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ARTICLE INFO ABSTRACT

Keywords: Background: Most bioinformatic tools for next generation sequencing (NGS) data are computationally intensive,
Single individual haplotyping requiring a large amount of computational power for processing and analysis. Here the utility of graphic pro-
PEATH/G cessing units (GPUs) for NGS data computation is assessed.

ggg};U Method: In a previous study, we developed a probabilistic evolutionary algorithm with toggling for haplotyping

(PEATH) method based on the estimation of distribution algorithm and toggling heuristic. Here, we parallelized
the PEATH method (PEATH/G) using general-purpose computing on GPU (GPGPU).

Results: The PEATH/G runs approximately 46.8 times and 25.4 times faster than PEATH on the NA12878 fosmid-
sequencing dataset and the HuRef dataset, respectively, with an NVIDIA GeForce GTX 1660Ti. Moreover, the
PEATH/G is approximately 13.3 times faster on the fosmid-sequencing dataset, even with an inexpensive con-
ventional GPGPU (NVIDIA GeForce GTX 950).

Conclusions: PEATH/G can be a practical single individual haplotyping tool in terms of both its accuracy and

Next generation sequencing

speed. GPGPU can help reduce the running time of NGS analysis tools.

1. Introduction

Since bioinformatic tools typically impose a high computational
burden, high-performance computing (HPC) remains one of the main
challenges in the field of bioinformatics [1]. The traditional approach to
solve this problem is to use multicore central processing units (CPUs) or
cluster machines [2]. The advent of the multicore CPU or cluster systems
has allowed many bioinformatic tools to run in parallel to process
large-scale and high-throughput biological data.

More recently, graphics processing units (GPUs) have facilitated
extremely high-performance computing at relatively low costs [3,4].
GPU usage for parallel and throughput intensive algorithms is referred
to as general-purpose computing on GPUs (GPGPUs). The practical
adaptation of GPGPUs has been facilitated using compute unified device
architecture (CUDA) [5]. GPUs are useful in the investigation of diverse
computationally intensive problems and numerous GPU-based software
programs have been developed. GPGPUs have also been successfully
applied to several bioinformatics problems [4]. In particular, over the
past decade, advances in high-throughput technologies such as next

generation sequencing (NGS) have facilitated a tremendous expansion
of personal genomic sequence datasets. The utilization of GPGPU could
help manage vast amounts of sequence data and performing genomic
studies [6,7]. However, in genomic research based on NGS, the proposed
applications have been mostly limited to sequence alignments and
GPU-accelerated software for secondary analysis combined with ma-
chine learning.

Herein, we have developed software to address the single individual
haplotyping (SIH) problem of NGS data by elaborating parallelized GPU
programming. Previously, we proposed a novel method for SIH called
probabilistic evolutionary algorithm with toggling for haplotyping
(PEATH), based on the estimation of distribution algorithm (EDA) and
successfully demonstrated its performance in terms of the phased length,
N50 length, switch error rate, and minimum error correction compared
to previous algorithms [8]. In addition, PEATH has the advantage of
being able to solve SIH in the case of noisy datasets. However, EDA,
which is the main optimization algorithm of PEATH, generally involves
time-consuming processes. Thus, EDA has also been implemented with
GPGPU [9,10]. In this study, we implemented PEATH with GPGPU
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(PEATH/G) to reduce computational time. This is effectively a paral-
lelized re-implementation of PEATH using CUDA.

2. Methods
2.1. PEATH

We provide a brief explanation of PEATH (Table 1) and refer the
readers to Na et al, 2018 [8] for a detailed explanation.

Given two n x m matrices M and Q, PEATH determines one haplo-
type expressed as h = {0, 1}™, where m is the length of the haplotype.
M is a matrix of n reads whose row denotes a read sequence and column
denotes a position with a heterozygous variant. My € {‘0", ‘1",‘~"} isan
element in the i th row and j th column of M. The value ‘0’ means the
sequence at the position is the same as the reference sequence, while ‘1’
means the heterozygous variant occurs at the position. The symbol ‘-’
indicates that the read does not cover the position. @ is a quality score
matrix for M, whose elements represent the probability of sequencing
errors.

The PEATH consists of two stages. In the first stage, the PEATH de-
termines the haplotypes using EDA, which is a probabilistic evolutionary
algorithm. More specifically, we use a univariate marginal distribution
algorithm (UMDA) to search for a good candidate haplotype. Each po-
sition of the candidate individual corresponds to a position on the input
matrix M, and the value for each position is {‘0°,1°,~’}. The UDMA first
randomly generates an initial population of L individuals where each
individual is a candidate haplotype sequence of length m. For the next
generation, it replaces the low ranked L x r parent individuals (r is the
replacement ratio) by offspring generated using a probability of ‘1’ at
each position of the highly ranked L x (1 —r) individuals. After gen_iter
generations, we choose the best individual as a solution of the UMDA. In
UMDA, population size L, replacement ratio r, and the number of

Table 1
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iterations gen_iter, are hyperparameters which can be chosen by the user
beforehand.

In the second stage, to correct the switching errors in the solution of
the UMDA, the PEATH adopts an exhaustive toggling approach. The
range switch toggling (resp. the single switch toggling) identifies and
corrects range switch errors (resp. single switch errors) by flipping bits
in a range of positions (reps. a bit at a single position) in a candidate. The
PEATH alternates the two toggling methods tog_iter times, where tog_iter
is a constant.

In both stages, we use a fitness function for evaluation of candidate
haplotypes. The fitness function of a haplotype h is the additive inverse
of the sum of the quality-weighted errors, considering the characteristics
of two haplotypes, h and its complement h*. Specifically, the PEATH
attempts to search for a haplotype with the minimal sum of the quality-
weighted errors.

In real implementation, we can partition the matrix M into several
segments called phasing-units, which are sets of overlapping sequence
reads that do not overlap with any NGS sequence read in other units.
Thus, we can perform the phasing for each unit independently. More-
over, for each phasing-unit, the PEATH performs the phasing several
times to obtain more accurate haplotypes, since EDA is a non-
deterministic algorithm using random numbers. In essence, the PEATH
produces several haplotypes by repeating the phasing and chooses the
best among them as a final solution.

2.2. PEATH/G: CUDA implementation of PEATH

CUDA is a parallel computing platform and programming toolkit
developed by NVIDIA for creating high performance GPU-accelerated
applications. Since CUDA Toolkit 1.0 was released in 2007, it has
been rapidly developed and extended to support more operating sys-
tems, programming languages, and libraries over the past decade. In our

Outline of the PEATH method. Adapted from Table 1 of Na et al. 2018 [8].

Procedure PEATH

input: input matrices M for sequence reads and @ for quality scores

output: haplotype sequences for phasing-units

for each phasing-unit do

for i:=1 to ph_iter do

// ph_iter is a fixed user-defined parameter

h! := candidate haplotype obtained by EDA

for k:=1 to tog_iter do

// tog_iter is a constant parameter

hi := haplotype improved from h! by range switch toggling

h! :=haplotype improved from h! by single switch toggling

end for
end for
select the best haplotype among h'’s
end for

end procedure
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implementation, we used CUDA Toolkit 10.1, which is the latest version
released in 2019.

Haplotype phasing of NGS data is suitable to parallelize because one
can handle phasing-units independently. Moreover, the PEATH method
iterates phasing for each phasing-unit and the iterations for a phasing-
unit are independent of one another. We call an iteration for a

Table 2
The outline of PEATH/G.
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phasing-unit a phasing-instance. If the number of phasing iterations is
denoted by ph_iter and the number of phasing-units by num_units, the
PEATH method has ph_iter x num_units phasing-instances, all of which
are independent of each other and thus can be phased in parallel.

We implemented a parallel version (PEATH/G) of the PEATH
method on a GPGPU using CUDA. Table 2 shows the outline of PEATH/

__host__ Procedure PEATH/G

// CUDA implementation of PEATH

input: input matrices M for sequence reads and Q for quality scores,

output: haplotype sequences for all phasing-units

Build data structure for input matrices and copy them to the device

Phasing_unit <<<num_units, ...>>> ()

// call kernel running in the device

Copy haplotype sequences of all phasing-units to the host

end procedure

__global__ Procedure Phasing_unit // kernel for a phasing-unit

output: haplotype sequence for each phasing-unit

size of grid: {num_units, 1,1}

if threadldx.x = 0 then

Phasing_instances <<< ph_iter, ...>>>() // call child kernel for phasing instances

cudaDeviceSynchronize()

Find the best among ph_iter sequences

end procedure

// synchronize all thread-blocks in GPU

// using multiple threads

__global__ Procedure Phasing_instance // kernel for a phasing-instance

output: haplotype sequence for each instance of a phasing-unit

size of grid: {ph_iter, 1,1}
h =EDA() // EDA stage
for k:=1 to tog_iter do
h :=Range_SWT (h)
h :=Single_SWT (h)
end for

end procedure

// Toggling stage
// Range switch toggling

// Single switch toggling
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G. The host (CPU) first builds data structures for the input matrices and
copies them to the device (GPU). Next, the device performs all phasing
processes including the EDA and the toggling, and copies phased
haplotype sequences into the host. There are no intermediate data to
communicate between the host and the device during phasing. To pro-
cess all phasing-units, the host calls the kernel Phasing_unit() with a grid
of size num_units. Each thread-block in the grid is responsible for one
phasing-unit. The kernel Phasing unit() first launches the child kernel
Phasing instance() with a grid of size ph_iter (dynamic parallelism)
where one thread-block is responsible for one phasing-instance. When
completing the child kernel, we have ph_iter candidate sequences for the
phasing-unit. The best among them is chosen as a solution using a par-
allel reduction technique with multiple threads, which is a well-known
method in CUDA implementation. The cudaDeviceSynchronize() after
the child kernel Phasing_instance() call guarantees that ph_iter candidate
sequences for the phasing-unit are determined before finding the best
sequence among them.

Table 3 shows a pseudocode of the device functions EDA() called in
the kernel Phasing_instance(). The EDA stage maintains a population of
L individuals, each of which represents a candidate haplotype sequence,
and repeats several steps using multiple threads. Parallelization in the

Table 3
Pseudocode of EDA stage for PEATH/G.
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thread-block level is rather straightforward. Assuming that the thread-
block size, i.e., the number of threads per thread-block, is 32, in the
first step of initializing the population, thread t randomly generates data
for positions t, t + 32, t + 64, ... of all individual sequences. In the step
for calculating the fitness values, thread t calculates the fitness values of
individuals ¢, t + 32, t + 64, ... of a population. In the step for sorting
individuals, we use the sort function in the Thrust library for CUDA. In
the step for generating the next generation, thread t is responsible for
positions t, t+ 32, t+ 64, and so on. For each position, a thread cal-
culates the probability of 1’s at the position of populations and randomly
generates data for the position based on the probability. Since these
steps must be executed sequentially, they are fenced by a _syncthreads()
barrier, which synchronizes all threads within a thread-block. To
decrease running time, we store frequently accessed data such as the
fitness values of individuals in shared memory.

Table 4 shows pseudocodes of Range SWT() and Single SWT(Q),
which are the device functions executed alternatively in the toggling
stage. In contrast with the EDA stage with L sequences, the toggling
stage maintains one candidate sequence. First, consider the procedure
Range_SWT(). Let tog_F be the haplotype sequence obtained by flipping
bits of the current best solution best_h at positions between 1 and j.

__device__ Procedure EDA

// EDA for a phasing-instance

output: haplotype for a phasing-instance obtained by EDA

Initialize the population (using multiple threads)

syncthreads()

// synchronize all threads in a thread-block

Calculate the fitness values of individuals (using multiple threads)

syncthreads()

Sort individuals in order of fitness values (using multiple threads)

syncthreads()

while gen_iter > 0 do

/| gen_iter is a fixed parameter

Generate the population of the next generation (using multiple threads)

__syncthreads()

Calculate the fitness values of individuals (using multiple threads)

__syncthreads()

Sort individuals in order of fitness values (using multiple threads)

__syncthreads()
gen_iter := gen_iter — 1

end while

return the best individual in the population

end procedure
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Table 4
Pseudocode of toggling stage.

__device__ Procedure Range_SWT // Toggling for range switch
input: candidate haplotype h for a phasing-instance

output: haplotype improved by range switch toggling

do
best_h := h (using multiple threads)
__syncthreads() // synchronize all threads in a thread-block
Calculate the fitness value of tog_h/ for every position j
where of tog_hj := Flip bits of best_h at positions between 1 and j
(using multiple threads)
__syncthreads()
Select the best haplotype h among of tog_h/’s (using multiple threads)
__syncthreads()
while h is better than best_h
return best_h

end procedure

__device__ Procedure Single_SWT // Toggling for single switch
input: candidate haplotype h for a phasing-instance
output: haplotype improved by single switch toggling
do
best_h := h (using multiple threads)
__syncthreads() // synchronize all threads in a thread-block
Calculate the fitness value of tog_h/ for every position j
where tog_h/ :=Flip bits of best_h at position j
(using multiple threads)
__syncthreads()
Select the best haplotype h among tog_h/’s (using multiple threads)
__syncthreads()
while h is better than best_h
return best_h

end procedure
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Thread t calculates the fitness values of tog_W forj = t, t+ 32, t+ 64,
and so on. Due to the call _syncthreads(), all threads within the thread-
block are synchronized until they finish calculating the fitness values of
all tog I ’s. Next, the best among all candidates is chosen using a parallel
reduction algorithm. We repeat this until we cannot obtain a sequence
with a better fitness value. Note that we maintain only the current best
sequence best_h explicitly but not tog_I since we can easily obtain a bit
value of tog_ W from best_h when computing the fitness value of tog_H.
We store best_h in shared memory because best_h is accessed by all
threads in a thread-block. In addition, some temporary data shared in a
thread-block, such as the fitness values, are also stored in shared
memory. Procedure Single SWT() is similar except for considering se-
quences flipped at a single position.

2.3. Datasets and experiments

We first measured the performance (time) using the NA12878
sequencing dataset produced by fosmid-based technology [11].
NA12878 has been widely used to measure performance in the SIH
problem. Moreover, to further validate the performance of our method,
the HuRef dataset was also used for testing [12]. All experiments were
conducted on a workstation with Intel Core i9-9980XE CPU@3.0 GHz,
128 GB RAM, running Ubuntu Linux 64-bit operating system. The GPUs
used were NVIDIA GeForce GTX 950 with 768 CUDA cores and 2 GB
graphic RAM, NVIDIA GeForce GTX 1050 with 640 CUDA cores and
2 GB graphic RAM, and NVIDIA GeForce GTX 1660Ti with 1536 CUDA
cores and 6 GB graphic RAM.

For fair comparison and analysis on the performance of various
GPUs, we set parameters the same as those in the original PEATH [8].
The number of phasing iterations phasing_iter and number of toggling
iterations tog_iter were set as 50 and 10, respectively. In the EDA stage,
the population size L, replacement ratio r, and number of generations
gen_iter were set as 100, 0.5, and 50, respectively. For PEATH/G, we
used diverse thread-block sizes, 16, 32, 64, 128, 256, and 512. We
denote the PEATH/G using a thread-block of size t by PEATH/G-t, such
as PEATH/G-16.

3. Results

First, we performed experiments to determine the optimal thread-
block size of PEATH/G with fosmid-based sequencing data. Fig. 1
compares the running time of diverse thread block sizes. The x-axis is the
GPU device used in the experiments and the y-axis represents the
running time of phasing for all 22 chromosomes. The running time is
shown as an average value of 10 repetitions. PEATH/G-64 had the
fastest running time with the 950 and 1050 devices at 385.6s and
337.7s, respectively. With the 1660Ti device, PEATH/G-32 and
PEATH/G-64 showed similar running times. Thus, we chose the thread
block size as 64 for further experiments. The 1660Ti device showed
much faster running times with all block size settings compared to the

800
3 600
o BPEATH-G/16
0 BPEATH-G/32
£ 400 @PEATH-G/64
2 ®PEATH-G/128
s
& 200

B

GeForce1660Ti GeForce1050 GeForce950

Fig. 1. Running time of diverse thread block sizes of CUDA for PEATH/G in
three GPU devices.
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other two GPU devices.

To confirm the improvement in running time using GPGPU, PEATH
(CPU-based sequential method) and PEATH/G-64 (GPU-based parallel
method with a thread block size of 64) were compared. Table 5 shows
the running times of the original PEATH algorithm and PEATH/G-64 for
all 22 chromosomes.

As shown in Table 5, PEATH/G-64 clearly outperformed PEATH in
all cases. PEATH/G was 13.25-46.84 times faster than PEATH. To
further validate the usefulness of the CUDA-based implementation of
PEATH/G, we ran the original PEATH algorithm in simple multi-thread
environments. When we executed the original PEATH algorithm with 20
threads in parallel, a long running time (1730.895 s) was still required.

In this instance, we do not show the accuracy comparison results of
PEATH/G and PEATH, since the basic algorithm was not changed.
PEATH/G is another implementation of PEATH using CUDA, and we
experimentally confirmed that there is no accuracy difference between
those two implementations.

Moreover, to show that the CUDA implementation can also be useful
for other datasets, we performed additional experiments using HuRef
data [12]. In this dataset, PEATH/G-128 showed the fastest running
time in all the GPU devices (Fig. 2). Table 6 compares the results for
running time.

As expected, the GPGPU-based implementation was much faster than
the original PEATH algorithm executed with only a CPU. The running
time was reduced to 667.362 s with the 1660Ti GPU from 16941.53 s in
the original CPU-based implementation.

4. Discussion

Managing and analyzing a vast number of datasets involves
tremendous computational cost. With the development of high
throughput technologies, it is becoming more critical to consider cost-
effective analysis. Implementation of GPU processing instead of CPU
processing could be a possible solution. For many computationally
complex problems, GPGPU has been shown to dramatically reduce the
overall execution time [13-15]. Herein, we implemented PEATH/G
based on a probabilistic evolutionary algorithm using GPGPU. The
evolutionary algorithms generally require an inordinately long time to
identify an appropriate solution. Basically, most evolutionary algo-
rithms involve evaluation of a large number of individuals; however,
time-consuming fitness evaluation procedures can be performed in
parallel. Several previous studies on the acceleration of evolutionary
algorithms with a GPU have been performed [16,17]. We developed a
GPU-based parallelization approach of the probabilistic evolutionary
algorithm for SIH and showed that its implementation significantly
reduced execution time.

There are additional possible solutions in terms of reducing
computational costs. One example is the use of a hardware accelerator
such as the field-programmable gate array (FPGA) [18-20]. Although
this approach can reduce the computational costs, the FPGA imple-
mentation is relatively difficult. Another approach is grid computing,
which can also facilitate the identification of solutions to very complex
problems in a shorter time using distributed computing resources.
However, it may incur notable challenges in terms of resource sharing
because of non-defined standards and tools. Furthermore, several se-
curity and network connectivity issues exist. Thus, we improved our

Table 5
Running time of original PEATH and PEATH/G-64 for the fosmid dataset.

GPGPU Running time (s)
CPU i9-9980XE 5107.92

CPU i9-9980XE (using 20 threads) 1730.895

GPU GeForce GTX 950 385.624

GPU GeForce GTX 1050 337.721

GPU GeForce GTX 1660Ti 109.282
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Fig. 2. Running time of diverse thread block sizes of CUDA for PEATH/G using
the HuRef dataset.

Table 6
Running time of original PEATH and PEATH/G-128 for the
HuRef dataset.
GPGPU Running time (s)
CPU i9-9980XE 16941.53
GPU 950 3533.565
GPU 1050 3243.925
GPU 1660Ti 667.362

previous PEATH method using GPGPU. Moreover, another advantage of
using GPGPU is that it does not always require a large-scale server
system. As shown in our PEATH/G results, we can solve computationally
complex problems efficiently.

Previously, there were some methods to solve the SIH problem on
HPC platforms, such as PWHATSHAP [21] and GenHap [22,23].
PWHATSHAP is a parallel version of the WHATSHAP algorithm [24].
PWHATSHAP first decomposes chromosome datasets into independent
sets of SNPs, which can be haplotyped independently. Next, it utilizes
MapReduce framework for a general multi-core platform. GenHap
adopts a genetic algorithm, which has a natural parallelism. GenHap
was parallelized using MPI programming. However, to our knowledge,
there were no methods applied to GPGPU to solve the SIH problem.

Most NGS data processing pipelines that handle raw sequencing data
could be easily parallelized [25]. For example, in case of DNA-based
sequencing data, the basic processing workflow comprises two steps:
read alignments and variant detection. The processes can reduce the
computational times by using both multi-threading and input data
splitting and distribution. Thus, CUDA implementation should be
considered for practical applications [26-28]. Moreover, many of the
secondary analysis tools based on the NGS data could be converted to
parallelized software, just as in the case of reconstructing PEATH into
PEATH/G. For real clinical usage of SIH or for other NGS-based appli-
cations, a short turnaround time (the time required from sample [blood
or tissue] acquisition to reporting of results) is critical [29]. NGS data
analysis with GPGPU will reduce the running time significantly, increase
our knowledge of very complex biological systems, and help realize
precision medicine in the future.

In summary, we implemented a CUDA-based EDA algorithm called
PEATH/G to solve an SIH problem. As expected, the PEATH/G produced
results on the NA12878 and HuRef datasets much faster than the pre-
vious CPU-based EDA implementation. Therefore, CUDA implementa-
tion can help reduce the running time of time-consuming NGS analysis
tools.

Availability

The source code is available at https://github.com/jcna99
/PEATH-G.
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