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ABSTRACT

mains the same within a local context. Therefore, no:
parametric scheme provides robust mutation burden significang
results for any element through permutations.

MOAT offers two methods for determining elevated mutati
burdens, the annotation-centric algorithm (MOAT-a) and the var]
ant-centric algorithm (MOAT-v), both of which involve a compat
ison of each annotation’s mutation accumulation to that of th
surrounding genome.
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In the following sections, we will describe the implementation
MOAT for parallel computer systems, which enables highly eff]
cient data size scalability. We also evaluate MOAT’s ability {
recall known noncoding cancer drivers on a collection of sever:
hundred cancer whole genomes’ variant data.

3 METHODS MORE REFS

Availability: MOAT is available at moat.gersteinlab.org

2 INTRODUCTION

throughput sequencing js to

look for genomic elements with a high accumulation of variants,

background mutation rate
the whole genome due to numerous external features,
replication timing and chromatin structure

well known that the
is highly heterogeneous across

(Lochovsky, et al., 2015).
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may change in a dynamic way across the genome. and @
usually difficult to model. Hence, our Mutations Overburdening
Annotations Tool (MOAT) relies on no assumption except that

changes slowly across the genome and approximately re-
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mutation processes. One approach is to scan the ge-
nome for elements with a high frequency of intersecting
somatic variants, or elevated mutation burdens. The
detection of significant mutation burdens is also useful
in germline variant analysis, as rare variant burdens
may indicate increased risk of genetic disease.. Here,
we introduce the Mutations Overburdening Annotations
Tool (MOAT), a new computational tool designed to
identify regions with a high mutation burden relative to
the surrounding genome in a non-parametric way.
MOAT is useful for prioritizing annotations to study in
downstream analyses, as high mutation burden anno-
tations are most likely to be driver elements in genetic
disease. We release an implementation that offers us-
ers two forms of mutation burden analysis through em-
pirical permutations, as well as serial and parallel ver-
sions of each form. We also demonstrate MOAT’s ca-
pability for finding known noncoding drivers in cancer
variant data. .
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Figure 1 For each input annotation, MOAT-a finds the number of intersect
ing vfile variants (red). The annotation’s coordinates are then shuffled to a
new location within the local genome context bounded by user-defined
parameters d_min and d_max, producing n permutations (blue). Each per-
mutation’s intersecting variant count is computed

Here we have addressed this compute intensity by taking ad-
vantage of very large-scale parallelization available on modern
GPU technology. The key realization behind this design choice is
the fact that MOAT’s most intense operations consist of a huge
number of mathematical calculations with no data dependencies
between each calculation, which plays perfectly into the strengths
of general purpose GPU pipelines. In the following sections, we
demonstrate MOAT’s parallelization schemes for both the variant-
mifieey
3.1 MOAT-a: Annotation-centric Peljmftﬁ)n v ceU

based and annotation-based permutation algorithms.

known genomic features (Fig. 2a). MOAT-v [preserves the trinu-

cleotide context of the original variant when choosing a new vari-
ant location. In other words, the new variant must have the same
nucleotide identity as the original variant, and the two neighbors of
the new variant must also have the same nucleotide identity as the
original variant’s neighbors. For example, if MOAT-v is given an
input variant that has a reference base G, and is surrounded by a T
and a C (i.e. the variant’s trinucleotide context is TGC), then
MOAT-v gathers up every position in the same bin where TGC
occurs in the reference, and selects one of these with uniform
probability (Fig. 2b). This constraint reflects the differential muta-
tion probabilities of different trinucleotides (i.e. due to biochemical
differences, some trinucleotides are more likely to be mutated than
others), and ensures that the permuted variant set does not change
the expected distribution of mutated trinucleotides. Hence, MOAT-
v preserves the mutational signature of the input variants.
MOAT-v takes a vfile and an afile as inputs, and generates

permuted dataset by subdividing the genome into blocks of a u

defined size (excluding mappability blacklist regions), and assign- '

ing each block’s variants new positions within the same block,

preserving trinucleotide context in the process. This process con-

tinues until n permutations have been generated. At this point,
MOAT-v will calculate n intersecting permuted variant counts for
each of the input annotations. A p-value for each annotation is
determined based on the fraction of the n intersecting permuted
variant counts that are equal to or greater than the count derived

variants

MOAT takes two input files: the annogation file (afile) and the
variant file (vfile). The parallel version of MOAT’s annotation-
centric permutation algorithm, MOAT-a, is a C++ program that

from the original vfil
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33  MOATsim: Simulated Somatic Variant Datasets

7 on to the main MOAT programs, we have developed a
somatic/variant simulator, MOATsim, that reflects the levels of

processing unit
workload across
Fig. 1. MOAT-a iterates through the annotations, computing the
intersecting variant count per annotation. It then defines » genomic

uses NVIDIA’s CUDA-language fo instantiate parallel graphics
@I reads, and divides the computational

N«%ycmmw covariates that directly influence the background
reads. MOAT-a’s steps are illustrated in ?

mutation rate. It is based off the variant permutation step in
MOAT-v, but also incorporates bigWig signal files in its determi-

nation of permuted variant locations. Before working with the

block with pser-defined boundaries centered pon the current input

actual variant data, MOATSsim imports the covariate data, and

annotation, and randomly moves the annotation within this block.

MOAT-a will find the variant counts from the vfile that intersect
each of the random bins, which are compared to the input annota-
tion’s variant count. The input annotation’s p-value is defined as
the fraction of bins with a variant count equal to or greater than the
input annotation’s variant count,,

(a) annotation

Deleted: Initial prototypes of the parallel version of
MOAT-v used the Nvidia CUDA framework, but the neces-
sity of loading the reference genome sequence to preserve
trinucleotide context in the permutation step resulted in pro-
hibitive memory requirements with respect to the available
GPU video RAM. As a result, MOAT-v was instead written
to parallelize its workflow across multi-core CPUs using the
OpenMPI framework (Gabriel, et al., 2004). Under this ar-
rangement, a single CPU core is designated to run the "mas-
ter" process, and is responsible for dividing up the overall
work and distributing it to the "worker" processes, which run
on the remaining cores.

Deleted: (Nickolls, et al., 2008)
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Jn the GPU version, the input variants and annotations are copied

to the vidleo RAM (VRAM). making the data accessible to the
GPU’s threads. The annotations are divided among the threads,
and each thread iterates through its subset of annotations, finding
the observed variant count for each annotation, computing the
permuted locations, and calculating the permuted variant counts.
T'he permuted annotation locations are temporarily stored to calcu-
late the variant counts and derive the annotation’s p-value, after
which the memory is freed for the next annotation. Only the p-
values are persistently stored. which controls MOAT-a’s usage of
VRAM —a far more limited resource compared to main memory.
T'he p-values are then copied back to main memory for generating
the program’s output.

3.2 MOAT-v: Variant-centric Permutation

MOAT-v’s variant-centric permutation algorithm creates permuted

(b) Original location

CTT( CeAG'I'I'Cf GACCTCCTGTGAATATCCCTTCCCCT C/:AC'I'I'GACQATC

* = possible new locations
Figure 2 (a) In MOAT-v, the variant locations are permuted within the
local genome context. The whole genome is divided into bins of a user-
defined size, and variants are moved to new coordinates within the same
bin, preserving the local mutation context. As with MOAT-a, n permuta

tions are produced. (b) To reflect the influence of nucleotide identity on

datasets by assigning new coordinates to each variant within a
local genome region to account for the covariate effects from

mutation Tikelihood, MOAT-v ensures that variants are moved to locations

with the same trinucleotide context.
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adaptable to parallel execution, so MOAT-a breaks up the
overall computation into many separate, independent units of
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4 RESULTS
41 MOAT-a

Table 1. Speed benchmark of MOAT-a with respect to the number of
input annotations,
time involved 1000 permuted variant
datasets,
For
large datasets, the GPU substantially outperforms the CPU ver-

sion

speedup
~14,000 1.01x
~130,000, 1.34x
~3,000,0 6.26x
00

We demonstrate the magnitude of the CUDA speedup by evaluat-
ing the running time of MOAT-a on datasets of various sizes, We
took a dataset of whole genome variant calls that in-
cludes 507 cancer genomes of various types from (Alexandrov, et
al., 2013), and 100 stomach cancer genomes from (Wang, et al.,
2014), totaling ~8 million variants. We used 3 different annotation
sets input fo demonstrate MOAT-a’s scalability. We tested
MOAT-a’s running time on these 3 annotation sets with the num-
ber of random bins n = 1000, (Table 1 It is clear that
when scaling up to very large datasets, the CPU version’s runtime
increases considerably, while the GPU version’s runtime rises very
gradually

Due to the relative lack of verified noncoding regulatory ele-
ments associated with cancer, it is difficult to assess the accuracy
of predictions. Nevertheless, we demonstrate

usefulness for finding elevated mutation burdens in genomic

clements by identifying highly mutated GENCODE transcription
start sites, promoters, and , using the aforementioned
pancancer variant dataset. TERT, which has well-documented
cancer-associated promoter mutations (Vinagre, et al., 2013), was
found to have two TSSes with significant mutation burden (both
had BH-corrected p-values of zero). Other well-known cancer-
associated TSS sites, including TP53

42 MOAT-v

Using the same set of cancer variants used in the MOAT-a tests,
parallel MOAT-v’s running time was evaluated across multip!
CPU configurations to demonstrate the performance gains of tl
OpenMPI implementation. MOAT-v in OpenMPI is set up to r
one master process on one of the available CPU cores, and use tl
rest for worker processes. Hence, the program must be run with
cores to get two cores to process the work simultaneously, 4 corgs
to get three cores to process the work simultaneously, etc. Table
represents the running time improvement relative to t
number of workers added. This improvement scales close to linear
with the number of workers, indicating that the load balancing
between each CPU core is very evenly divided, enabling signifi-
cant time savings when MOAT-v is run in parallel.

Tesults—the

AT=v produced comparable
same known cancer-associated TSSes flagged as significant in

MOAT-a were also flagged in MOAT-v Gd

5 DISCUSSION VvV

Identification of genomic elements with a high mutation burden is
useful for narrowing down the exact site of functional disruptiol

We introduce Mutations Overburdening Annotations Togl
(MOAT), a new software tool to facilitate such analyses. Wi
demonstrate - the --usefulnessof - this-tool for - flagging - putativie

noncoding cancer drivers; and provide CUDA- and OpenMP}-
accelerated versions that dramatically increase the speed of muta-
tion burden analysis. Given the demand for efficient, meaningful
analysis of genome sequence data that is now being produced at

very high rate; we consider MOAT’s provision-of such-analysis ch

netic diseace drivers auite timelv

genetic disease drivers quite timely-

Funding: This work was supported by the National Institutes of
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respect to the number of CPU cores assigned worker pro-
cesses. Each time trial involved using MOAT-v to generate
one permuted variant dataset using ~8 million input variants,
and 1,000,000-bp bins.
Running time
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. By modeling the factors that influence the stochastic mutation rate, the elements that are more mutated than expected under the
background model can be determined.
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Figure 2 (a) In MOAT-v, the variant locations are permuted within the
local genome context. The whole genome is divided into bins of a user-
defined size, and variants are moved to new coordinates within the same
bin, preserving the local mutation context. As with MOAT-a, n permuta-
tions are produced. (b) To reflect the influence of nucleotide identity on
mutation likelihood, MOAT-v ensures that variants are moved to locations

with the same trinucleotide context.
(a) annotation
l 1 1 1 1 Il Il 1
— 1 } _ | — 1

permuted variants

(b) Original location
CTTC/;}AGTTCTGACCTCCTGTC@ATATCCCTFCCCCTC/;}ACTFGAC/;\ATC

* = possible new locations

A typical MOAT-a run involves an annotation count on the order of ~10° at a minimum, each of which are permuted 1000
times. Hence, the overall computation involves millions—or even billions —of permutation and intersection calculations, which
take an inordinate amount of time to complete. However, this computation is very easily adaptable to parallel execution, so
MOAT-a breaks up the overall computation into many separate, independent units of computation.

MOAT-a’s speed can be further improved by taking advantage of the thousands of parallel stream processors available on
modern graphics processing units (GPUs). GPUs are designed for efficiently processing 3D graphics calculations, which largely
consist of numerous matrix operations with relatively low memory usage Due to the limited amount of vidleo RAM (VRAM)
available on GPUs, MOAT-a’s GPU version was planned to use GPU acceleration only for the most compute intense step. This is
the permutation step, where new annotation locations are determined in the local genome surrounding each annotation. The anno-
tation coordinates are copied to VRAM, and one permutation per annotation is calculated in parallel. The coordinates for the
permuted annotations are copied back to main memory for the fast intersection step. This permutation/intersection loop is per-
formed n times (the user-defined total number of permutations), after which p-values are calculated using the observed variant
counts and the permuted variant counts (Fig. 1).
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Table 2. Speed benchmark of MOAT-v with respect to the number of CPU cores assigned worker processes. Each time trial involved using
MOAT-v to generate one permuted variant dataset using ~8 million input variants, and 1,000,000-bp bins.

# of worker CPU cores Running time Fold speedup

1 3hr44min 1.00x

2 1hr54min 1.97x

4 1hr4min 3.50x

8 40min 5.60x
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