UPC++ for Bioinformatics: A Case Study Using
Genome-Wide Association Studies

Jan C. Kissens*, Jorge Gonzélez-Dominguez!, Lars Wienbrandt*, Bertil Schmidt

*Department of Computer Science, Christian-Albrechts-University of Kiel
TParallel and Distributed Architectures Group, Johannes Gutenberg University-Mainz

Abstract—Modern genotyping technologies are able to obtain
up to a few million genetic markers (such as SNPs) of an
individual within a few minutes of time. Detecting epistasis,
such as SNP-SNP interactions, in Genome-Wide Association
Studies is an important but time-consuming operation since
statistical computations have to be performed for each pair of
measured markers. Therefore, a variety of HPC architectures
have been used to accelerate these studies. In this work we
present a parallel approach for multi-core clusters, which is
implemented with UPC++ and takes advantage of the features
available in the Partitioned Global Address Space and Object
Oriented Programming models. Our solution is based on a well-
known regression model (used by the popular BOOST tool)
to test SNP-pairs interactions. Experimental results show that
UPC++ is suitable for parallelizing data-intensive bioinformatics
applications on clusters. For instance, it reduces the time to
analyze a real-world dataset with more than 500,000 SNPs and
5,000 individuals from several days when using a single core to
less than one minute using 512 nodes (12,288 cores) of a Cray
XC30 supercomputer.

Index Terms—PGAS, UPC++, GWAS, Bioinformatics

I. INTRODUCTION

High-throughput genotyping technologies allow the col-
lection of hundreds of thousands to a few million genetic
markers, such as Single Nucleotide Polymorphisms (SNPs),
from individual DNA samples. In Genome-Wide Association
Studies (GWAS), these genotypes are typically measured
for several thousand individuals and then linked to a given
phenotype of each individual, such as the presence (case)
or absence (control) of an associated disease. In classical
GWAS each genetic marker is analyzed separately in order to
identify markers showing significant differences in genotype
frequencies between cases and controls. Unfortunately, this
approach is generally not powerful enough to model complex
traits for which the detection of joint genetic effects (epistasis)
needs to be considered [1], [2], [3]. In (2-way) statistical
epistasis each pair of measured markers is therefore tested
in order to discover significant interactions that explain the
given phenotype. Consequently, a number of algorithms have
been developed to address the problem of detecting epistasis
in recent years [4], [5], [6]. The main goal of these approaches
is to find pairs of SNPs whose joint values show a statistically
significant difference between cases and controls and thus
they provide a list with pairs that could explain a substantial
proportion of genetic variation leading to disease.

Computing epistasis is highly time-consuming due to the
large number of pairwise tests to be calculated. For example,
even for a moderately-sized dataset consisting of 500,000
SNPs there are about 125 billion pairwise interaction tests to
be performed. Since both the availability and size of GWAS
datasets are increasing rapidly, finding faster solutions is of
high importance to research in this area. Thus, recent publi-
cations have addressed this problem by using dedicated High
Performance Computing (HPC) hardware such as GPUs [7],
[8], [9] and FPGAs [10]. In this work we provide a parallel
tool to perform GWAS on multi-core clusters based on
regression models. Our approach is based on Unified Parallel
C++ (UPC++) [11], a new extension to C++ that combines the
advantages of both Partitioned Global Address Space (PGAS)
and the Object Oriented Programming (OOP) paradigms.

The paper is organized as follows. Section II reviews some
related work. Necessary background information is provided
in Section III (e.g. the characteristics of the UPC++ language
and the statistical test applied in the GWAS analyses). Our
parallelization approach, as well as the employed optimization
techniques, are described in Section IV. Experimental evalu-
ations are presented in Section V. Section VI concludes the

paper.
II. RELATED WORK

The development of tools to find epistasis has attracted
extensive research interests. Among them, statistical regression
methods are very popular to perform GWAS [12], [13],
[14]. Other approaches are based on ROC curves [8] or
the dependency difference [9]. All these methods calculate
computationally expensive measurements for all the SNP-pairs
in order to evaluate if they show epistasis.

Many recent approaches are filtration-based; i.e. they first
apply a computationally faster filter and subsequently perform
the full statistical analysis only to the SNP-pairs not discarded
by the preliminary filter. For instance, SNPHarvester [15] uses
path algorithms to identify several groups of SNPs associated
to the same disease. Then, it applies the statistical method
only to the pairs generated within each group. SNPRuler [16]
narrows the search space through a learning approach based
on predictive rule learning. SIXPAC [17] utilizes a novel
randomization technique to minimize the number of tests.
BOOST [18] introduces the Kirkwood Superposition Approx-
imation (KSA) as preliminary filter. The authors prove that



it is an upper bound for the regression model. Motivated by
its high precision and high speed, we have based our UPC++
parallelization on the BOOST approach. Moreover, this tool
is widely used in biomedical research to perform their GWAS
analyses (see for instance [19], [20], [21]). Furthermore,
statistical filters and methods of different tools could also be
applied in our UPC++ implementation by merely changing
the internal statistical tests, and without modifying the data
distribution, optimization techniques or other features related
to the parallel implementation.

Previous approaches to accelerate GWAS have been based
on a variety of HPC architectures. GBOOST, a CUDA imple-
mentation of BOOST, was presented in [7]. GWIS [8], which
is based on ROC curves, and iLOCi [9], which is based on
dependency differences, also provide GPU implementations.
An FPGA implementation of iLOCi was further presented
in [10]. Earlier GWAS parallelizations on HPC clusters us-
ing Message Passing Interface (MPI) were developed [22],
[23]. However, up to our knowledge, HPC cluster imple-
mentations of modern tools to look for epistasis based on
the PGAS paradigm do not exist yet.

We have used UPC++ [11], an extension of C++ for
parallel computing, which has evolved from Unified Parallel
C (UPC) [24], [25]. PGAS languages (such as UPC, Co-
Array Fortran [26] or Titanium [27]) are easier to use than
message passing counterparts [28], [29] and can also obtain
better performance than them thanks to the one-sided commu-
nication [30], [31], [32]. UPC++ combines these advantages of
the PGAS model and the OOP paradigm. Due to the novelty,
this is also the first work that studies the suitability of UPC++
for parallelizing a big data bioinformatics application.

III. BACKGROUND

The goal of parallelized 2-way GWAS tools is the exploita-
tion of HPC facilities in order to accelerate the detection of
epistasis. They work with datasets that contain information
about biallelic genetic markers measured from a large cohort
of individuals. Major alleles are denoted with capital letters
and minor alleles with lowercase letters. Therefore, for each
SNP there are three genotypes { AA,Aa,aa}, which are numer-
ically represented as {0,1,2}. Each individual is characterized
as case or control, depending on the presence or absence of
an associated disease.

Two SNPs present epistasis (or interaction) if their com-
bination leads to significantly higher discrimination between
cases and controls in comparison to using any of these two
SNPs individually.

A. Contingency Tables, Log-Linear Models and KSA Filter

The number of SNPs and individuals are denoted as M and
N, respectively. The individuals are categorized as cases (value
0) and controls (value 1). The filters that identify which SNP-
pairs show interaction use a 3x3x2 contingency table per pair.
As seen in the example of Table I, each cell < i, j, k > stores
the count of individuals categorized as k (case or control)
with the value of the first SNP as ¢, and the second SNP as

7. We can also fill the contingency table with probabilities:
Tijk = TL”k/N

Table I
EXAMPLE OF CONTINGENCY TABLE

Cases SNP2=0 SNP2=1 SNP2=2
SNP1=0 1000 1010 1020
SNP1=1 n100 n110 n120
SNP1=2 N200 n210 n220
Controls SNP2=0 SNP2=1 SNP2=2
SNP1=0 1001 no11 np21
SNP1=1 n101 n111 ni121
SNP1=2 n201 n211 ng21

As explained in Section II, we use the same tests as in
BOOST [18], where Wan et al. prove that the search for
interaction with regression models can be simplified using
log-linear models. They translate our definition of epistasis
to the perspective of the log-linear models as the information
contained in the joint distribution but not in its lower-order
factorization. This definition leads to measure interaction as
Ls — Ly, where Lg and Ly represent the maximum log-
likelihood of the saturated and the homogeneous association
models, respectively. It can be calculated from the values of
the contingency table as:

(2]

ik Dijk

where 7, is the joint distribution obtained under the saturated
model and p;;; the distribution obtained under the homoge-
neous association model. They establish that all pairs with log-
linear measure higher than certain threshold THRES show
epistasis. Although this log-linear model is affordable, it still
requires a lot of computation as p;;; has to be computed by
iterative methods. This is the reason why BOOST applies a
simpler filter based on the Kirkwood Superposition Approxi-
mation (KSA). The authors proved the following upper bound:

Ls—Ly < Ls— Lgsa
~ ~ R ﬁ-k)
Ls — Lgsa = NZ lﬂijkl()g ( 7 )1
ijk Pijk
ke 17357 kT ke
Dijk —
N T Tk
B Tif T kT ik
K Z 3. T5.T. k

ijk

The equations above show that the KSA value can be
directly calculated from the cells of the contingency table
without iterative methods. Therefore, BOOST accelerates its
analysis using the KSA filter (ﬁs —L KsA). From now, we
call the value of ﬁs —L K sA for a specific SNP-pair its “KSA
value”. As the KSA value is an upper bound of the log-linear
measure, we calculate it for all SNP-pairs and discard those
with a KSA value lower than TH RES. Finally, we only apply
the log-linear filter to the remaining pairs. For simplicity, we
refer to [18] to find the proofs and further explanation of the
KSA and log-linear filters.



B. The Memory Model in UPC++

The execution model of UPC++ is Single Program Multiple
Data (SPMD). As this language is able to work on both
shared-memory and distributed-memory systems, each inde-
pendent execution unit (from now, UPC++ process) can be
implemented as an OS process or a POSIX thread (Pthread).
UPC++ takes advantage of C++ language features, such as
templates, object-oriented design, operator overloading, and
lambda functions (in C++ 11) to provide advanced PGAS
features.

As all PGAS languages, UPC++ exposes a global shared
address space to the user which is logically divided among
processes, so each process is associated or presents affinity
to a different part of the shared memory. Moreover, UPC++
also provides a private memory space per process for local
computations, as shown in Figure 1. Therefore, each process
has access to both its private memory and to the whole global
memory space (even the parts that do not present affinity to it)
with read/write functions. This memory specification combines
the advantages of both shared and distributed programming
models. On the one hand, the global shared memory space
facilitates the development of parallel codes, allowing all
processes to directly read and write remote data without
explicitly notifying the owner. On the other hand, performance
can be increased by taking data affinity into account. Typically,
accesses to remote data are more expensive than the accesses
to local data (i.e. accesses to private memory and to shared

memory with affinity to the process).

Private Private Private
Mem 1 Mem?2 | “TTTTTTC Mem P
Affinity to : Affinity to Affinity to
Proc 1 Proc2 { T Proc P
SHARED MEMORY SPACE

Figure 1. UPC++ memory model

As an extension of the C++ language, UPC++ provides
functionality to access memory through pointers. Firstly, reg-
ular C++ pointers can access local memory (either private
memory or the part of the global memory with affinity to
the process). Secondly, UPC++ provides a novel generic
global_ptr type to reference shared objects in the global
address space. A global pointer encapsulates both the process
ID and the local address of the shared object referenced by the
pointer. Operator overloading is used to provide the semantics
of pointers in the global address space. Finally, global pointers
can be casted to regular C++ pointers, which then point to the
local address of the shared object.

IV. UPC++ IMPLEMENTATION OF OUR GWAS TooL

Due to the symmetry of the tests, only M (M — 1)/2 SNP-
pairs have to be analyzed in a GWAS. In our parallel im-
plementation, each process calculates contingency tables and
performs KSA and log-linear tests (explained in Section III-A)
to the SNP-pairs assigned to it. Then, it outputs a subset
of pairs that pass the log-linear filter. Large-scale GWAS
datasets (consisting typically of around 5SM SNPs and around
100,000 individuals) often exceed the main memory capacity
of an individual compute node. Thus, we have designed the
following partitioning scheme. In order to balance the memory
usage per node, the biallelic information of the SNPs is
distributed among the processes in a block-cyclic way, where
the user can specify the number of blocks per process. This
biallelic information is stored in shared memory so it can be
directly accessed by all processes. For a single SNP, the values
for all the individuals have affinity to the same process. As
the information is distributed, the UPC++ processes may need
information stored in remote memory to analyze whether the
SNP-pairs associated to them present interaction. We focus
on balancing the workload and minimizing the number of
copies from remote memory in order to reduce communication
overhead.
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Figure 2. Example of SNP-pairs distribution using 3 processes and 2 blocks
per process. Only SNP pairs below the dashed line have to be considered.

Figure 2 illustrates which SNP-pairs are studied by each
UPC++ process in an example with 3 processes where the
biallelic data is distributed using 2 blocks per process (6
blocks in total). If the cell (i,7) in the matrix is associated
to process p, it means that p analyzes the pair formed by
the SNPs ¢ and j. In this example there are 21 “metablocks”
of SNP-pairs, and each process studies 7 of them. In order
to compute the pairs contained in the metablocks just below
the diagonal (from now “diagonal-metablocks™), only one
block of information is necessary. The distribution assures
that the process associated to that diagonal-block is the one
that has affinity to the necessary biallelic information (e.g.
Process 0 computes the first and the fourth diagonal-metablock
in the example of Figure 2). Nevertheless, two blocks of
information are necessary in order to analyze the SNP-pairs of
the other metablocks. The distribution assures that metablocks
are computed by processes that already have, at least, one
of the necessary information blocks in their local shared
memory. Therefore, in the worst case, only one block of
information must be copied from remote memory (for instance,
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Figure 3. Procedure within each UPC++ process.

in Figure 2, Process 0 always computes metablocks that are
in the first or fourth row/column). Note that this distribution
perfectly balances the workload (same number of metablocks
per process) if the number of processes is odd. Otherwise,
half of the processes have to analyze one additional metablock.
However, this unbalance is not significant for a large number of
processes. Other distributions are conceivable. In general,
any employed distribution needs to fulfill the condition
that each process computes metablocks where at least one
of the blocks with biallelic information is allocated in its
local memory.

The flowchart in Figure 3 summarizes the behavior of each
UPC++ process: for each associated metablock, the process
initially gets one biallelic information block from remote
memory if necessary (if the metablock is not diagonal) and
then searches for epistasis in all the SNP-pairs within the
metablock. Thanks to the shared global memory space and the
one-sided communication available in the PGAS languages,
the remote copies can be performed without synchronization
with the owner. Note that the implementation is flexible

enough to vary the statistical tests that determine if the SNP-
pairs present epistatic interaction.

A. UPC++ Optimization Techniques

In order to increase the efficiency of the UPC++ paral-
lelization, a set of optimization techniques have been applied,
mostly focused on minimizing the communication cost:

o Data locality optimization. As previously explained, the
workload distribution guarantees that, at least, one of the
blocks with biallelic information used to compute each
metablock does not need to be transferred from remote
memory. Thereforel think the paper could be made a little
stronger with some more discussion of why UPC++ was
chosen as a language. As far as I can tell no use of any
features not in UPC was made, or maybe I am mistaken
(7). Also, so discussion as to why a PGAS language
and not MPI would be appreciated. What is it about the
global address space that helps here ?, remote accesses
are minimized and the overhead due to communication
among processes reduced.

e Overlapping of computation and communication with
asynchronous copies. Before starting to search for epista-
sis within a metablock, each process initializes the remote
copies that will be necessary for the next metablock. As
these copies are asynchronously performed, computation
and communication can overlap.

o Aggregation of remote shared memory accesses. As mod-
ern networks usually move a large chunk of data more
efficiently than smaller pieces, the processes get data from
remote shared memory through bulk copies, using the
async_copy function provided by UPC++ [11].

¢ Space privatization. As explained in Section III-B, global
pointers save information about both the process ID and
the local address. Consequently, updating the position of
a global pointer requires updating both fields and thus it
is slower than working with regular C++ pointers. When
dealing with shared data with affinity to the local process
the accesses are performed through regular C++ pointers
after a cast from a global UPC++ pointer.

B. Pthreads Parallelization for Multi-Core Nodes

Increasing the number of UPC++ processes also increases
the number of information blocks and metablocks and thus,
more communication must be carried out. On multi-core clus-
ters, instead of using one process per core, parallel programs
can exploit the shared memory within the nodes for a multi-
threaded computation. We provide a hybrid UPC++/Pthreads
parallelization which is flexible enough to allow the users to
choose the number of UPC++ processes and Pthreads per
node. This hybrid approach has been successfully applied
for parallel numerical routines merging UPC either with
OpenMP [28] or Pthreads [33].

The hybrid implementation uses the same data distribution
among UPC++ processes. The only difference is that each
process generates 1 Pthreads to compute each metablock.
Each Pthread calculates the contingency table and carries



Table II
CHARACTERISTICS OF THE COMPUTER PLATFORMS USED IN THE TESTS.

Pluton Edison
Processor Intel Xeon E5-2660 Sandy Bridge  Intel Xeon E5-4603 Ivy Bridge
Clock rate 2.20 GHz 2.4 GHz
Number of nodes 16 5,576
Processors per node 2 2
Cores per node 16 24

L1 cache 32 KB (private) 32 KB (private)
L2 cache 256 KB (private) 256 KB (private)
L3 cache 20 MB (shared per processor) 30 MB (shared per processor)
Memory per node 64 GB 64 GB
Interconnect InfiniBand FDR Cray Aries
Table III
CHARACTERISTICS OF THE DATASETS USED IN THE TESTS.
sim1 sim2 sim3 WTCCCIbd
Real data? No No No Yes
Number of SNPs 10,000 25,000 50,000 500,568
Number of cases 800 1,600 1,600 2,005
Number of controls 800 1,600 1,600 3,004
Seq. time Pluton 2m 19 m lh15m > 6 days
Seq. time Edison 1m 10 m 41 m > 3 days

out the KSA and, if necessary, the log linear tests for each
SNP-pairs within the same metablock. Two SNP-pair distribu-
tion schemes within the metablocks have been implemented.
Thanks to using the inheritance and polymorphism available
in OOP languages, the distribution scheme can be selected
during execution time through one parameter.

« Static distribution. The SNP-pairs are initially distributed

among the Pthreads, such that each one searches for
epistasis on the pairs associated to it. The current imple-
mentation uses the block distribution for the SNP-pairs.
Nevertheless, block-cyclic and cyclic should obtain the
same performance. The main drawback of this approach
is the unbalanced workload: analyzing SNP-pairs that
need to calculate the log-linear test is more expensive
than analyzing pairs already discarded by the KSA filter.
Therefore, those cores that process a higher percentage
of SNP-pairs that do not pass the KSA test are idle while
other threads still work.
Dynamic distribution. The SNP-pairs are not initially
associated to any Pthread. Each Pthread starts analyzing
all the pairs that contain a certain SNP and, once they
finish, they process the pairs for the next SNP that has
not been studied yet. In this case the workload adapts to
the complexity of each SNP-pair. However, we need a
variable that records which is the next SNP to compute.
Accesses to this variable must be synchronized with
a semaphore or mutex, which might lead to runtime
overhead.

As previously explained, the main advantage of using
Pthreads for the intra-node computation is the reduction of the
number of UPC++ processes and thus the amount of communi-
cation. Additionally, less UPC++ processes lead to less context
switching overhead. Nevertheless, all cores associated to the
Pthreads must be synchronized at the end of the metablock
computation, which delays the program. The experimental

evaluation in the next section will provide an insight to the
scenarios where using Pthreads is recommendable and which
distribution yields the best scalability.

V. EXPERIMENTAL EVALUATION

Two platforms, with different characteristics (see details in
Table II), are used for evaluating the scalability of our UPC++
GWAS implementation and for analyzing the impact of the
implementation decisions on performance:

e Pluton. This system, installed at the Computer Architec-
ture Group at the University of A Corufia [34], consists
of 16 nodes, each of them with 2 octa-core Intel Xeon
E5-2660 processors (16 cores at 2.20 Ghz per node) and
64 GB of memory. The compute nodes are interconnected
by a fast InfiniBand FDR network (56 Gbps of theoretical
bandwidth).

o Edison. This supercomputer is a novel Cray XC30 system
with 133,824 compute cores and 357 TB of total mem-
ory installed at the National Energy Research Scientific
Computing Center (NERSC) [35]. Each Cray XC30 node
has 24 cores, grouped by 12 in 2 processors. Inter-
node communication is performed through the custom
Cray Aries Network, which is a high-bandwidth and low-
latency interconnect with Dragonfly topology and hard-
ware Remote Direct Memory Access (RDMA) support.

Three datasets of biallelic information with different number
of SNPs and individuals have been simulated in order to
evaluate the performance. Additionally, we also used one real-
world dataset obtained from the WTCCC project [36], which
contains information with 2,005 cases of bipolar disorder
disease and 3,004 controls. Table III summarizes the char-
acteristics of the datasets, including the sequential time (using
only one core) to perform the GWAS analysis with the KSA
and log-linear tests on Pluton and Edison.



All the graphs in this section will use parallel efficiency as
the measure to determine the performance of the application.
It represents the percentage of the resources that are actually
exploited during the parallel execution. Let C' be the number
of cores used in the experiment, T, and T, the sequential and

parallel time, respectively. Efficiency is defined as: %

A. Best Approach for Intra-Node Parallelization
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Figure 4. Evaluation of the data distributions schemes for the Pthreads intra-
node parallelization.

Firstly, we evaluate which configuration for our application
better exploits the internal resources of the nodes. The graphs
in Figure 4 compare the performance of the two Pthreads
distribution schemes explained in Section IV-B (static and
dynamic) on both experimental platforms when using only one
UPC++ process and, thus, parallelizing only with Pthreads.
As only the cores within one process with shared memory
are used (8 or 12 for Pluton or Edison, respectively), only the
smallest dataset (sim1) is tested. The experimental results show
that the static distribution yields slightly better performance.
Although the workload might be unbalanced if some Pthreads
analyze more SNP-pairs that pass the KSA filter, the impact
of this unbalance on performance is less significant than the
synchronizations needed in the dynamic distribution to keep
trace of the not analyzed SNP-pairs.

However, the scalability is not high even for the static
distribution as all Pthreads must be synchronized when each
metablock is computed. Therefore, we have analyzed whether
using Pthreads for intra-node computation is efficient. Several
configurations with variable number of UPC++ processes,
number of Pthreads per process, number of blocks per process
and datasets have been executed for this purpose. The graphs
of Figure 5 compare the efficiency of our parallel GWAS when

varying the ratio of UPC++ processes/Pthreads for the sim2
and sim3 datasets. Each line represents a different number
of Pthreads per UPC++ process using the static SNP-pair
distribution scheme (the one with the highest efficiency). In
order to use the same number of cores (C') for each line and
provide a fair comparison, only C/T UPC++ processes are
launched when using T Pthreads. For simplicity, the graphs
only show the results for the best number of blocks per process
on each scenario (the influence of this parameter will be
studied in the next subsection) and using at least one whole
node. For Edison only results up to a representative number
of nodes (64) are obtained. This number of nodes is enough
to understand the influence of the number of Pthreads on the
efficiency. All the 256 cores are used on Pluton.

Three of the four studied scenarios obtain the best results
by mapping one UPC++ process to each core, and thus
avoiding the overhead of creating and synchronizing Pthreads.
Furthermore, the efficiency of this UPC++-only approach is
very high for these three scenarios: over 80% on Pluton for
both datasets and on Edison with sim3 for any number of
cores, even though the execution times are sometimes quite
short (e.g. only 2 seconds for 1536 cores).

Nevertheless, the comparison results on Edison with sim2
depend on the number of cores. Up to 48 cores, using Pthreads
is less efficient than UPC++-only. From 96 to 768 cores,
a small number of Pthreads is more efficient. For 1,536
cores, the best performance is obtained with only one UPC++
process per processor, filling the cores with Pthreads. In these
cases the hybrid UPC++/Pthreads approach obtains better
efficiency because the execution times are short (note from
Table III that sequential computation on Edison is faster than
on Pluton). Consequently, the usage of many UPC++ process
leads to many copies of small size, significantly increasing the
communication overhead.

Therefore, we can conclude that the efficiency is improved
by mixing UPC++ and Pthreads when the GWAS is executed
on a strong scaling scenario (many cores and not very large
datasets). Otherwise, one UPC++ process per core should be
used.

B. Influence of the Number of Blocks per Process

Figure 6 illustrates the evolution of the efficiency depending
on the number of blocks per process used in the distribution,
which is a configurable parameter in our implementation. Only
experimental results for the best ratio of UPC++ processes
to Pthreads are shown for each scenario. Furthermore, only
measurements for 1, 2 and 4 blocks per process are shown,
since dividing the information in more than 4 blocks per
process always decreases performance. The results indicate
two trends. Firstly, the usage of only one block per process is
more efficient for a large number of cores (more than 192 cores
on Edison). For such a number of cores we must avoid gen-
erating more blocks that would be copied from all processes,
increasing the communication overhead. Anyway, as expected,
the influence of this overhead is less significant for larger
datasets (sim3). Secondly, the division of the computation in 2
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Figure 6. Efficiency of the parallel GWAS varying the number of blocks per UPC++ process.

or 4 blocks per process is more efficient for a moderate number
of cores, although the improvement is not very significant.

C. Comparison with Other Parallel Architectures

Finally, we compare the execution time of the UPC++
GWAS implementation to GBOOST [7], a CUDA version that
applies the same statistical filters in order to search for epistatic
interactions (explained in Section III-A) on GPUs. Table IV,
shows some representative results for the WICCCIbd dataset,

with about 500,000 SNPs from about 5,000 real samples.
Note from Table III that even for this medium-size dataset
the sequential GWAS analysis needs more than 6 and 3 days
on Pluton and Edison, respectively.

Regarding the GPUs, a NVIDIA GTX 750Ti analyzes all
the SNP-pairs in slightly more than 2.5 hours, while the
high-end GTX Titan only needs about 1 hour. Nevertheless,
the UPC++ version significantly outperforms these, even on
the relatively small Pluton cluster. Executing on a large and



Table IV
PERFORMANCE COMPARISON ON DIFFERENT PARALLEL PLATFORMS
WHEN LOOKING FOR EPISTASIS IN THE WTCCCIbd DATASET.

Platform Time
Edison (12288 cores) 45s
Edison (1536 cores) 5m
Pluton (256 cores) 45 m
NVIDIA GTX Titan 1h 01 m
NVIDIA GTX 750Ti 2h 4l m

modern supercomputer like Edison, we do not need to ask for
all the resources in order to analyze the dataset in a very short
period of time: we need 5 minutes when using 1536 cores
and less than one minute on 12,288 cores. This performance
comparison has been carried out with the WTCCC dataset
since it is the largest publicly available dataset to download.
However, even a more significant difference between the
UPC++ and the CUDA execution time can be expected for
larger-scale datasets (typically consisting of around 5SM SNPs
and 100,000 individuals). For those datasets we could use
additional resources on Edison or other large supercomputers
to run the UPC++ version in only a few minutes.

VI. CONCLUSIONS

Recent advances in high-throughput genotyping technolo-
gies establish the need for fast implementations of statistical
epistasis in GWAS. Recent work has shown how GPUs and
FPGAs can be used to speed up such methods. In this article
we provide an implementation for multi-core clusters and we
demonstrate that these studies can be accelerated using this
type of platforms. The parallel GWAS has been implemented
using UPC++, a new PGAS extension of C++, in order to take
advantage of the strengths of the PGAS model (e.g. one-sided
communication or direct access to remote data) and the OOP
paradigm (e.g. inheritance or polymorphism).

Therefore, the novelty of this work is two-fold. On the
one hand, this is the first UPC++ implementation of a
bioinformatics algorithm (and, in general, of any big data
problem). Thanks to the optimization techniques included in
the code and to the use of efficient one-sided communi-
cations available in PGAS languages, the communication
overhead can be significantly reduced. Consequently, the
parallel efficiency is higher than 80% to study 50,000 SNPs
from 3,200 individuals, when using 1,536 cores of a Cray
XC30 supercomputer (only 2 seconds of execution time).
Our approach also includes the option to launch Pthreads
on each UPC++ process to improve performance on strong
scaling scenarios. On the other hand, we provide a parallel
GWAS version based on regression models that can exploit
the hardware capabilities of clusters and supercomputers. Our
evaluation shows that 12,288 cores of the mentioned Cray
XC30 supercomputer only need 45 seconds to analyze about
500,000 SNPs from about 5,000 real samples, while one of the
most powerful available GPUs needs around one hour using
the same statistical tests.
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