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Abstract

Introduction—The emergence and mass utilization of high-throughput (HT) technologies,
including sequencing technologies (genomics) and mass spectrometry (proteomics, metabolomics,
lipids), has allowed geneticists, biologists, and biostatisticians to bridge the gap between genotype
and phenotype on a massive scale. These new technologies have brought rapid advances in our
understanding of cell biology, evolutionary history, microbial environments, and are increasingly
providing new insights and applications towards clinical care and personalized medicine.

Areas covered—The very success of this industry also translates into daunting big data
challenges for researchers and institutions that extend beyond the traditional academic focus of
algorithms and tools. The main obstacles revolve around analysis provenance, data management of
massive datasets, ease of use of software, interpretability and reproducibility of results.

Expert Commentary—The authors review the challenges associated with implementing
bioinformatics best practices in a large-scale setting, and highlight the opportunity for establishing
bioinformatics pipelines that incorporate data tracking and auditing, enabling greater consistency
and reproducibility for basic research, translational or clinical settings.
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1. Introduction

The emergence and global utilization of high throughput (HT) technologies, including HT
sequencing technologies (genomics) and mass spectrometry (proteomics, metabolomics,
lipids), has allowed geneticists, biologists, and biostatisticians to bridge the gap between
genotype and phenotype on a massive scale (Figure 1). We have witnessed ultra-high-
throughput or deep sequencing of DNA transition from development to widespread use and
acceptance [1-3]. The adoption of these novel technologies has been met by a paradigm shift
in how biological assays are designed and executed [4]. Deep sequencing has reduced the
cost per base of DNA sequencing by several orders of magnitude, and has effectively
introduced genome sequencing center capability into every laboratory [1].

These new genomics technologies have brought swift advances to our understanding of cell
biology, evolutionary history, microbial environments, and are increasingly unlocking new
insights and applications towards clinical care and personalized medicine. Yet the very
success of this industry also translates into daunting challenges for researchers and
institutions (Figure 2). While the scientific community has responded with novel tools and
algorithms to process and interpret this data, many challenges remain in analysis
provenance, data management of massive datasets, ease of use of software, interpretability
and reproducibility of results, as well as privacy and security of protected health
information. Our focus in this article is genomics data and the establishment of consistent,
reproducible analysis pipelines based on traditional scientific tools enabled with
comprehensive data tracking software.

2. The Genomic Promise

The wide application of HT genomics technologies, including microarray and deep
sequencing technologies has allowed scientists to bridge the gap between gene sequence and
function on a scale that was not possible until recently [4]. This has enabled the era of
precision medicine (PM), a medical model that aims to customize healthcare to individuals,
with medical decisions, treatments and therapies tailored to individual patients. In his 2015
State of the Union address, President Obama announced the launch of the Precision
Medicine Initiative —to transform health care and disease treatment. PM is an innovative
approach that encompasses the patient's genetic background, environments, and lifestyle
choices. PM exploits diagnostic testing to select optimal therapies guided by the genetic
blueprint of an individual. Such diagnostics include advances in molecular diagnostics
(microarray, targeted sequencing), imaging techniques and advanced analytics/software [5].
To support the import and standardization of genomic and clinical data from cancer research
programs, NCI has established the Genomics Data Commons (GDC) [6] as a next
generation cancer knowledge network addressing the receipt, quality control, integration,
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storage, and redistribution of standardized cancer genomic data sets. Enabling
standardization, consistency and reproducibility is fundamental for future medical
professionals to utilize PM in targeting the treatment of disease.

Cancer genomics is a rapidly expanding area of PM. Patients with cancer face an ever-
widening chasm between the exponential technology advances and the linear rate at which
these breakthroughs are implemented in the clinic [7]. The racial disparities in cancer
detection, incidence, and mortality that exist in the US provide additional challenges for PM
approaches. The American Cancer Society recently provided estimates of the number of new
cancer cases and deaths for African Americans and the most recent data on incidence,
mortality, survival, screening, and risk factors for cancer [8]. Approximately 189,910 new
cases of cancer and 69,410 cancer deaths will occur among African Americans in 2016.
Although African Americans continue to have higher cancer death rates than whites, the
disparity has narrowed for all cancers combined in men and women, and for lung and
prostate cancers in men. In contrast, the racial gap in death rates has widened for breast
cancer in women and remained level for colorectal cancer in men [8].

At the core of PM approaches is the ability to leverage novel approaches in data science to
assemble, mine and exploit the large Omics data generated during deep genome and
transcriptome sequencing experiments, often in a rapid timeframe. In the case of cancer
genomics initiatives, big data approaches have the potential to provide cancer researchers
with novel biomarkers particularly the identification of single nucleotide variants (SNV) and
point mutations that may serve as therapeutic targets. In addition to expediting personalized
genome sequencing, novel applications and innovative assay concepts have emerged in the
research setting (including diverse applications such as RNA-Seq, micro-RNAseq, ChIP-Seq
Exome-Seq and MethylC-seq experiments) that are vastly increasing our ability to
understand genome function [9].

3. Challenges in Genomics Data Analyses

These novel and ever-expanding applications bring with them a host of challenges that create
a daunting barrier to their adoption beyond the research setting. HT technologies are in a
state of flux due to constant improvements and upgrades, with new platforms, innovations
and algorithms being added frequently, thereby creating complexity in the choice of the most
appropriate data analysis pipelines. As observed with DNA microarray analysis over a
decade ago, better analytical tools are emerging over time.

There are many challenges associated with selecting and implementing the right set of tools
in basic research, translational or clinical settings. Bioinformatics analyses are complex,
multi-step processes comprised of multiple software applications. Most of the applications
specific to HT sequencing data have been developed in the last decade at multiple academic
institutions, by graduate students and postdoctoral researchers. These applications are often
incredibly sophisticated and intricate in their statistical and algorithmic approaches. Many
academic efforts are spent improving the statistical accuracy of particular approaches
leading to constant changes in the most appropriate pipeline that can be assembled at any
given point in time. The result from these converging trends is a vast landscape of mostly
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open-source tools: at time of publication, there are over 11,600 genomic, transcriptomic,
proteomic, and metabolomic tools listed at OMICtools (www.omictools.com). Furthermore,
each assay requires a unique set & sequence of logic to be properly analyzed, and thus
require their own set of software and algorithms to be assembled into a sequence of
execution, or analysis pipeline. This complexity is often left to the researcher to reconstruct
(Figure 2). The resulting combination of open source applications, algorithms and custom
scripts resemble more a spaghetti code, than a repeatable, accurate clinical analysis.

Although the scientific community has long recognized the requirements for improving the
reproducibility of computational research [10], these fundamentals of computer science are
often eschewed for the more enticing challenge of developing novel algorithms.
Consequently, bioinformatics pipelines developed with mainstream scientific tools often fall
short in addressing these basic rules required for analysis provenance, including the tracking
of metadata for the production of every result and the associated application versioning.
Another challenge in traditional pipelines is the handling of all intermediate data, including
temporary and log files. Such files contribute to the massive expansion of data during
processing, and are often stored in obscure folders within each bioinformatics application.
Such metadata tracking is rarely found in typical bioinformatics pipelines, yet is now
required for all data sharing with the GDC.

One of the greatest challenges to overcome for broader adoption of HT technologies is the
user experience complexity. Currently, the majority of these tools require intricate
command-line instructions to operate and set analysis parameters. This level of required
technical experience precludes broader audiences from properly utilizing these tools. Hence,
there is a need to achieve a new level of simplicity and ease of use in the user experience of
HTS analysis tools, such that non-technical audiences, who lack the computer science
background, such as the clinicians and wet lab researchers, are afforded the opportunity to
interact with these software tools and explore HTS datasets. Enabling such improvements in
Ease of Use will expand the breadth of analyses and scope of data interpretation, potentially
unlocking new insights into important biomedical research questions.

One of the most notorious challenges in genomics lies in the sheer number of databases and
knowledge bases provided by the community and commercial vendors: In fact there is such
a preponderance of these resources that Nucleic Acid Research publishes a yearly summary
of them [11] - the latest count was 1685, as of January 2016. Keeping up with the latest
database, developing integration methods, and tracking changes to formats remains a
daunting challenge. Recent, promising efforts to create standards and enable sharing of
knowledge have focused on the use of APIs as a universal communication protocol (e.g. the
Global Alliance for Genomics and Health (GA4GH)) [12]. In this constantly evolving
landscape, reproducibility of research can only be achieved by a comprehensive policy to
manage the volume of knowledge and data passing through the virtual laboratory.

Data management is a key challenge that must be addressed at the onset of large-scale
projects, rather than as an afterthought. HTS experiments generate massive raw data files
known as FASTQ files (Figure 1), which are text based files containing nucleotide sequence
and quality score information. These files are usually considered the ‘raw’ data and are
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therefore treated as precious as the biological samples from which they are derived. To
generate useful knowledge from this data, trimmed and cleaned raw data files are then
subject to secondary analysis, usually including alignment to a reference genome, de-novo
assembly, or k-mer counting. Such analyses generate equally massive secondary and
intermediate files describing the alignment, assembly or quantification of the raw data. In
turn, these derived files may often be sorted, filtered, annotated, or analyzed in any number
of ways that generate even more data. All of these data, whether stored as file, objects or
elements in a database, amount to a massive expansion, in some cases 3x - 5x expansion, in
the number and total footprint of the initial data, resulting in significant storage management
challenges.

All too often, research institutions lack a comprehensive policy and data tracking mechanism
to ascertain at any time how much computer storage space is being utilized by these files. It
is not uncommon to hear that research institutions have Terabytes of HTS data scattered
across hundreds of directories and folders, while the only expansion ‘backup’ strategy
consists of removing old hard drives and placing them on a bookshelf, or on the other
extreme that teams of researchers are required to meet weekly to assess which files can be
deleted from overloaded data volumes. It is, therefore, paramount to incorporate data
management systems and retention policies with traditional bioinformatics pipelines to track
analyses and other pertinent information so that users and administrators of the system can
find their data, preserve analysis provenance and enable consistent reproducibility of results.

4. Bioinformatics Best Practices

The Biolnformatics Shared Resource at the Medical University of South Carolina Center
(MUSC) for Genomic Medicine sought to overcome the aforementioned challenges in
traditional tools and pipelines through the implementation of a new bioinformatics system
incorporating best practices with mainstream tools enhanced by a scalable commercial
platform for genomics data management. MUSC's new system was designed and
implemented over the past two years to incorporate mechanisms for addressing the typical
pitfalls in scientific pipelines developed with freely available open source software tools, in
the areas of data tracking, storage management, analysis provenance, workflow automation,
as well as system infrastructure.

Prior to these enhancements, an older high-performance computing cluster similar to those
used at research institutions across the country was utilized. Bioinformatics pipelines were
run by users creating their own scripts and manually submitting jobs to the system scheduler.
Data management, if implemented, was user driven, and in the majority of cases, performed
manually. This system featured multiple compute nodes, a specialized storage array and
network which had reached its capacity of 30 terabytes (TB), and a job scheduler to manage
and distribute bioinformatics workloads from traditional user-defined pipelines across the
computational cluster.

In establishing the Biolnformatics Shared Resource a strategic collaboration with OnRamp
Biolnformatics was implemented (San Diego, CA) and the Genomics Research Platform™
(GRP) was chosen as the basis for genomics research and data management. The OnRamp
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Biolnformatics platform provides advanced genomics data management software and
scalable big data system architecture. This unified bioinformatics system with
comprehensive data tracking, analysis provenance and a rich portfolio of bioinformatics
pipelines extends the capabilities of mainstream open source analysis tools.

As shown in Figure 3, the GRP converges genomic analysis software with highly scalable
hardware based on big data architecture. This approach distributes data storage across 10
hyperscale compute nodes, rather than employing a large, expensive storage array or
network. Hyperscale compute nodes were originally designed to provide highly efficient
infrastructure for cloud-computing, and are well suited for bioinformatics due to their high-
performance computation, high-throughput networking and high-capacity internal storage.
The system then creates multiple protected data volumes that span all computational nodes
utilizing a commercial-grade, high-performance, Distributed File System (DFS) from MapR
Technologies. Proprietary OnRamp software integrates MUSC-specified bioinformatics
pipelines with cluster management software, including a job scheduler and metadata
database for all tracking and analytics.

4.1 Intuitive User Interface

As a major advancement in Ease of Use, the GRP provides an intuitive user interface, based
on the latest web standards, that enables non-technical audiences, such as clinicians and wet
lab researchers, to interact with bioinformatic tools and, most importantly, explore HTS
datasets. Though this interface, sample and experiment data is tracked, sequence data is
easily uploaded, automated pipelines are launched and resulting data is interactively
visualized and downloaded. Search capabilities enable all metadata to be searched for any
file, pipeline or command within the GRP. Comparative meta-analysis enables researchers to
dynamically contrast the output from multiple pipelines within interactive Venn diagrams to
identify and explore overlapping areas of interest within gene expression or variant calling.

4.2 Laboratory information management system (LIMS)

The management of laboratory samples and the associated analysis (data analysis pipelines
and files) and reporting are time-consuming manual processes often riddled with human
transcription errors [13]. We sought to streamline the collection of data (sample names,
quality control metrics on samples) and how this was ultimately recorded. This included
capturing information on Sample Name, Species (of origin), Age, Gender, Genotype (wild
type, gain or loss of function), Tissue (of origin), Sample Volume (ul), Concentration (ng/
ul), Disease (if from a disease tissue), information on whether the data derived from a time
course experiment (Time) or compound treatment (Drug), and Cell line (or other biological
source).

To integrate the collection of data in this way, we employed the GRP's built-in LIMS, which
is specifically designed to import both single-end and paired-end FASTQ files generated by
[llumina sequencing instruments. The LIMS system identifies the FASTQ files and pairs
each unique sample with each matching FASTQ file so they are tracked throughout the
analytics pipeline and downstream data manipulations. Once the LIMS system has been
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populated with the essential data described above the FASTQ files are imported into a
project folder within the GRP, and quality control subroutines are automatically launched.

5. Bioinformatics Pipelines

MUSC bioinformatics researchers, like many academic institutions, perform many
‘standard’ analyses using HTS technology, including RNA expression (MRNA-seq/miRNA-
seq), DNA resequencing (targeted panel, whole genome sequencing (WGS), whole exome
sequencing (WES), and epigenetic assays (ChlP-seq, Methyl-seq). These pipelines can be
quite complex, yet often follow the same outline, so it is naturally desirable to automate this
process. We leveraged the OnRamp GRP to deploy these pipelines and analyses in a highly
reproducible and traceable way.

5.1 RNA-Seq pipeline

RNAseq Analysis is a powerful technique that allows comparison of the transcriptomes of
different cell states and/or populations [14]. The output of the sequencing instrument is the
FASTQ file which contains the reads and a quality score for each base [15]. A read is a
sequence of nucleotides 30-400 base pairs in length, depending of the sequencing
technology utilized. The FASTQ files represents the raw data, or the input, of RNAseq
Analysis. A summary flowchart of the analysis is shown in Figure 4 and is discussed below.
Although the specific steps of the analysis are complex, the logic is straightforward. The
researcher needs to evaluate the quality of their data, to select and analyze only data with
quality scores above threshold. Any adapter sequences that remain from the library
preparation step need to be located and removed while at the same time filtering out the low
quality reads. Next the reads are aligned to the genome determine the genes that the reads
derived from. Finally the expression of each gene is quantified, enabling the comparison of
the transcriptome in different cellular states [16].

To focus on MRNAs, polyadenylated (poly A+) RNA is enriched from total RNA and
reverse-transcribed and converted to a strand-specific sequencing library [17-20]. Single end
(SE) or paired end (PE) sequencing is carried out to depths of 50 to 100 million reads and 50
to 125 cycles respectively. In projects for which isoform-specific expression or novel
transcript identification is desired, longer 150 to 250 bp-paired end reads or greater are
sequenced. Each sample is sequenced to a minimum depth of 100 million reads.

FASTQC is one of the most widely used programs to check the quality of raw sequence data
[21]. FASTQC output provides graphical representations of the input FASTQ file with
metrics including “Per Base Sequence Quality” and “Overrepresented sequences”. FASTQC
outputs graphics which highlight FASTQ input files that can be considered acceptable or
unacceptable (Figure 5). Running FASTQC before and after adaptor trimming allows the
user to make a decision as to whether the FASTQs are of high enough quality for
downstream analyses [21]. Trimming and Filtering are part of the pre-processing step in
which low quality bases and overrepresented sequences are removed [22]. Figure 5
illustrates this issue. The sample in Figure 5A, is of high quality whereas the sample in
Figure 5B has several quality issues owing to the library preparation step but overall
represents high quality sequencing. The researcher would most likely trim and filter
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overrepresented sequences, and rerun FASTQC to ensure that the sample was acceptable for
downstream analyses. These processes increase the quality and reliability of the analyses
and diminish the computational cost and execution time [23]. Cutadapt and Trimmomatic
are two frequently cited software suites which perform this step [24]. Although the two have
differences in their approach their results are similar [23]. Trimmomatic runs in Java, can
work simultaneously with paired end data but only supports lllumina sequencing data [23,
25]. Cutadapt runs in Python and C, and paired ended samples have to be analyzed
separately. However sequencing data is not restricted to Illumina data. Cutadapt works with
SOLID sequencing data [23, 24].

The reads that pass QC, are aligned to the genome to identify genomics features and
quantify gene expression. The average mature mRNA transcript size in the human genome,
based on the GRCh37 annotation, is 2,227bp, with each exon an average of 235bp in length,
and each transcript containing an average of 9.5 exons [26]. As the read length can vary
from 30 to 400bp and differential splicing, mismatches, insertions, deletions and mutations
can occur [14], it is necessary to take this into consideration during the alignment process
[26-28]. Sequence reads are mapped to the mouse (GRCm38/mm10) or human genome
(GRCh37/38 or hg19/38) depending on the species. The alignment is considered successful
if 70 to 90% of the reads map to the genome [29].

STAR, TopHat and TopHat?2 are frequently used alignment tools for RNAseq data [26-28].
STAR (Spliced Transcripts Alignment to a Reference) aligns all the sequences, including
reads containing junctions, directly to the reference genome in two steps, first the “searching
seed” step aligns all possible parts of the reads and then the “clustering/stitching/scoring”
step aligns the remaining parts [28]. STAR is one of fastest aligners in use, and can align
both short and long reads and is the ideal choice for large datasets [28]. Tophat first employs
bowtie to align all the non-junction reads and then aligns the unmapped reads to possible
splice regions via a seed-and-extend algorithm. It is designed to align reads up to 50bp in
length [27]. Tophat2, an improved version of Tophat that exploits the BowTie2 aligner,
employs the same strategy in that it aligns short reads. TopHat2 however is better suited to
aligning reads greater than 50bp. Furthermore It is more sensitive to insertions, deletions and
other structural variations than previous version and more sensitive to splicing regions than
STAR [26]. Both TopHat versions are less computationally intensive than STAR but are
slower [28].

There are basically two methods to define the differential expression of genes in RNAseq
analysis: 1) methods based on raw count data or 2) methods based on transformed counts i.e.
FPKM (Fragments Per Kilobase of transcript per Million mapped reads) [30]. Raw count
data is a measure of how many reads for that gene exist in the file [31]. FPKM on the other
hand is a transformation that normalizes the counts by taking into consideration the different
library sizes and the length of the transcripts. Since a long transcript is expected to obtain
more reads than a short transcript with the same expression level [30], this correction is not
necessary when the intention is to compare the expression of the same gene across multiple
samples, but is necessary if the objective is ranking genes by their expression level or
abundance [29].
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The Cufflinks package is one of the most used FPKM based method for gene expression
analysis [30, 32]. With Tophat and Bowtie it forms the basis of the “Tuxedo Pipeline” [32].
The Cufflinks package contains the Cufflinks program itself, and Cuffmerge and CuffDiff.
Cufflinks assemble the reads into transcripts, Cuffmerge merge these assemblies together to
provide a uniformed basis for gene expression calculation and CuffDiff use these merged
assemblies to calculate differential gene expression and tests the statistical significance of
the observation [32]. Compared with DESeq2 and Limma/Voom the Tuxedo pipeline has
lower precision and sensitivity [30, 33].

Several programs exist that count reads from RNAseq, the most widely used is HTseq [13].
HTseq is designed to map reads unambiguously to a single gene. Reads that align to more
than one gene are discarded [31]. GenomicAlignments, an R package, has the function
‘summarize overlaps’ that can be used for count reads with similar results [31].

For differential expression calculations, DESeq2, EdgeR and Limma/voom are widely
utilized [33-36]. DESeq2 and EdgeR both use the negative binomial distribution model and
an empirical Bayes method for calculation. Both require medium computational times [30,
33, 37]. DESeq?2 should be used carefully when only two replicates per group are available,
however as sample size increases DESeq?2 has robust False Discovery Rate (FDR) control
and can accommaodate outlier samples [30, 33, 37]. EdgeR can be also be used with small
sample size, for example 2 biological replicate samples per condition, but the FDR control is
poor and not optimal when outliers are present [30, 37].

Limma bases its calculation on linear models and empirical Bayes analyses, is
computationally fast, and has been the method of choice for gene expression analysis for
microarray data for more than a decade [36]. The function ‘voom’ transforms HTS count
values to logarithmic values, adding a precision weight for each observation and allowing
exploitation of the Limma pipeline with this data [34]. Limma/voom can be used with small
samples sizes, such as 2 biological replicates per condition, allows complex multi-factorial
designs and permits both RNAseq and microarray data to be analyzed in similar pipelines
facilitating comparisons [30, 34, 36].

5.2 miRNA-Seq

Analysis of mMiRNA sequencing data is challenging as it requires significant computational
resources. Many user friendly web based analytical tools are available but they often lack
flexibility and are usually restricted to processing one or a pair of samples at time.
Furthermore they are not suitable for large scale studies. The Comprehensive Analysis
Pipeline for microRNA Sequencing data (CAP-miRSeq) from the Mayo Clinic is a robust
tool which integrates read pre-processing, alignment, mature/precursor/novel miRNA
detection and quantification, data visualization, variant detection in miRNA coding regions,
and flexible differential expression analysis between given experimental conditions. A
significant advantage of this tool over many of the web based tools is its scalability from a
few to hundreds of samples [38].
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ChlIP-seq defines the genomic locations of transcription factors and histone modifications
associated with distinct transcriptional states [39-42]. Following base-calling, reference
genome mapping is performed using Bowtie2 [19, 43]. Other data processing steps, such as
quality control, read counting, peak finding, motif analysis and visualization are performed
using the HOMER software suite [44], Model-based Analysis for ChIP-seq (MACS) [45,
46] and MOSAICS [47-49]. Differential binding analysis of ChlP-seq peak data is
performed with the Bioconductor package DiffBind [50, 51].

sequencing and Reduced Representation Bisulfite Sequencing (RRBS)

Methyl-C and RRBS libraries are constructed from the bisulfite-treated DNA and sequenced
using an established single-end sequencing SE50 protocol. Bismark is utilized for both read
mapping and methylation calling [52]. Following alignment, the percentage of methylation
at any site can be determined by comparing the ratio of T to C detected at any site. Any
sample that shows a bisulfite conversion efficiency of less than 95% is repeated. The BiSeq
R package is used to detect differentially methylated regions (DMRs) [53]. RnBeads, an R
package for the comprehensive analysis of genome-wide DNA methylation data with single
basepair resolution presents the analysis results in a highly interpretable fashion [54].

5.5 Metagenomics analysis

Insights into commensal complex microbiota are provided via HTS. Interactions taking
place between microbes in these diverse environments and the implications their interactions
may have for pathogenesis is uncovered via metagenomic approaches [55-58]. Over the past
decade, cultivation independent molecular techniques, particularly those based on the small
subunit ribosomal RNA (16S rRNA) gene, have provided a broader unbiased biased view of
diversity and abundance of the microbiota [59-61]. The prokaryotic 16S rRNA is
approximately 1500 bp in size and contains nine interspersed conserved and variable regions
that facilitate sequencing and phylogenetic analyses. The analytical strategy that we employ
for community analyses is based on Illumina MiSeq sequencing and targets the VV3 and V4
regions (an amplicon of approximately 459 bp). The Illumina sequencing approach
generates paired end 250 bp reads overlapping the entire V3 and V4 regions. Up to 96
samples can be multiplexed into a single library, for high throughput sequencing. Initial data
QC and preliminary analysis is performed using lllumina MiSeq Reporter proprietary
software. The ‘Quantitative Insights Into Microbial Ecology’ (QIIME) software suite is used
to perform microbial community analysis. It facilitates analysis and interpretation of nucleic
acid sequence data from fungal, viral, bacterial, and archaeal communities [62-64]. For
shotgun metagenomics sequencing data, we utilize SUPER-FOCUS, SUbsystems Profile by
databaskE Reduction using FOCUS, a homology-based approach using a reduced reference
database to report the subsystems present in metagenomic datasets and profile their
abundances [65, 66]. SUPER-FOCUS accurately predicts the subsystems present in the
profiled microbial communities, and is up to 1,000 times faster than other tools.
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5.6 Whole Genome and Exome Sequencing

There are many techniques for identifying an individual's genetic variation for diagnostic
purposes. Here we focus the bioinformatics methods used in the analysis of whole genome
and exome sequencing. HTS is a complex process which is frequently divided into three
large steps: primary, secondary, and tertiary (Figure 6). Primary analysis is essentially
generation of the FASTQ files as described above by the sequencing instrument. Secondary
analysis takes the raw read sequences, associates these smaller reads with the overall target
genome, and identifies specific sites of genetic variation. Tertiary analysis is the process of
gathering information about the individual genetic variation identified, and using this
information to generate a subset of relevant variants. Below, we will explore the processes in
the secondary and tertiary analysis.

In order to derive variant information from the individual reads, they must first be aligned to
a genome. In general, this process involves comparing each read to a reference genome
(though it is also possible to align the reads to themselves via de novo assembly). The
development of human reference genomes is an ongoing process. The most current version
is the Genome Reference Consortium human version 38/University of Santa Cruz human
genome 38 (GRCh38/hg38) though the slightly older version (GRCh37/hg19) is still much
more commonly used. A variety of algorithms have been developed for the purpose of
sequence alignment and the selection of the aligner will be based upon many factors,
including the type of sequencer, the DNA library preparation, and the expected mutations.
For short read sequences, two of the most popular options freely available are the Burrows-
Wheeler Aligner (BWA) [67] and Bowtie 2 [68]. The choice of aligner will impact speed,
performance, accuracy, indel detection, and alignment algorithm is an area of active
development. The output of these files is a sequence alignment map (SAM) or its more
common binary counterpart, the BAM. This file contains most of the basic information from
the FASTQ file, as well as information including the position at which each read was
aligned, how closely the read matched the reference, and a quality score for the alignment.

The next major step of secondary analysis is variant calling. This is the process by which the
aligned reads are looked at in aggregate to identify locations at which an individual has
genetic variation, and determine the nature of that variation. Modern variant callers are very
complex pieces of software which incorporate the various quality scores generated thus far
(one for each base for each read, and one for the alignment of each read), depth over
coverage at a given site, and probabilities of various kinds of mutations. Furthermore,
experimental design can play a critical role in the assumptions utilized to improve variant
calling. For instance, when performing sequencing on a single individual, the caller makes
assumptions of biallelic distribution. However, when sequencing a tumor sample, tissue
heterogeneity and subclonal populations dramatically alter the kinds of assumptions possible
about allelic frequency. Similarly, if sequencing related individuals, the genetic relationships
between individuals can be taken into consideration during variant calling. Similarly, when
performing a tumor-normal analysis, the calls made on the normal sample can influence
calls on the tumor sample. Three of the most popular variant calling algorithms freely
available are the Genome Analysis Toolkit Haplotype Caller [69-71], Samtools mpileup
[72], and Freebayes [73]. The general output of a variant caller is a variant call file (VCF). In
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its simplest form, a variant call file specifies the genomic location of a variant, the alternate
observed, various statistical measures related to the call, and an assigned quality score. As

we discuss in the tertiary analysis, it is possible to annotate these VCFs with many sources
of information on each variant.

Even more so than aligners, variant calling is a rapidly developing area with many new
variant callers on the horizon, which incorporate both advances in bioinformatics and
computer science (such as Apache Hadoop/Spark), including GATK 4.0 (with MUTECT 2)
and ADAM. Specialized variant callers are also in development for special cases, such as
detection of large insertions and deletions and the detection of copy number variants ie.
Amplicon Indel Hunter [74].

The need for comparison of secondary pipelines is a growing concern. While many excellent
reviews have tackled the issue [75, 76], a number of online resources have begun to tackle
the issue in a more exhaustive way. For instance the online resource ‘Genome Comparison
and Analytic Testing’ [14] provides validated test data for users to run through their various
pipelines and share results [77]. The Federal Drug Administration has a similar initiative in
development.

As sequencing and variant identification has become commonplace, the real challenge lies in
finding meaning and significance in the vast data sets. For HTS data, this largely involves
annotating a VCF against many annotation sources. There are three popular open source
tools for directly annotating a VVCF file, incorporating the annotations directly into the
“INFO” field of the VCF: SnpEff [78], Variant Effect Predictor [79], and ANNOVAR [80,
81]. At their most basic, these tools determine the relationship between a variant, determine
the gene and “canonical” transcript this variant impacts and determine the expected impact
of the variant at the codon level (if it is in a coding region). From this the variant can be
assigned a standardized human genome variation society (HGVS) nomenclature. However,
these tools also come with frequently updated “databases” of information including
resources describing the variant (dbSNP) its clinical significance (ClinVar [82], OMIM [83],
COSMIC [84]), its estimated impact on protein function (PROVEAN [85], PolyPhen-2
[86]), and its frequency of expression in “normal healthy” individuals (EXAC [87]). Then,
having annotated a VCF, one can begin to deal with the list. Usually, the first step in this
process is to filter out variants. This filtration process will in part be based on annotations
and in part on quality controls. There are also many commercial products for acquiring and
visualizing annotations on a mutation, and other open source tools attempting to move away
from a strict dependence on the VCF file format (GEMINI [88]).

Once a candidate list of variants is identified, it is important to confirm the list by examining
the individual variants as a sequence pileup in a product such as the Integrated Genome
Viewer [89, 90] to make sure no erroneous calls have been made. Ultimately, the final
variants are evaluated for their biological significance. For instance, in a clinical cancer
laboratory, an individual's variants will be examined first for known actionable variants
which enable precision medicine approaches, i.e. impact current treatment options or predict
patient outcome. Again, many resources exist for determining the actionability of a variant,
including COSMIC [84], My Cancer Genome [91], JAX Clinical Knowledgebase [92],
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CIVIC [93], and Cornell-Weill PMKB [94]. It may also be desirable to attempt to identify
cancer drivers within the individual by performing pathway analysis or utilizing
computational software for identifying drivers. In any case, the annotations and downstream
analysis of a given patient are greatly determined by the application and are rapidly
evolving.

6. Conclusions

Remarkably, while massively parallel sequencing instrumentation was not even
commercially available a decade ago we have transitioned through several generations of
commercial DNA Sequencers. This instrumentation has been and will continue to be
transformative for genomics research. It has revolutionized the analysis of gene expression,
enabling the implementation of a variety of assays such as ChIP-Seq and RNA-Seq that
provide global and multi-dimensional views of the transcriptional landscapes in diverse cell
types and tissues. Such information is contributing to rapid advances in our understanding of
gene regulation in development that are directly relevant to unanswered questions in
biomedical research. At the core of genomic medicine approaches is the ability to leverage
novel approaches in data science to assemble, mine and exploit the large Omics data
generated during deep genome and transcriptome sequencing experiments, often in a rapid
timeframe, particularly in clinical settings.

7. Expert Commentary

Implementing technical infrastructure and workflows for high throughput sequencers
requires a significant amount of storage, network bandwidth, and computational support.
HTS datasets can easily reach terabyte sizes per instrument run, excluding secondary
analyses. In addition to the computational burden resulting from the need to store and
process gigabytes of data streaming from sequencing machines, collecting metadata and
providing data to end users will continue to grow in complexity. Additionally, there are
many challenges associated with selecting and implementing the right set of analytical tools
for both the analysis and interpretation of HT datasets. To overcome these, we formed a
strategic collaboration with OnRamp Biolnformatics and implemented several best
practices, in the areas of analysis provenance, data management, workflow automation, user
interface as well as scalable system infrastructure and storage. The impact of this is still
being realized as we continue to expand the scope of our research while accumulating an
ever greater genomic data store that will be accessible to our wider research community.

7. Five Year View

We expect scientific focus in the field of genomic analysis to shift downstream from the
current study of bioinformatics pipelines for secondary and tertiary analysis. As more and
more large countries and institutions begin to collect vast datasets (e.g. 100K Genomes UK),
both the amount, and cost, of genomic data stored in the cloud are projected to increase.
Driven by national privacy laws, the cost of cloud computing/storage and huge data upload
requirements, institutions are already moving toward private cloud environments. Private
clouds will offer advantages over commercial cloud subscriptions, but will come at a cost:
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data may become difficult to aggregate and standards may diverge between platforms.
Successful solutions will offer some flavor of data beacons that allow users to advertise the
presence of potentially useful data without revealing much about the data itself.
Furthermore, the Big Data and machine learning fields will continue to advance in
sophistication and increasingly will have the ability to analyze large data stores that may be
geographically distributed. The role of machine learning will shift from exploratory to
fundamentally required, in order to draw relationships and insights from ever growing
genomic data stores. As best practices, such as those outlined in this paper, enable
streamlined analysis of high-throughput sequence data sets, commercial and clinical
institutions will join the race to accumulate ever greater, differentiated genomic data sets
with the objective of improving precision medicine programs. With the growth of these data
sets, our scientific focus will center on training the machine learning to help us explore,
exchange and interpret datasets measured in exabytes. Accessing and analyzing these
treasure troves of data will provide a competitive battleground for the future of precision
medicine.
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Key issues

HTS datasets can easily reach terabyte sizes per sequencing instrument run,
excluding secondary analyses. In addition to the computational burden
resulting from the need to store and process gigabytes of data streaming from
sequencing machines, collecting metadata and providing data to end users is
complex.

The main challenges revolve around ease of use of software, data
management of massive datasets, interpretability and reproducibility of
results, and privacy and security of protected health information.

As observed with DNA microarray analysis over a decade ago, better
analytical tools are emerging over time for HT genomic analyses.

As sequencing and variant identification has become commonplace, the real
challenge lies in finding meaning and significance in the vast data sets. For
HTS data, this largely involves annotating a VVCF against many annotation
sources.

A sound data management and retention policy to track analyses and other
pertinent information so that users and administrators of the system can find
their data is critical.

One of the greatest challenges to overcome for broader adoption of HT
technologies is the user experience complexity. Currently, the majority of
these tools require intricate command-line instructions to operate and set
analysis parameters.

There is a need to achieve greater simplicity and ease of use in the user
experience of HTS analysis tools, such that non-technical audiences, who lack
the computer science background, such as the clinicians and wet lab
researchers, are afforded the opportunity to interact with these software tools
and HTS data. This will expand the breadth of analyses, potentially unlocking
new insights into important biomedical research questions.
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Annual DNA Sequencer Data Generation
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2016 2017 2018 2019 2020 2021
2017 2018 2019 2020 2021 2022 2023 2024
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Figure 1. Annual DNA Sequencer Data Generation
A: Graphical presentation of annual HTS data generation is presented for 2016, and

extrapolated through 2021. B: Tabular presentation of HTS for 2015 and 2016 and
extrapolation through 2025. Both original data from HTS sequencing (Petabytes) and data
expansion from analysis (Petabytes) are presented.
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The Shifting Cost & Complexity of Sequencing
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Figure 2. The Shifting Cost & Complexity of Sequencing
The shifting cost & complexity of sequencing (sample preparation, data processing,

downstream analysis and data management) from the early days of HTS through the present
and extrapolation through 2025.
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Analysis Engine
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Figure 3. OnRamp Biolnformatics Genomics Research Platform Architecture
The architecture of the Genomics Research Platform provides a unified system for genomic

analysis and data exploration. The GRP consists of four major modules, Intuitive User
Interface, Analysis Engine, Biolnformatics Data Management, and Distributed File System
& Storage Management.
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Figure 4. Flow Chart summarizing the analyses of RNAseq data
In each box, the upper part in bold describes the analytical step, and the bottom part in plain

text notes the programs or services that can be used. FPKM = Fragments Per Kilobase of
transcript per Million mapped reads, THP Atlas = The Human Protein Atlas, GSEA = Gene
Set Enrichment Analysis).
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Figure 5. FASTQC Report
A: High Quality Data. B: Data with potential RNAseq library preparation issues,

overrepresented sequences and duplication that should be removed prior to any downstream
analysis.
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Figure 6. Flow Chart summarizing the analyses of DNAseq data (whole genome and exome)
In each box, the upper part in bold describes the analytical step, and the bottom part in plain

text notes specific programs or services that can are employed. Labels on the right indicate a
general categorization of the analysis into primary, secondary, and tertiary.
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