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Background: Sorted merging of genomic data is a common data operation necessary
in many sequencing-based studies. It involves sorting and merging genomic data from
different subjects by their genomic locations. In particular, merging a large number of
Variant Call Format (VCF) files is frequently required in large scale whole genome
sequencing or whole exome sequencing projects. Traditional single machine based
methods become increasingly inefficient when processing large numbers of VCF files
due to the excessive computation time and I/O bottleneck. Distributed systems and

Powered by Editorial Manager® and ProduXion Manager® from Aries Systems Corporation



Corresponding Author:

Corresponding Author Secondary

Information:

Corresponding Author's Institution:

Corresponding Author's Secondary

Institution:

First Author:

First Author Secondary Information:

Order of Authors:

Order of Authors Secondary Information:

Response to Reviewers:

more recent cloud-based systems offer an attractive solution. However, carefully
designed and optimized workflow patterns and execution plans (schemas) are required
to take full advantage of the increased computing power while overcoming bottlenecks
to achieve high performance.

Findings: In this study, we custom design optimized schemas for three Apache big data
platforms, Hadoop (MapReduce), HBase and Spark, to perform sorted merging of a
large number of VCF files. These schemas all adopt the divide-and-conquer strategy to
split the merging job into sequential phases/stages consisting of subtasks which are
conquered in an ordered, parallel and bottleneck-free way. In two illustrating examples,
we test the performance of our schemas on merging multiple VCF files into either a
single TPED or VCF file, which are benchmarked with the traditional single/parallel
multiway-merge methods, message passing interface (MPI) based high performance
computing (HPC) implementation and the popular VCFTools.

Conclusions: Our experiments suggest all three schemas either deliver a significant
improvement in efficiency or render much better strong and weak scalabilities over
traditional methods. Our findings provide generalized scalable schemas for performing
sorted merging on genetics and genomics data using these Apache distributed
systems.
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Major modifications in this revision are summarized below:
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*Add members of CAAPA consortium to authorship.
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*Add a complete list of CAAPA Consortium members and their affiliations at the end
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*Added a citation of test datasets in GigaDB to the reference list, and cited it in
appropriate places in the manuscript.

*Added all URLs as references in the bibliography, and cited them in the corresponding
places in the manuscript.

Below we present itemized responses to all the comments, organized by editors and
reviewers. The reviewers' comments are in bold. Our responses are in dark blue color.

Editor comments:
Before we hand over your manuscript to our production team:

- please go over the list of minor wording issues below, kindly provided by reviewer 1,
and correct them in a revised submission.

Done

- please add a statement on ethical considerations to the manuscript. You are using
encrypted VCFs, but as the original data set from reference [33] is under an authorized
access scheme, if | understand correctly, | assume you needed IRB approval to access
and work with the un-encrypted data for this project? Please also clarify in the
manuscript whether this encrypted use of the subjects' data is covered by the consent
they gave.

Done, please see “Ethics Approval and Consent to Participate” section in the
manuscript.

Regarding your code and test data, one of our data curators will contact you shortly.
Usually we host an archival copy of any code and test data in our repository GigaDB,
which will be cited in the manuscript. Our data curators will discuss this with you.

Done

Please include a citation to any upcoming GigaDB dataset to your reference list
(including the DOI link you will get from our data curators), and please cite this in the
data availability section and elswehere in the manuscript, where appropriate.

Please follow this example format for the reference:

[xx] Author1 N, Author2 N, AuthorX N. Supporting data for "Title of your manuscript".
GigaScience Database. 2018. http://dX.doi.OrgxxXxXxxxXXxxxxx

(If you don't have a GigaDB doi at the time of resubmission, please leave the "dummy"
version and we can exchange this for you.)

Please see reference 43 in the manuscript

Finally, a very minor point: Please include all URLs (except the "availability" section")
as references in the bibliography, and cite them from the text rather than inserting them
directly.

Done. On line 321:
The source codes are available at our GitHub website [35] (CloudMerge; RRID:
SCR_016051).

Reviewer #1:

This paper has undergone substantial improvements since the original submission and
the authors are to be commended on their efforts to address all the main issues raised
in the initial review. | am satisfied that all of my concerns from the initial review have
been adequately addressed, and | am happy to recommend that this paper is accepted
for publication.

We are grateful to the reviewer for the comment.
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| have a few minor comments below that the authors might wish to consider when
editing the final version: "merging a large number of Variant Call Format (VCF) files are
frequently encountered" -> "merging a large number of Variant Call Format (VCF) files
is frequently encountered".

Done. See line 19.

"when processing hundreds or even thousands of VCF files" -> "when processing large
volumes of VCF files".

Done. See line 22.

"The distributed systems and the more recent cloud-based systems" -> "Distributed
systems and more recent cloud-based systems".

Done. See line 23.

"working flow" -> "workflow".

Done. See line 24.

"Apache Foundation has" -> "The Apache Foundation"

Done. See line 56.

"took advantage" -> "take advantage"

Thanks for brings this out. It is done, see line 66. In addition, we also make additional
similar changes from past tense to current tense:

On line 64, “made” -> “make”.

On line 68, “adopted” -> “adopts”.

On line 69, “utilized” -> “utilizes”.

Are two citations really needed for the "sorted full-outer-joining problem"? If it is well
known, as the authors claim, then one citation should be sufficient.

Yes, we agree with the reviewer, and delete one reference: “28. Silberschatz A, Korth
HF and Sudarshan S. DatabaseSystem Concepts. 2010.”

"cumbersome" is probably the wrong word to describe the behaviour of PLINK and
VCFTools on moderate numbers of input files. Cumbersome suggests that they are
awkward or difficult to use, but really the problem is that their performance is
unacceptable.

Yes, we agree with the reviewer.

On line 90:

“Currently, they are handled by software such as VCFTools [28] and PLINK, which
become very cumbersome even in the face of a moderate number of VCF files.”
Changed to:

Currently, they are handled by software such as VCFTools [28] and PLINK, which
become considerably inefficient even in the face of a moderate number of VCF files.

"literally makes it sequential on writing" -> "makes it sequential on writing" (remove
"literally", it is redundant) "

Done. See line 94.
and memory limitation" -> "and memory limits"
Done. See line 96.

"ideally fit" -> "is an ideal fit"
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Additional Information:
Question

Are you submitting this manuscript to a
special series or article collection?

Experimental design and statistics

Full details of the experimental design and
statistical methods used should be given
in the Methods section, as detailed in our
Minimum Standards Reporting Checklist.
Information essential to interpreting the
data presented should be made available
in the figure legends.

Done. See line 131.

"megabyte in size" -> "megabytes in size" (plural). Maybe use MB instead, to be
consistent with the rest of the article using GB.

Done. See line 163.
"Key-value pais" -> "key-value pairs" (capitalisation)
Done. See line 209.

It is not clear what this means "we only need to merge records from selected
chromosomes of interest rather than from all of them". Can you please clarify?

We thank the reviewer 1 for bringing this up. Here we mean if we are only interested in
the merged results of some specific chromosomes, say chr1-chr3, then we can just
merge the records in the corresponding bins, instead of merging the records of all
chromosomes. And on line 210, we have rephrased this sentence from

“With this grouping, we only need to merge records from selected chromosomes of
interest rather than from all of them.”

to

“With this grouping, if SNPs of interest located in a few selected chromosomes only,
we can choose to just merge records from these selected chromosomes rather than
from all chromosomes.”

delete: "which necessitates the adding of this phase"
Done. See line 261.

"finishing writings" -> "finishing writing" (not plural)
Done. See line 269.

It is likely that the HPC tests (namely the MPI version) would have performed better on
a system with a high-performance file system such as GPFS or Lustre instead of NFS.

We totally agree with reviewer 1’s opinion. Both Lustre and GPFS has better I/O
scalability than NFS. And we expect our HPC benchmark would perform better using
these file systems. However, I/O is not only the reason why the HPC benchmark does
not scale well. Rather, the increasing in the number of merging rounds when
increasing the number of input files is the main reason for decreasing efficiency. So we
expect the scalability will improve to some extent but not too much when running it with
the GPFS or Lustre file system. Another reason we choose NFS because we test our
benchmark using StarCluster, which currently doesn’t support either GPFS or Lustre.

Use GB for gigabytes instead of G.

Done.

Response

No

Yes
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https://academic.oup.com/gigascience/pages/Minimum_Standards_of_Reporting_Checklist

Have you included all the information
requested in your manuscript?

Resources Yes

A description of all resources used,
including antibodies, cell lines, animals
and software tools, with enough
information to allow them to be uniquely
identified, should be included in the
Methods section. Authors are strongly
encouraged to cite Research Resource
Identifiers (RRIDs) for antibodies, model
organisms and tools, where possible.

Have you included the information
requested as detailed in our Minimum
Standards Reporting Checklist?

Availability of data and materials Yes

All datasets and code on which the
conclusions of the paper rely must be
either included in your submission or
deposited in publicly available repositories
(where available and ethically
appropriate), referencing such data using
a unique identifier in the references and in
the “Availability of Data and Materials”
section of your manuscript.

Have you have met the above
requirement as detailed in our Minimum
Standards Reporting Checklist?
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Abstract

Background: Sorted merging of genomic data is a common data operation necessary in many

sequencing-based studies. It involves sorting and merging genomic data from different subjects by

their genomic locations. In particular, merging a large number of Variant Call Format (VCF) files

is frequently required in large scale whole genome sequencing or whole exome sequencing

projects. Traditional single machine based methods become increasingly inefficient when

processing large numbers of VCF files due to the excessive computation time and I/O bottleneck.

Distributed systems and more recent cloud-based systems offer an attractive solution. However,

carefully designed and optimized workflow patterns and execution plans (schemas) are required to

take full advantage of the increased computing power while overcoming bottlenecks to achieve

high performance.

Findings: In this study, we custom design optimized schemas for three Apache big data platforms,

Hadoop (MapReduce), HBase and Spark, to perform sorted merging of a large number of VCF

files. These schemas all adopt the divide-and-conquer strategy to split the merging job into

sequential phases/stages consisting of subtasks which are conquered in an ordered, parallel and
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bottleneck-free way. In two illustrating examples, we test the performance of our schemas on

merging multiple VCF files into either a single TPED or VCF file, which are benchmarked with

the traditional single/parallel multiway-merge methods, message passing interface (MPI) based

high performance computing (HPC) implementation and the popular VCFTools.

Conclusions: Our experiments suggest all three schemas either deliver a significant improvement

in efficiency or render much better strong and weak scalabilities over traditional methods. Our

findings provide generalized scalable schemas for performing sorted merging on genetics and

genomics data using these Apache distributed systems.

Keywords: Sorted merging, whole genome sequencing, MapReduce, Hadoop, HBase, Spark.

Findings

Introduction

With the rapid development of high-throughput biotechnologies, genetic studies have entered the

Big Data era. Studies like Genome Wide Association Studies (GWASs), Whole Genome

Sequencing (WGS) and whole exome sequencing (WES) studies have produced massive amounts
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of data. The ability to efficiently manage and process such massive data becomes increasingly

important for successful large scale genetics studies [1-3]. Single machine based methods are

inefficient when processing such big data due to the prohibitive computation time, I/O bottleneck,

as well as CPU and memory limitations. Traditional HPC techniques based on MPI/OpenMP also

suffer from limitations such as not allowing addition of computing nodes at runtime, shortage of a

fault-tolerant and high available file system, inflexibility of customizing the computing

environment without administrator permission of a cluster [3, 4]. It becomes increasingly

attractive for investigators to take advantage of more powerful distributed computing resources or

the cloud to perform data processing and analyses [3, 5]. The Apache Foundation has been a

leading force in this endeavor, and has developed multiple platforms and systems including

Hadoop [6, 7], HBase [8] and Spark [9]. All these three Apache platforms have gained substantial

popularity in recent years, and have been endorsed and supported by major vendors such as

Amazon Web Services (AWS).

In bioinformatics, researchers have already started to embrace Apache distributed systems to
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manage and process large amounts of high throughput ‘-omics’ data. For example, the Cancer

Genome Atlas project makes use of the Hadoop framework to split genome data into chunks

distributed over the cluster for parallel processing[3, 10]. The CloudBurst [11], Seal [12], Hadoop-

BAM [13] and Crossbow software [14] take advantage of the Hadoop framework to accelerate

sequencing read mapping, aligning and manipulations as well as SNP calling. The Collaborative

Genomic Data Model (CGDM) [15] adopts HBase to boost the querying speed for the main

classes of queries on genomic databases. MetaSpark [16] utilizes Spark’s distributed data set to

recruit large scale of metagenomics reads to reference genomes, achieves better scalability and

sensitivity than single-machine based programs [17]. Industry cloud computing vendors such as

Amazon [18] and Google [19] are also beginning to provide specialized environments to ease

genomics data processing in the cloud.

Although numerous Apache cluster-based applications have already been developed for

processing and analyzing large scale genomics data including ADAM [1], VariantSpark [20],

SparkSeq [21], Halvade [22], SeqHBase [23] among others, we believe there are still many
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opportunities in biomedical data analyses to take advantage of distributed systems as the scale and

scope of data become larger and more complex. A particular example is sorted merging, which is a

ubiquitous operation in processing genetics and genomics data. As an example, in WGS, variants

identified from individuals are often called and stored in separate Variant Call Format (VCF) files.

Eventually these VCF files need to be merged (into a VCF or TPED file) as required by

downstream analysis tools such as PLINK [24] and BlueSNP [25, 26]. Either a VCF or TPED file

requires the data to be sorted by their genomic locations, thus these tasks are equivalent to the

well-known sorted full-outer-joining problem [27]. Currently, they are handled by software such

as VCFTools [28] and PLINK, which become considerably inefficient even in the face of a

moderate number of VCF files. The main reason is that these tools adopt the multiway-merge-like

method [29] with a priority queue as the underlying data structure to ensure the correct output

order. Although such a method only requires one round of read through of the input files, a key

deficiency is that it can only have one consumer access items from the data queue, which makes it

sequential upon writing. This problem cannot be eliminated even if the multiway-merging is

implemented as parallel processes due to I/O saturation, workload imbalance among computing

units, and memory limits. Therefore, these single-machine based tools are inefficient and time-
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consuming when handling large datasets.

In this study, we use the case of sorted-merging multiple VCF files to demonstrate the benefits of

using Apache distributed platforms. However, simply running sorted merging on such distributed

systems runs into problems of bottlenecks, hotspots and unordered results commonly seen in

parallel computations. Rather, we believe working schemas custom designed for each specific

distributed platform are required to unleash their full potential. To overcome the limitations of

single-machine, traditional parallel/distributed, and simple Apache distributed system based

methods, we propose and implement three schemas running on Hadoop, Spark and HBase

respectively. We choose these three platforms because they represent cloud distributed systems

providing data partitioning based parallelism with distributed storage, data partitioning based

parallelism with in-memory based processing, and high dimensional tables like distributed

storage, respectively. Hadoop [6] is the open source implementation of MapReduce [7] based on

parallel key-value processing technique, and has the advantage of transparency and simplicity.

HBase [8] is a data warehousing platform which adopts Google’s BigTable data storing structure
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[30] to achieve high efficiency in storing and reading/writing large scale of sparse data. Spark [9]

introduces the concept of Resilient Distributed Dataset (RDD) and Directed Acyclic Graph (DAG)

execution to parallel key-value processing, thus enabling fast, robust and repetitive in-memory

data manipulations. Specifically, our schemas involve dividing the job into multiple phases

corresponding to tasks of loading, mapping, filtering, sampling, partitioning, shuffling, merging

and outputting. Within each phase, data and tasks are evenly distributed across the cluster,

enabling processing large scale of data in a parallel and scalable manner, which in turn improves

both speed and scalability.

Methods

Overview

The benefits of using these three Apache distributed platforms to perform sorted merging are four-

fold when compared to using the multiway-merge method [29], a relational database based

approach, or a HPC framework. First, with genomic locations as keys and genotypes as values, it

is readily transformed into the key-value model in which all three platforms offer a rich set of
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parallel operations. Second, data in VCF files are semi-structured. This type of data is an ideal fit

for the three platforms which allow defining the schema during data loading, avoiding the

preprocessing of raw data into a rigid schema as in a relational database. Third, all these

platforms provide built-in efficient task coordination, high fault tolerance, data availability and

locality which are absent in the traditional HPC framework. Fourth, the merged results are directly

saved onto a distributed file system such as HDFS or Amazon S3 which can be directly used for

subsequent cluster-based GWAS or WGS analytical tools such as BlueSNP.

Despite these advantages, simply performing sorted merging on these Apache distributed systems

will not deliver the expected results for the following reasons. First, it can lead to globally

unsorted results. Hash-based shuffling of input data is the default mechanism for distributing data

to parallel working units in the system. However, shuffling will lead to globally unsorted results.

Second, bottlenecks and hotspots can happen during the processing in the cluster. Bypassing the

hashing based shuffling can lead to unbalanced workloads across the cluster, result in straggling

computing units which become bottlenecks for response time. In addition, for parallel loading of

presorted data into HBase, data being loaded from all the loading tasks access the same node

10
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simultaneously while other nodes may be idling, creating an I/O hotspot. Third, sampling costs

could become prohibitive. Although Hadoop provides a built-in utility named total-order-merging

[27] to achieve both workload balance and global order, it involves transferring to and sampling

all the data on a single node. The communication costs over the network and disk I/O can be

prohibitive when data size becomes very large. In the following sections, we will illustrate how

our custom designed schemas are able to overcome these limitations in detail.

Data Formats and Operations

In a typical WGS experiment, data analysis often starts from individual genotype files in the VCF

format [31]. A VCF file contains data arranged into a table consisting of eight mandatory fields

including chromosome (CHROM), the genomic coordinate of the start of the variant (POS), the

reference allele (REF), a comma separated list of alternate alleles (ALT), among others. In our

experiments, we use a dataset consisting of the VCF files of 186 individuals [32] generated from

[lumina's BaseSpace software (Left tables in Figure 1). Each VCF file has around 4-5 million

rows, each row contains information on one of the individual’s genomic variants. Each VCF file is

about 300 MB in size. In an attempt to protect privacy of study subjects, we apply the following

11
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177

178

179

180
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182
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187

strategy to conceal their real genetic variant information contained in the VCF files: we first

transform each original genomic location by multiplying it with an undisclosed constant real

number, taking the floor integer of the result, and then add another undisclosed constant integer

number.

It is common that multiple VCEF files need to be merged into a single TPED file for analysis tools

such as PLINK. A TPED file resembles a big table, aggregating genotypes of all individuals under

investigation by genomic locations (right table in Figure 1). The merging follows several rules.

First, each record is associated with a data quality value in the FILTER column, which records the

status of this genomic position passing all filters. Usually only qualified records with a “PASS”

filter value are retained. Second, genotypes in VCF files are stored in the form of allele values,

where 0 stands for the reference allele, 1 stands for the first mutant allele, 2 stands for the second

mutant allele, and so on. Allele values must be translated into corresponding types of nucleotides

in the TPED file. Third, all individuals need to have a genotype for genomic locations appearing

in at least one VCF file. The default genotype for a missing value is a pair of homozygous

reference alleles. The merging of multiple VCF files into a single VCF file follows the rules as:
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First, the ALT and INFO columns of a genomic location in the merged file are set as the

concatenated values of the corresponding columns on that location from all input files with

duplicated values removed. Second, the QUAL column of a genomic location in the merged file is

set as a weight-averaged quality value of all individuals on that location. Third, a genomic

location is kept only when it appears in at least one input file and has a FILTER column value of

“PASS”. Fourth, if an individual does not have allele values on a genomic location in the input

(73 2]

file, their missing allele values are designated as “.” in the merged file.

For our Apache cluster-based schemas, the merging of multiple VCF files into a single TPED file

and the merging of multiple VCEF files into a single VCF file differ only in the value contents of

the key-value pairs, so they should have the same scalability property. Although we implement

the applications of both merging types using our Apache cluster-based schemas, which are

available on our project website, we focused our experiments on the merging of multiple VCF

files into a single TPED file and only evaluate the execution speed of the merging of multiple

VCF files into a single VCF file with VCFTools as the benchmark.
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MapReduce (Hadoop) Schema

This schema is built on Hadoop’s underlying model MapReduce and running on Hadoop clusters.

MapReduce [7] is a parallel computing model based on a split-apply-combine strategy for data

analysis, in which data are mapped to key-values for splitting (mapping), shuffling and combining

(reducing) for final results. We use Apache Hadoop-2.7 as the system for our implementation. Our

optimized schema consists of two MapReduce phases, as shown in Figure 2 (the pseudocodes are

shown in Figure S1).

1) First MapReduce phase.

Raw data are loaded from HDFS into parallel mappers to perform the following tasks: First,

unqualified data are filtered out and qualified ones are mapped to key-value pairs. The mapper

output key is the genomic location and output value is the genotype and individual ID. Second,

key-value pairs are grouped together by chromosomes and temporarily saved as compressed

Hadoop sequence files [33] for faster /O in the second MapReduce phase. With this grouping, if

SNPs of interest located in a few selected chromosomes only, we can choose to just merge records

from these selected chromosomes rather than from all chromosomes. Meanwhile, these records are
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sampled to explore their distribution profile of keys along chromosomes to determine boundaries.

The boundaries are determined so there is an approximately equal number of records within each

segment. Because all records falling in the same segment will be assigned to the same reducer in a

later phase, boundaries calculated in this way ensure the workload of each reducer is balanced.

There are two rounds of samplings. The first one happens in each mapper with a pre-specified

sampling rate, which in our case is set to be 0.0001. Sampled records are then separated and

distributed to different reducers in this phase by chromosomes, where they are sampled again with

a rate equal to the reciprocal of the number of input files. This second sampling effectively limits

the number of final sampled records even in the face of a very large number of input files. Because

the number of reducers instantiated in the second phase equals the number of boundaries, which in

turn is decided by the number of sampled records, we can therefore avoid launching unnecessary

reducers thus minimizing task overheads.

2) Second MapReduce phase.

In this phase, multiple parallel MapReduce jobs are created, one for each chromosome, to handle

all the records in sequence files generated from the first phase. Within each job, a partitioner
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redirects records to the appropriate reducer by referring to the splitting boundaries from the

previous phase, so records falling in between the same pair of boundaries are aggregated together.

Finally, each reducer sorts and merges aggregated records by genomic locations before saving

them to a TPED file. In this way, globally sorted merging can be fulfilled.

HBase Schema

HBase [8] is a column-oriented database where data are grouped into column families and split

horizontally into regions spreading across the cluster. With this data storing structure, it supports

efficient sequential reading and writing of large-scale data as well as fast random data accessing.

Also, HBase is storage efficient because it can remember null values without saving them on disk.

These features make HBase an ideal platform for managing large, sparse data with relatively low

latency which naturally fits the sorted merging case. We use the HBase-1.3 as the system for our

implementation. As shown in Figure 3, our optimized HBase schema is divided into three phases

as discussed next (refer to Figure S2 for pseudocodes).

1) Sampling phase
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The main challenge of HBase is to avoid computational hotspots in the cluster which can happen

when it starts loading a table from a single region hosted by a single node. Therefore, we need to

presplit the table into regions of approximately equal size before loading. The sampling phase is

introduced to determine reasonable presplitting regional boundaries. The total number of regions

is set to half of the number of input files so the size of each region is approximately 1GB.

Meanwhile, mappers of this phase also save qualified records as compressed Hadoop sequence

files on HDFS which are used as inputs in the next phase. In addition, filtering and key-value

mapping also take place in this phase.

2) Bulk loading phase

Even when the table has been presplit evenly, the hotspot problem of loading sorted inputs can

still emerge because sorted records are loaded sequentially, and at any instant they still access the

same region and server. During the bulk loading, the key and value of each record produced from

the previous phase is converted into HBase’s binary row-key and column-value respectively, and

saved into a HFile, HBase’s native storage format. The row-key here is in the form of

chromosome-genomic location, and column-value refers to reference allele, individual ID and
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genotype. The bulk loading populates each HFile with records falling in the same pair of presplit

regional boundaries. Because HFiles are written simultaneously by parallel mappers/reducers, all

working nodes are actively involved and the regional hotspot is thus circumvented. Upon finishing

writing, the HBase can readily load HFiles in parallel into the table by simply moving them into

local HBase storage folders. This procedure is therefore at least an order of magnitude faster than

the normal loading in which data are loaded sequentially via HBase servers’ I/O routines. The

order of records in the table is guaranteed because they are internally sorted by writing reducers

and HBase’s Log-Structured Merge-tree [34]. It worth mentioning that VCF records are always

sparse, thus HBase is very storage-efficient.

3) Exporting phase

A scan of a specified genomic window is performed on the table. It involves launching parallel

mappers each receiving records from a single HBase region, filling in missing genotypes,

concatenating records with the same row-key, and outputting final results into TPED files.

Spark Schema
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Spark [9] is a distributed engine built upon the ideas of MapReduce and RDD. It can save

intermediate results in the form of RDD in memory, and perform computations on them. Also, its

computations are lazily evaluated, which means the execution plan can be optimized to include as

many computational steps as possible. As a result, it is ideal for iterative computations such as

sorted merging. We implement our optimized Spark schema on Spark-2.1. It has three stages

which we describe below and present in Figure 4 (refer to Figure S3 for pseudocodes).

1) RDD preprocessing stage

This stage involves loading raw data as RDDs, filtering, and mapping RDDs to paired-RDDs with

keys (chromosome and genomic position) and values (reference allele, sample ID and genotype).

This stage ends with a sorting-by-key action which extends to the next stage.

2) Sorting and merging stage

The sort-by-key shuffling repartitions and sorts PairRDD records so records with the same key

are aggregated together, which are then merged into the TPED format and converted back to RDD

records for outputting. However, Spark’s native family of group-by-key functions for merging
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should not be used here because their default partitioner is hash-based and different from the

range-based partitioner used by previous sort-by-key function. Consequently, the merged results

would be reshuffled into an unsorted status. We therefore optimize the merging to bypass these

functions so merging can be performed locally without data reshuffling to ensure both order and

high speed.

3) Exporting stage

In this stage, merged RDD records are saved as TPED files on HDFS.

Execution parallelism has an important impact on the performance. To maximize performance, the

number of parallel tasks is set to be the number of input files. In this way, data locality is

maximized and each task is assigned a proper amount of work. In addition, unlike using

MapReduce or HBase, when performing sorting by keys, no explicit sampling is needed because

Spark keeps track of the number of records before determining repartition boundaries.

Parallel Multiway-Merge and MPI-based High Performance Computing Implementations

20



©CO~NOOOTA~AWNPE

316

317

318

319

320

321

322

323

324

325

326

327

328

329

330

331

For most bioinformatics researchers, their daily working environment is still traditional in-house

HPC clusters or stand-alone powerful servers (with cores > 16 and memory > 200GB) rather than

heterogeneous cloud-based clusters. Therefore, we also implement a parallel multiway-merge

program running on a single machine and a MPI-based (mpidpy v3.0) “single program, multiple

data (SPMD)” program running on a HPC cluster as benchmarks. The source codes are available

at our GitHub website [35] (CloudMerge; RRID: SCR_016051). We choose to implement

multiway-merge, because many existing bioinformatics tools, including VCFTools and PLINK,

adopt it as the underlying algorithm for sorted merging. Multiway-merge is highly efficient on

single machine as it requires only one scan of sorted input files, so it can theoretically run at the

speed of disk I/O.

Generally, there are two types of parallelism---data parallelism and task parallelism. The former

splits data horizontally into blocks of roughly equal sizes (the size of genomic intervals in our

case) before assigning them to all available processes; the latter assigns a roughly equal number of

input files to each process. For parallel multiway-merge, we choose data parallelism because the

implementation of task parallelism would be the same as the HPC-based implementation running
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on a single node. Perhaps the most difficult part of data parallelism is uncertainty about the data

distribution across all input files, which usually leads to the problem of workload imbalance

among processes. If we pre-sample all the input files to estimate the record distribution, then a full

scan of the input files is required which will almost certainly takes more time than the single-

process multiway-merge method. As a compromise, we assume the distributions of SNP locations

in all VCF files are uniform and the input files can be split into regions of approximately equal

sizes. The total number of regions are set to be the number of concurrent processes, so that each

region is specifically handled by a process. To avoid seeking of a process’s file reader to its

starting offset from the beginning of the file, we take advantage of the Tabix indexer [36], which

builds indices on data blocks of the input file and place the reader’s pointer directly onto the

desired offset. One important aspect of the Tabix indexer is that it requires the input file to be

compressed in bgzip format which is not supported by Hadoop, HBase or Spark. The

compression and decompression of a file in bgzip format can be much faster than in bz2 format

used in our cluster-based schemas, single multiway-merge and HPC-based implementations, so

parallel multiway-merge can run much faster than other methods/schemas when input data size is

small.
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For the HPC-based implementation, we adopt the task parallelism (Figure 5) to avoid sampling

and workload imbalance. Otherwise the workflow of HPC-based implementation is the same as

that of the MapReduce-based schema with the same operations and the same order: sampling in

parallel, dividing the dataset into splits of equal sizes, and assigning the splits to processes to

perform the merging. But this implementation is without data locality offered by HDFS and task

coordination offered by YARN and thus has a performance no better than the MapReduce-based

schema. Specifically, input files are shared across all nodes in the cluster via a Network File

System (NFS). In the first round, each core/process fetches roughly the same number of files from

the NFS and performs multiway-merging locally. In the following rounds, we adopted a tree-

structured execution strategy. In the second round, processes with even ID numbers (process id

starts from 0) retrieve the merged file from its adjacent process to the right, which are then merged

with its local merged file. Processes with odd ID number are terminated. In the third round,

processes with ID divisible by four retrieve the merged file from its adjacent process to the right in

the second round to merge with its local merged file. This process continues until all the files are

merged into a single file for a total of log() rounds, where # is the number of the input files.
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Strong and Weak Scalabilities

In this study, we quantify scalability by measuring computing efficiency in tests of strong and

weak scalabilities. We define efficiency as the average time cost of processing a file per core:

EffiCiel’le = (Tb*Cb/Nb) / (Ti*Ci/Ni)

where Ty, is the baseline running time, Cy, is the baseline number of cores, Ny, is the baseline number

of input files, T; is the current running time, C; is the current number of cores, N; is the current

number of input files. We also incorporated the parallel multiway-merge and MPI-based HPC

implementations as benchmarks in the tests.

For the strong scalability test, we fix the number of input files at 93 and increase the computing

resources up to 16-fold from the baseline. The baseline is a single node (4 cores) for all

methods/schemas except for the parallel multiway-merge in which only a single core is used

because it can only run on a single machine. For the weak scalability test, we increase both

computing resources and input data size at the same pace. The ratio is ten file/core for parallel

multiway-merge and ten file/node for all others.

24



©CO~NOOOTA~AWNPE

380

381

382

383

384

385

386

387

388

389

390

391

392

393

394

395

Results

We conducted experiments of Apache cluster-based schemas using Amazon’s Elastic MapReduce

(EMR) service and experiments of the HPC-based implementation using MIT’s StarCluster™

toolkit which launches an AWS openMP virtual private cluster (VPC). Within both infrastructures,

we choose EC2 working nodes of m3.xlarge type, which has four High Frequency Intel Xeon E5-

2670 v2 (Ivy Bridge) Processors and 15GB memory. We conducted experiments of parallel

multiway-merge on a single EC2 r4.8xlarge instance with 32 High Frequency Intel Xeon E5-2686

v4 (Broadwell) processors and 244 GB memory. We used a dataset consisting of 186 VCF files

[32] generated from Illumina's BaseSpace software.

Overall Performance Analysis of Clustered-based Schemas

Our primary goal is to explore the scalabilities of the three schemas on input data size and

available computing resources, namely CPUs. To achieve this, in this experiment we adjust the

number of input files from 10 to 186, with an approximate total uncompressed size from 2.5 GB to

40 GB, and used a varying number of working nodes from 3 to 18, namely 12 to 72 cores.
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As Figure 6 shows, for all three schemas, given a fixed number of cores, the execution time

increases at a slower pace than that of the input data size. On the one hand, the increase of

execution time is more obvious with fewer cores because each core is fully utilized. As the

number of input files increases, so does the number of parallel tasks assigned to each core. For

example, given 12 cores, as the number of input files increases from 10 to 186 (18.6 fold), the

execution time increases from 739 to 4,366 seconds (~5.9 fold) for the MapReduce schema, from

375 to 5,479 seconds (~14.6 fold) for the HBase schema, and from 361 to 1,699 seconds (~4.7

fold) for the Spark schema. On the other hand, with relatively more cores such as 72, this linear

increasing trend is less pronounced because there are more cores than tasks so that all cores are

assigned at most one task. We also notice when input data size is small or moderate, the Spark

schema does not always show a consistent improvement in terms of execution time with more

cores. This is reflected, for example, in the intersection of curves occurred between 24 and 72

cores in Figure 6¢. This phenomenon is attributed to the limitation of Spark’s internal task

assignment policy which gives rise to the possibility that some nodes are assigned more than one

tasks while others remain idle.
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Comparing Strong and Weak Scalabilities between Apache Cluster-based Schemas and

Traditional Parallel Methods

Figure 7 shows the results of the strong scalability. In accordance with the Amdahl’s law [37], all

schemas/methods show degraded efficiency with increasing computing nodes/cores. Parallel

multiway-merge has the steepest degradation because the more parallel processes, the higher

likelihood of workload imbalances among them. In addition, disk I/O reaches saturation as more

processes write simultaneously. Furthermore, to achieve data parallelism and improve execution

speed, we used Tabix indexer to index data blocks of input files. While reading, each process

needs to maintain a full copy of file descriptors, indices and uncompressed current data blocks of

all input files in memory. When both the number of processes and input files are large, great

pressure is placed on the memory management. For instance, a test with 93 files and 16 processes

requires over 100GB memory, which results in a very long memory swap and garbage collection

(GC) time. In contrast, the MapReduce-based schema has the best efficiency. Surprisingly, its

efficiency even improves when the number of cores doubles from the baseline. This is because it

has many parallel tasks in its second MapReduce phase, and when the core allowance is low, the
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overheads of repetitive task launching and terminating on a single core become non-negligible.

Consequently, as the number of cores starts to increase, the actual proportion of overheads in the

total running time decreases, leading to an improved efficiency. Nonetheless, as the number of

cores further increases, the unparalleled parts of the schema gradually dominated the total running

time, leading to a reduced efficiency eventually.

For the weak scalability test (Figure 8), following Gustafson’s law [38], all methods/schemas

show a much better efficiency than in the strong scalability test. Meanwhile, for the same reasons

as the strong scalability, the MapReduce-based schema enjoys the best efficiency while the HPC-

based implementation has the worst. This is because, for the HPC-based implementation, as the

number of input files increases, the total number of merging rounds also increases, leading to a

significantly reduced efficiency. Finally, all three Apache cluster-based schemas demonstrate

significantly better weak scalability than the two traditional parallel methods.

The Anatomic Performances Analysis of Apache Cluster-based Schemas

Another important goal of our study is to identify potential performance bottlenecks, so we

28



©CO~NOOOTA~AWNPE

444

445

446

447

448

449

450

451

452

453

454

455

456

457

458

459

evaluate the execution time of each phase/stage of all three schemas. Figure 9 shows the trends of

the anatomic computing time spent on merging increasing number of VCF files (from 10 to 186)

using 48 cores. For the MapReduce schema (Figure 9a), its two phases account for a comparable

proportion of total time and both show a linear or sublinear scalability. The reason that the time

cost of the first phase between 40 and 93 input files remains flat is because both runs use two

rounds of mappers. As the number of files doubles to 186, four rounds of mappers are required

which results in about a two-fold increase in the time cost as expected. For the three phases of the

HBase schema (Figure 9b), they are scalable with input data size. Meanwhile, the second phase

becomes more dominant with more input files owing to the larger amount of shuffled data during

the writing of HFiles. However, we do not consider it as a bottleneck since all tasks of this phase

are parallelized with no workload or computational hotspot. We do not observe a super-linear

(relative to input data size) increment pattern from the figure neither. Finally, Figure 9¢ shows the

time costs of the three stages of the Spark schema. They show a uniform increasing trend with the

number of input files. Among them, the second stage takes up a considerable proportion of the

total execution time as it has a relatively expensive sort-by-key shuffling operation. Although no

data is shuffled in the first stage, its time lapse is close to the second stage. This is because at the
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end of the first stage, data are sampled to determine the boundaries used by sort-by-key’s range

partitioner. This operation demands a considerable execution time because it scans all the data and

balances them if necessary.

Given that no super-linear increasing trend is observed in running time for all phases/stages of the

three schemas, and they generally scale well with the input data size, we conclude although the

performances of these schemas might degrade to some extent when dealing with even larger input

data due to overheads such as data transmission over network, we would not expect any

significant bottleneck.

Comparing Execution Speed between Apache Cluster-based Schemas and Traditional

Methods

Another intriguing question is: how does the speed of the Apache cluster-based schemas compare

to single machine based and traditional parallel/distributed methods/applications on merging

multiple VCF files into a single VCF or TPED file? To answer this question, we choose the

widely-used VCFTools (v4.2) and a single-process multiway-merge implementation as single-
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process benchmarks and parallel multiway-merge and HPC-based implementations as

parallel/distributed benchmarks, which are the same ones used in the experiments of strong and

weak scalabilities shown above.

In the first experiment, we merged 40 VCEF files into one VCF file using VCFTools as the

benchmark. As shown in Table 2, VCFTools takes 30,189 seconds while the fastest Apache

cluster-based schema among the three, the MapReduce-based, takes only 484 seconds using 72

cores, representing about a 62-fold faster. In the second experiment (Figure 10), we tested the

time costs of merging of multiple VCF files into a single TPED file using single/parallel

multiway-merge and HPC-based implementations as benchmarks. The single multiway merger is

run on a node with the hardware configuration (4 cores and 15GB memory) identical to the nodes

on which the Apache cluster-based schemas are run. The parallel multiway merger is run on a

node with a maximum of 18 simultaneously running processes. The HPC-based implementation is

run on an 18-node cluster with the same hardware configuration as the cluster where the Apache

cluster-based schemas are run. Initially, with ten input files, the parallel multiway-merge (~30

seconds) is much faster than all the other methods: about 7.3-fold faster than the fastest Apache
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cluster-based schema (MapReduce, 221 seconds). On the other hand, the slowest method is the

single-process multiway merger which takes 620 seconds to finish (about 2.8-fold slower than the

MapReduce-based schema). It is worth mentioning in this test the parallel multiway-merge is

essentially the same as the single-process multiway-merge, and the speed difference (~378

seconds) between them is the result of a different compression format (bz2 vs bgzip) of the input

files as explained above. As we gradually increase the number of input files to 186, the difference

in speed between the fastest overall method (parallel multiway merger, 602 seconds) and the

fastest Apache cluster-based schema (MapReduce, 809 seconds) reduces to about 1.3-fold, while

the difference between the slowest overall method (single multiway merger, 13,219 seconds) and

the MapReduce-based schema increases to 16.3-fold. In addition, all three Apache schemas

significantly outperform the HPC-based implementation. As explained in the strong and weak

scalabilities section above, we expect the larger the input data size, the faster the Apache cluster-

based schemas would run compared to the other traditional methods.

We also compare the time cost among the three schemas (Figure 10). They have a comparable

speed. More specifically, the MapReduce schema performs best if enough cores are available and
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the input data size is large; the HBase schema performs best with moderate input data size; the

Spark schema performs best if only a limited number of cores are available and the input data size

is large. The rationale behind this observation is that, when the number of cores is sufficient, the

MapReduce-based schema can make the most use of the available computing resources because it

runs a constant 25 parallel jobs (one for each of chromosomes 1-22, X Y and M (Mitochondria))

in its second phase. In contrast, the Spark-based schema has fewer tasks whose number equals to

the number of input files to achieve maximum data-task locality. When the input data size is

moderate, the HBase-schema triumphs because its internal sorting and relative compact storage

format of intermediate data. When the input data size is large and computing resource is relatively

limited, the Spark-based schema outperforms the other two owing to its least number of data

shuffling (only one), execution plan optimization, and ability to cache intermediate results in

memory. We caution, however, the computing time may fluctuate depending on the distribution of

genomic locations in the input files as well as data loading balance of the HDFS.

Discussion

In this report, we describe three cluster-based schemas running on the Apache Hadoop
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(MapReduce), HBase and Spark platforms respectively for performing sorted merging of variants

identified from WGS. We show all three schemas are scalable on both input data size and

computing resources, suggesting large scale of ‘-omics’ data can be merged efficiently given the

computing resources readily available in the cloud. Furthermore, the three schemas show better

strong and weak scalabilities than traditional single machine-based parallel multiway-merge and

cluster-based HPC methods owing to the absence of I/O bottleneck, better workload balance

among nodes, less pressure on memory, as well as data locality and efficient task coordination

mechanisms provided by HDFS and YARN. We also show even with a moderate-sized cluster and

input data, all three schemas significantly outperform the broadly-used, single-machine based

VCFTools, single-process multiway-merge and HPC-based implementations. Although initially

the parallel multiway-merge implementation is much faster than the Apache schemas owing to its

advantage of local I/O and light compression of input files, its poor scalability diminishes its

initial advantage as the number of concurrent processes and input files increases. Consequently,

we expect the Apache cluster-based schemas eventually outperform the parallel multiway-merge

when merging a much larger scale of data using a larger number of cores.
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Unlike normal merging, efficient sorted merging of many large tables has always been a difficult

problem in the field of data management. Multiway-merge is the most efficient single-machine

based method for sorted merging, but its performance is limited by the disk I/O [39]. Sorted

merging also places challenges to distributed system based solutions because neither the efficient

hash-based merging nor caching the intermediate table in shared memory is feasible [40].

Although a utility named total-order-joining is provided by the Hadoop for addressing this

problem, it suffers from both network communication and local disk 1/O bottlenecks, thus is not

scalable [27, 41]. In contrast, our schemas divide this problem into different phases/stages of tasks

each conquered in parallel to bypass these bottlenecks and achieve maximum parallelism.

Furthermore, in addition to merging sequencing variant data, these schemas can be generalized for

other key-based, sorted merging problems are frequently encountered in genetics and genomics

data processing. As an example, they can be slightly modified to merge multiple BED format files

such as ChIP-seq peak lists [42] and other genomic regions of interest. Other potentially useful

features include: 1) Unlike traditional sorted merging algorithms which usually require presorted
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inputs for a better performance, our schemas are free of such a requirement; 2) Our

implementations automatically take care of multi-allelic positions which are frequent in large scale

VCF flies by retaining the information of all alleles until the merging actually occurs.

Finally, in light of these different features and specialties of these three platforms, each of the

three schemas we developed has its own advantages and disadvantages under different application

scenarios as summarized in Table 1. For example, the MapReduce schema is good for a static one-

time, non-incremental merging on large-size data provided sufficient cores are available since it

has the most parallel jobs, the least overheads, and the most transparent workflow. The HBase

schema, supported by data warehousing technologies, fits for an incremental merging since it does

not need to re-merge existing results with new ones from the scratch only if the incremental

merging is performed on the same chromosomes. Also, it provides a highly-efficient storage and

On-Line Analytical Processing (OLAP) on merged results. The Spark schema is ideal for merging

large scale data with relatively limited computing resources because it has the least data shuffling

and keeps intermediate results in memory. A bonus brought by Spark is the subsequent statistical

analyses can be carried out directly on the merged results using its rich set of parallel statistical
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utilities.

Availability and Requirements

Project name: CloudMerge

Project home page: https://github.com/xsun28/CloudMerge

Operating system(s): Linux

Programming language: Java, Python

Other requirements: Java 1.7 or higher, Python 2.7 or 3.6, Hadoop-2.7, HBase-1.3, Spark-2.1,

StarCluster 0.95, MPI for Python 3.0.0

License: Apache License 2.0

Availability of Data and Materials

The source codes of the project are available in GitHub. The 186 individual VCF files used in our

experiments are modified from the original VCEF files obtained from WGS conducted by the

Consortium on Asthma among African-ancestry Population in the Americas (CAAPA) [32]. To
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conceal the potential individual identifiable genotype information from the public, we encrypt the

authentic genomic location of the original 93 VCF files to generate a new batch of encrypted VCF

files for test purposes. Please refer to Data Formats and Operations section for details. These

supporting data and a snapshot of project codes are available at the GigaScience database,

GigaDB [43]. Via GigaDB, we also provide sample results of merging 93VCEF files into either one

VCF or one TPED file using our Apache cluster-based schemas.

Abbreviations

VCF: Variant Call Format; MPI: Message Passing Interface; HPC: High Performance Computing;

GWAS: Genome Wide Association Studies; WGS: Whole Genome Sequencing; WES: whole

exome sequencing; AWS: Amazon Web Service; CGDM: Collaborative Genomic Data Model;

SAM/BAM: Sequence/Binary Alignment/Map; RDD: Resilient Distributed Dataset; DAG: Directed

Acyclic Graph; SPMD: Single Program, Multiple Data; NFS: Network File System; EMR: Elastic-

MapReduce; VPC: Virtual Private Cluster; GC: Garbage Collection; CAAPA: Consortium on

Asthma among African-ancestry Population in the Americas;
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Figure legends

Figure 1. Merging multiple VCF files into a single TPED file. Left tables represent input VCF

files. Table to the right represents the merged TPED file. Records are filtered out if their Filter

value does not equal to “PASS” (Pos 10147). Individual genotypes from multiple VCF files with

the same genomic location are aggregated together in one row. The resulting TPED file thus has

an inclusive set of sorted genomic locations of all variants found in the input VVCF files.
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Figure 2. The workflow chart of the MapReduce schema. The workflow is divided into two

phases: In the first phase, variants are filtered, grouped by chromosomes into bins, and mapped

into key-value records. Two sampling steps are implemented to generate partition lists of all

chromosomes. In the second phase, parallel jobs of specified chromosomes are launched. Within

each job, records from corresponding bins are loaded, partitioned, sorted and merged by genomic

locations before being saved into a TPED file.

Figure 3. The workflow chart of the HBase schema. The workflow is divided into three phases.

The first is a sampling, filtering and mapping phase. A MapReduce job samples out variants

whose genomic positions are used as region boundaries when creating the HBase table. Only

qualified records are mapped as key-values and saved as Hadoop sequence files. The second is the

HBase bulk loading phase in which a MapReduce job loads and writes records generated from the

previous phase, aggregating them into corresponding regional HFiles in the form of HBase’s row

key and column families. Finished HFiles are moved into HBase data storage folders on region

servers. In the third phase, parallel scans were launched over regions of the whole table to retrieve

desired records which are subsequently merged and exported to the TPED file.
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Figure 4. The workflow chart of the Spark schema. The workflow is divided into three stages.

In the first stage, VCF records are loaded, filtered, and mapped to PairRDDs with keys of genomic

position and values of genotype. The sort-by-key shuffling spans across the first two stages,

sorting and grouping together records by keys. Then grouped records with the same key are

locally merged into one record in TPED format. Finally, merged records are exported to the TPED

file.

Figure 5. The execution plan of the HPC-based implementation. The execution plan resembles

a branched-tree. In the first round, each process is assigned an approximately equal number of

files to merge locally. In the second round, even-numbered process retrieves the merged file of its

right adjacent process to merge with its local merged file. In the third round, processes whose ID

can be fully divided by four retrieve the merged file of its right adjacent process in the second

round and do the merging. This process continues recursively until all files are merged into a

single TPED file (round four).
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Figure 6. The scalability of Apache cluster-based schemas on input data size. A. MapReduce

schema. B. HBase schema. C. Spark schema. As the number of input files increases from 10 to

186, the time costs of all three schemas with 12, 24 or 72 cores increase in a slower pace than that

of the input data size, especially when the number of cores is relatively large. The HBase schema

with 12 cores has the largest increase (from 375 to 5,479 seconds, ~14.6 fold).

Figure 7. Comparing the strong scalability between traditional parallel/distributed methods

and Apache cluster-based schemas. We fix the number of files at 93 and increase the number of

nodes/cores. The baseline for the parallel multiway-merge is one single core, while for the others

is one single node (4 cores). All methods/schemas show a degraded efficiency as computing

resources increase 16 fold from the baseline. Specifically, the efficiency of MapReduce-, HBase-,

Spark-based schemas drops to 0.83, 0.63 and 0.61 respectively, while the efficiency of parallel

multiway-merge and HPC-based implementations drops to 0.06 and 0.53 respectively.

Figure 8. Comparing the weak scalability between traditional parallel/distributed methods

and Apache cluster-based schemas. We simultaneously increase the number of cores and input
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data sizes while fixing the ratio of file/core (parallel multiway-merge) or file/node (all others) at

ten. The baseline is the same as in the test of strong scalability. All but the MapReduce-based

schema have degraded efficiency, among which the HPC-based implementation has the steepest

degradation. Specifically, when computing resource increases 16 fold from the baseline, the

efficiency of MapReduce-, HBase- and Spark-based schemas changes to 3.1, 0.87 and 0.75

respectively, and for parallel multiway-merge and HPC-based implementations, the efficiency

reduces to 0.42 and 0.35 respectively.

Figure 9. The performance anatomy of cluster-based schemas on increasing input data size.

The number of cores in these experiments is fixed at 48. Time costs of all phases of the three

schemas have a linear or sub-linear correlation with the input data size. a) MapReduce schema:

The two MapReduce phases have a comparable time cost, increasing 6.3- and 3.1-fold

respectively as the number of input files increases from 10 to 186. b) HBase schema: The time

spent in each phase increases 4.2-, 5.6- and 5.0-fold respectively as the number of input files

increases from 10 to 186. The bulk loading and exporting phases together take up more than 80%

of total time expense. ¢) Spark schema: The time cost increases 5.8-, 6.0- and 6.0-fold
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respectively for the three stages as the number of input files increases from 10 to 186 files. Like

the HBase schema, the first two stages of the Spark schema together account for more than 80% of

the total time cost.

Figure 10. Execution speed comparison among Apache cluster-based schemas and

traditional methods. Firstly, we compare of the speeds of the three Apache schemas with that of

three traditional methods which are single-process multiway-merge, parallel multiway-merge and

HPC-based implementations. As the number of input files increases from 10 to 186, the speeds of

Apache cluster-based schemas improve much more significantly than traditional methods. The

numbers in the figures indicate the ratio of the time cost of each traditional method to that of the

fastest Apache cluster-based schema. Secondly, we compare the processing speed among the three

Apache cluster-based schemas which are comparable to each other regardless of the input data

size. The MapReduce schema performs the best in merging 10 and 186 files; The HBase schema

performs the best in merging 20, 40 and 60 files; The Spark schema performs the best in merging

93 files.
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Figure S1. Pseudocodes of the MapReduce schema.

Figure S2. Pseudocodes of the HBase schema.

Figure S3. Pseudocodes of the Spark schema.

Tables

Table 1. Performance comparisons between VCTools and Apache cluster-based schemas

VCFTools MapReduce HBase Spark
Time cost (seconds) 30,189 484 577 596
Fold (faster) - 62.4 52.3 50.7

Table 2. Pros and Cons of MapReduce, HBase and Spark schemas

Schemas Pros Cons

MapReduce e Good for large input data | ¢ Merging is not

size and sufficient incremental.
computing resources. e  Much overheads when
e Simple architecture and computing resources are
least overheads given limited

sufficient computing
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resources.
Best parallelism
Good for one-time
merging.

Performance is stable.

HBase Good for intermediate Users must determine
input data size (>=20 and region number in
<=100 VCF files). advance.
Supports incremental Has most local 1/O.
merging. Complex performance
Supports On-Line tuning.
Analytical Processing
(OLAP).
Best storage efficiency.

Spark Good for large input data Possibly weakened data

size (>100 VCF files) and
relative limited
computing resources.
Keeps intermediate
results in memory and
least local I/O.

Good for subsequent
statistical analysis on

merged results.

locality during loading.
Slight unstable
performance when
computing resources
exceeds needs of input
data size.

Actual execution plan is
not transparent.
Complex performance

tuning.
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