ones may be flipped
back to zero with probability 6. Alternatively, the zeros may turn into ones in our observed
mutation status vectors with probability e. The latter partly models technical problems such as
mapping, misalignment and so on, but in particular that in a tumor any gene may acquire
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Algorithm 1 Generative process

1: Input: o, P, €,

2: OQutput: Y

3: forme{l,...,M} do

4: Let Y, be a vector of N zeros

5: Draw o,, ~ Categorical(a)

6: for ke {1,...,0m} do

it Draw gj (uniformly) from Dy
8: Set Ym[gx] =1

9: for n=1to N do
10: if Y;,[n] == 0 then
11 Set Y, [n] = 1 with prob. €
12 else
13: Set Y, [n] = 0 with prob. §

Fig 2. Generative process and the underlying graphical model for the observed mutation matrix.

https://doi.org/10.1371/journal.pcbi.1008183.9002

passenger mutations. In particular, even a so-called driver gene that belongs to a driver path-
way in which another gene has been previously mutated may acquire a passenger mutation.
Here, since the previous mutation has already affected the corresponding biological pathway,
the mutation in the second gene does not confer any selective advantage to the tumor, and in
this sense, the second mutation is a passenger mutation. The graphical model for the genera-
tive process can be found in Fig 2. The procedure for generating synthetic data, i.e., mutated
tumor genomes based on our generative model, is also provided in Fig 2.

Methods

We desire to estimate the posterior probability distribution for a given collection of tumors as
well as to perform model selection, i.e., determine the number of driver pathways L by com-
puting the marginal likelihood given L. An algorithm for computing the likelihood constitutes
a crucial part of both these tasks.

Computing the likelihood
Algorithm 2 Calculation of the likelihood p(Y|P, o, €, )

1: for all m € {1, ..., M} do &> Calculate p(Y,|P,a,¢,0)
2: for o, € {1, ..., L} do > Calculate p(Y,,0,|P,a,¢,0)
3: R« 1

4: for s € {D,, ..., D, P} do

5: r = |Ym, sl

6: if Se{D,,..,D, } then

7: A=E1=08)e (11— +Brse(1—

8: else
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9: A=¢e(1-¢ 7"

10: R «— R'A

11: p(Y,|P,o,,€,0) =R

12: p(Y,,,0,|P, o€ d) =p(a,lo)p(Y,|P,0,,¢€d)

13:  p(Y,|P,a,€d) = Z(ijzhv(Ym7 a,|P,o,€0)
14: p(Y|P,o,€,0) = [[, p(Y,,|P, o€, 0)
Let Y={Y,:m € {1, ..., M}} be a mutation matrix for a collection of tumors,
P = (D,,D,,...,D,,P)be apathway progression model, and & be our prior distribution for
the progression stages of the tumors. Denoting the bits in Y, corresponding to pathway S by
Y,,.s, we can calculate p(Y|P, o, €, 0) using Algorithm 2. The derivation steps of the algorithm
and a faster implementation using look-up tables are presented in S1 Text.

Markov Chain Monte Carlo algorithm to train the model

In this section, we describe an MCMC algorithm to generate samples from the posterior distri-
bution of the latent quantities given the observations Y for a fixed model length L:

(P, €, 0|Y, L, o). We apply Gibbs steps to sample the progression model and the error param-
eters iteratively for T MCMC iterations:

« Initialize 7', €, &'

e Fort=1,..,T:
« Sample P' ~ n(P|L, 1,67, Y, ),
« Sample ¢ ~ 7(e|P', 6", Y, ),
o Sample §' ~ n(3|P', ¢, Y, ).

As sampling directly from the conditional posteriors is challenging, we use the Metropolis-
Hastings algorithm to sample each of these latent variables, which renders our algorithm as a
type of Metropolis-within-Gibbs sampler (see e.g., chapter 10.3.3 of [17]).

Sampling the progression model. Considering a uniform prior distribution for the pro-
gression structure given the model length L (in the space of all progression models of length
L), we have:

(Yle, 8, P, o)p(PIL)

p
Y.L =
mPle.d Yo L) = e S 1

x p(Y|e, 0, P, ) (1)

We use a Metropolis-Hasting sampler to generate progression model samples from this dis-
tribution. Our proposal function consists of two types of moves that we call gene-move and
pathway-swap (see Fig 3). We choose the type of move randomly using a Bernoulli distribu-
tion. For the case of gene-move, we select a gene uniformly at random and move it to a driver
pathway or the set of passengers with a uniform distribution. For the case of pathway-swap, we
select two driver pathways uniformly at random and swap their positions in the progression
structure. According to our experiences, these types of moves can help the model to get out of
locally optimal points, where the pathways are placed in a non-optimal order and the mutual
exclusivity and the progression conditions are acting against each other, preventing the algo-
rithm from moving towards more likely progression structures by moving one gene at a time.

PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi. 1008183  October 9, 2020 6/16


https://doi.org/10.1371/journal.pcbi.1008183

PLOS COMPUTATIONAL BIOLOGY Inferring tumor progression in large datasets

D, D, D, P
pathway-swap wove
N “'_ P D 1 D 2 D 3
Fig 3. Two types of moves we use for progression model proposal.

https://doi.org/10.1371/journal.pcbi.1008183.9003
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The acceptance ratio is given by,

e aPles Y La) qPPI [ p(Y]ed, P )
a(PP) ‘m‘“{l’nme,a,ma)xq(P*W) = min L Ve o, P )

Sampling the error parameters. The conditional distribution for € is given by,

(Y|P, a,€,0)p(e)
p(Y|P,a,9)

n(elP,Y,2,0) =2 o p(Y[P, 2. €,0)p(o) @
We use Gaussian random walk proposal, that is, we sample ¢* ~ Normal(e’, ¢2). This leads
to the following as the acceptance ratio,

a(6*|6t) _ min{17P(Y|7’,0€76*,5)}'

p(Y|P,a €', 0)

We use a similar Metropolis-Hasting sampler to sample our flip-back probability parameter
8. The variance parameters are chosen to be small, for example we use o3 = ¢ = 0.05 in our
experiments. These variance parameters can also be adaptively selected as outlined in [18].

Model selection

The MCMC sampler can be utilized for model selection. Model selection for pathway progres-
sion model involves finding a suitable value L for the number of pathways, called model length.
We assume that we have a set £ of candidate model lengths, and that we are interested in com-
puting the posterior probability of a model length L € £ given the observation. Assuming a
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uniform prior on the model length, it suffices to compute the model evidence p(Y|L). One
approach to estimate this quantity is to consider
1 1
E s = 3
pPcoy [P(Y|P7€,57L)P(675)P(7’L) p(YIL)’ ®

where the expectation can be estimated using the MCMC samples, leading to an estimate for p
(Y|L). More details on the model selection procedure can be found in S2 Text.

Synthetic data simulations

In this section, we use an extensive set of experiments on synthetic datasets to demonstrate the
accuracy and efficiency of our method and, in particular, its superior performance compared
to the earlier ILP-based approach [16]. For the synthetic data simulations, having the genera-
tive model P, we calculate a performance metric called POCO (Percentage Of Correct Order-
ing of genes). To this end, considering an inferred model P, we go over all pairs of genes and
for each pair, we check if their position with respect to each other (gene 1 before gene 2/gene 1
after gene 2/two genes in the same pathway) in P is preserved in P. POCO is the percentage of
the gene pairs with their relative position preserved. A more detailed discussion on this perfor-
mance metric can be found in S3 Text.

Experiment 1: Known driver genes

In this experiment, we have generated a set of synthetic datasets with fixed flip-back probabil-

ity 6 = 0.3, and various back-ground mutation rate € and number of patients. We have distrib-
uted 25 genes in 5 driver pathways with 4 scenarios for the pathway sizes, i.e., number of genes
in the pathways:

o uniform, where the sizes are (5, 5, 5, 5, 5),
« increasing-by-2, where the pathway sizes are (1, 3,5, 7, 9)
o decreasing-by-2, where the pathway sizes are (9, 7, 5, 3, 1)

o random, where we randomly order the genes in a row and put 4 separating borders uni-
formly at random in 24 possible spots between genes.

Fig 4 shows the experiment results. As shown in this figure, while the ILP has difficulties
with handling a large number of patients (leading to drop in its performance for large datasets
due to inability to converge), our method effectively takes advantage of the statistical power
arising from the increasing number of patients to improve its performance. This figure also
shows the robust performance of our algorithm in all background mutation rates and pathway
size scenarios compared to the ILP algorithm. Moreover, our MCMC samples can be used to
estimate the error parameters. A comprehensive analysis of our error estimate performance
can be found in S3 Text.

Experiment 2: Unknown driver genes

In this experiment, we demonstrate the effect of adding passengers to the pool of genes. To
this end, we generated datasets with 5, 25 and 100 passenger genes. For each case, we have con-
structed 10 datasets with 500 patients, flip-back probability of 0.3, background mutation rate
of 0.05 and 25 genes uniformly distributed in 5 driver pathways.

While our MCMC algorithm does not require any information on the error parameter, the
ILP algorithm requires the background mutation rate as an input to the algorithm, if we want
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Fig 4. POCO, averaged over 10 datasets, for various € values and pathway size scenarios. The flip-back probability is set to & = 0.3 in all the datasets.

https://doi.org/10.1371/journal.pcbi.1008183.9004

to allow for assigning genes to the set of passengers. We have used 3 versions of the ILP algo-
rithm with background mutation rates of 0.01, 0.05 and 0.1, to investigate the likely disruptive
effect of incorrect background mutation rate input on the ILP method. We emphasize that the
optimal background mutation rate parameter is not typically known in biological data. Hence,
having a strong dependency on this parameter is a significant drawback for the ILP-based
method.

In Fig 5, we have shown the performance of the competitors using POCO measure, driver
detection F1 score, and specific pathway detection F1 score. As shown in this table, the ILP
given the true generative background mutation rate of 0.05 performs best among the ILPs, as
expected. However, our algorithm significantly outperforms all the ILP competitors, even the
one with the extra knowledge of the true generative error parameter. More detailed results on
the detection of the genes in specific pathways can be found in S3 Text.

Experiment 3: Model length selection

In this experiment, we demonstrate our model length selection performance. To this end, we
have generated datasets using model length parameters from 2 to 9 with 50, 100, 200, 500 and
1000 patients, 25 driver genes uniformly distributed in the driver pathways, 175 passenger
genes, background mutation rate of 0.01, and flip-back probability of 0.3. We have constructed
10 datasets using each model length and used our method with model length candidates from
2 to 20.
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passengers | passengers | passengers : passengers | passengers | passengers ; passengers : passengers : passengers

MCMC | 0942 | 0936 | 0951 0974 & 0960 | 0.935 | 0916 | 0.877 | 0.868

..........................................................................................................................................................................................................................

ILP(e =0.1) | 0551 | 0.494 | 0.713 | 0.493 | 0.428 | 0.400 i 0.380 : 0.333 | 0.276

Fig 5. POCO, F1 scores for driver detection and F1 scores for specific pathway detection (averaged over pathway 1 to 5) in Experiment 2.

https://doi.org/10.1371/journal.pcbi.1008183.9005

Fig 6 shows the confusion matrices for various numbers of patients. As shown in this figure
our performance gets better as the number of patients in the dataset increases. However, we
emphasize that as shown in the POCO tables in the second column of Fig 6, even for the cases
that we have not correctly identified the model length, the genes ordering with respect to each
other is recovered up to a significant level, which is of great importance. Consider the case of
100 patients, for instance. We can see from the corresponding confusion matrix in the first col-
umn of Fig 6 that the element (6, 2) equals 4. This means that in 4 simulations with the genera-
tive model length of 6, our algorithm has mistakenly inferred the model length equal to 2.
However, looking at the corresponding element in the averaged poco matrix (in the second
column of Fig 6), we see that in these 4 simulations, our inferred model has achieved a POCO
score of 0.88 in average, which seems a quite satisfying result for such a small number of
patients.

Biological data analysis

We analyzed two large biological datasets of colorectal adenocarcinoma (COADREAD) and
glioblastoma multiforme (GBM) from IntOGen-mutations [19] and compared our algorithm
against our implementation of the ILP-based method in [16]. To this end, we first filtered out
all the silent mutations as a preprocessing step. Alongside the datasets, IntoGen has published
a list of potential driver genes for each cancer type. We call the genes in these lists the potential
driver genes and use only those genes in our input matrices for both our algorithm and the
ILP-based competitor. These input matrices can be found in Figs 7A and 8A. In these matrices,
the rows and columns represent the genes and the tumors, respectively. A black rectangle in
position (i, j) means that tumor j has a mutation in gene i. After the preprocessing steps, we
have 9465 genes and 290 patients with 24 genes in the list of potential driver genes for GBM,
and 9169 genes and 193 patients with 37 potential driver genes for COADREAD.

For each dataset, we performed model selection routines with candidate lengths from 2 to
30 and chose the best model length. The output models for both our algorithm and the ILP-
based method are shown in Figs 7 and 8. The MCMC output models shown in these figures
are consensus-like models, constructed using our samples from the posterior distributions of
the progression models. A pseudo-code description of the algorithm we used to construct our
consensus-like output models is provided in S4 Text. This algorithm takes the MCMC model
samples as input and outputs a progression model that can be considered as the average model.
We emphasize that in our analyses, the consensus-like models were pretty close to the MCMC
samples with the highest likelihoods in both datasets.
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Fig 6. Confusion matrices and averaged POCO scores of our MCMC algorithm in Experiment 3. The matrices in
the first column show the confusion matrices for simulations with various number of patients. The element (i, j) in
each one of the matrices in the first column shows the number of experiments in which the generative model length
was i and the inferred model length was j. The matrices in the second column show the averaged POCO scores of the
inferred models in each scenario. Here, the element (i, j) shows the average POCO score for the cases in which the
generative model length was i and the inferred model length was j.

https://doi.org/10.1371/journal.pcbi.1008183.9006

PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi. 1008183  October 9, 2020 11/16


https://doi.org/10.1371/journal.pcbi.1008183.g006
https://doi.org/10.1371/journal.pcbi.1008183

PLOS COMPUTATIONAL BIOLOGY

Inferring tumor progression in large datasets

A

APC
TP53
KRAS

PIK3CA
FBXW7
LRP1B
FAT4
SMAD4
TCF7L2
NRAS
ARID1A
ATM
SMAD2
CTNNB1
SOX9
ERBB3
BRAF
MTOR
EPHA3
ERBB2
PCBP1
RBM10
MAP2K4
ACVR2A
GNAS
SMARCA4
BCOR
SMAD3
TGIF1
PTEN
PTPN11
NIN
TBX3
DUSP16
MYH9
RNF6
ARID1B

00%

i ["apc | [ariD1B] | BRAF ||

10,087

100%

|

00%

{ACVR2A| ARID1A || ATM

| MYH9 || PIK3CA | TBX3 |

100%

00%

]

| FBXW7 | GNAS || KRAS |

MTOR | 100%

NIN || NRAS | PTPN11

|| smarca4 |

|

[ 87.7%

| BCOR | CTNNB1| EPHA3 |

| TCF7L2| | FBXW7 || FAT4 |

| LRP1B || MAP2K4|| PTEN ||

| SMAD2 || SOX9 || TCF7L2 |

. 0.617

|

65.1%

Fig 7. The COADREAD dataset analysis. A: The dataset representation. The genes are sorted based on their mutation frequencies. B: ILP-based

method inferred model. C: Our MCMC method inferred model.
https://doi.org/10.1371/journal.pcbi.1008183.9007

After we constructed the average model, we calculate our confidence on the pathways and
their respective position in the progression model as follows. For each pathway, we go over all
pairs of genes in the pathway. Our confidence in the pathway is the averaged percentage of our
MCMC samples with these pairs of genes in the same pathway. To calculate our confidence on
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Fig 8. The GBM dataset analysis. A: The dataset representation. The genes are sorted based on their mutation frequencies. B: ILP-based method

inferred model. C: Our MCMC method inferred model.
https://doi.org/10.1371/journal.pcbi.1008183.9008
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an arrow connecting pathway 1 to pathway 2, we go over all pairs of genes (gene;, gene,) with
gene, in pathway 1 and gene, in pathway 2. Our confidence on the arrow is the percentage of
our MCMC samples that have put gene; before gene,. We have shown these confidence met-
rics using green numbers beside the arrows and pathways in the depicted models.

To assess the performance of our algorithm against the ILP-based competitor, we define a
metric named ME (Mutual Exclusivity) score for each pair of genes, denoted by Syx:

mutation rate of g, in patients with mutated g;

(8 8) = S8 ) mutation rate of g, in all patients )

As the average ME score of the pairs of genes in the identified pathways is smaller, we have
a higher level of mutual exclusivity in the pathway, and hence a better model. We have shown
the ME scores of the pathways identified by both algorithms using red numbers inside the
depicted pathways in Figs 7 and 8. Moreover, the fraction of the tumors having at least one
mutation in each pathway is shown using the blue numbers inside the pathways. The first
driver pathway having the highest fraction of mutations and a decreasing trend afterward
implies that the progression condition holds in the inferred model.

As shown in Fig 7, our algorithm results in a progression model of length 7 for the COAD-
READ dataset. The first pathway includes APC, a tumor suppressor gene. Mutation and inacti-
vation of this gene is known to be an early event playing a key role in colorectal cancer
tumorigenesis [20]. The second pathway includes TP53, another tumor suppressor, which is
highly mutated in colorectal cancer. Mutant p53 is also shown to have an oncogenetic role in
colorectal cancer through gain-of-function mechanisms [21]. The third pathway includes
KRAS. Mutated KRAS is known to be highly associated with colorectal cancer [22]. KRAS
mutation in colorectal cancer is also known to be a subsequent event after a mutation in APC
[23], a temporal order of mutations that is recovered by our algorithm as well.

As shown in Fig 8, our algorithm inferred a progression model of length 7 for the GBM
dataset. The first pathway includes EGFR and NF1I, two genes known to be the main drivers of
the classical [24] and Mesenchymal [25] subtypes, respectively. PTEN in the second pathway is
a well-known tumor suppressor known to be involved in regulation of glioblastoma oncogene-
sis [26]. The third pathway includes TP53, another well-known tumor suppressor gene, which
is known to play an important role in various cancer types. In glioblastoma in particular, the
p53-ARF-MDM?2 pathway is reported to be deregulated in 84% of the patients and 94% of the
cell lines [27]. The fourth pathway includes two class IA PI3K subunit genes PIK3CA and
PIK3RI. Mutations in PI3K survival cascade is known to be highly associated with glioblas-
toma [28]. The genes in the fifth pathway IDHI, RBI1 and STAG2 are also known to be associ-
ated with the cancer progression in brain glioblastoma [29, 30, 31].

Comparing our results against the ILP-based method, we see that the ILP-based method
puts a lot of genes with low mutation rates in the driver pathways, while our algorithm keeps
its focus on the highly mutated genes. This happens since the ILP is trying to minimize the
number of bits that are needed to get flipped to make the dataset perfectly following the error-
less linear progression model. Hence, the ILP tends to put some not necessarily driver genes
with low mutation rates into the driver pathways, as it does not affect the ILP cost that much.
As an extreme example, if a gene is not mutated in the dataset, the model cost does not depend
on where the ILP puts the gene. Our algorithm on the other hand implicitly considers equal
importance for the genes in a pathway, which prevents us from putting less highly mutated
genes in the driver pathways. Moreover, while our MCMC samples provide us with proper
confidence metrics on the inferred models, the ILP-based method has to use bootstrapping
techniques and re-run the algorithm over and over to provide some confidence metrics.
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Discussion

We investigated the progression patterns in cancer. To this end, we developed a probabilistic
model that tries to capture the patterns of progression and mutual exclusivity among the genes
involved in cancer. We designed an efficient MCMC algorithm to make inferences on the pro-
gression model. We demonstrated the superior performance of our algorithm compared to a
previously introduced ILP-based method on a wide set of synthetic data simulations. We also
analyzed two biological datasets on colorectal cancer and glioblastoma and showed that our
inferred progression models can be better validated compared to the models suggested by the
ILP-based counterpart.
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