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In this issue, there are 12 articles: two Review Articles, one short Mini Review, five Original
Articles, two Research Communications, and two Opinion articles.
The first review by Park and Chung (The Catholic University of Korea, Korea) is about
the role of neoantigens derived from alternative splicing and RNA modification. Neoantigens expressed from genes with mutations acquired during carcinogenesis may be tumor-specific and thus can be potential targets for personalized neoantigen-based immunotherapy. The authors summarized recent works on the large-scale screening of neoantigens
produced by alternative splicing and RNA editing. The second review by Lee (National Forensic Service, Korea) focused on early-life nutrition which is known to be a major contributor to the permanent program change of organ structure and function toward the development of diseases. Especially, the author studied the relationship between gut microbiome
and nutrients on development of disease and how microbiome modulation regulates epigenetic changes and influences human health. The third review by Kim et al. (Ewha Womans University, Korea) is about Genomics & Informatics journal. This short review provided
a historical review by providing statistics of Genomics & Informatics regarding publication
types, word clouds, and the most studied genes.
This issue contains five Original Articles. First, Kim et al. (Ehwa Womans University, Korea) presented a bioinformatics tool, FusionScan for predicting fusion transcripts from
RNA-sequencing (RNA-Seq) data. Note that fusion gene has a high potential as carcinogenic drivers. Thus, its identification is of great interest in cancer research area. FusionScan
seems to be a reliable, efficient and convenient program for detecting fusion transcripts that
meet the requirements in the clinical and experimental community. Kim et al. (KRIBB, Korea) provided an optimization process of a microarray for fission yeast. It is well known that
bar-code (tag) microarrays of yeast gene-deletion collections allow the systematic identification of genes required for growth in any condition of interest. Thus, this optimized microarray is expected to be a powerful analytical platform for elucidating currently unknown
gene functions.
Lee et al. (Chonbuk National University, Korea) presented an interesting novel concept,
transcript capacity (TC) referring to the capacity that a transcript exerts in a cell as enzyme
or protein function after translation. TC can be estimated through an in silico method using
the data from the effect sizes derived from genome-wide association studies and transcription level in RNA-seq to estimate TC. While TC needs some further investigation, it seems
to be a totally new concept. The next article by Jang et al. (Seoul National University College of Medicine, Korea) investigated human leukocyte antigen (HLA) difference between
the two control datasets of The Wellcome Trust Case Control Consortium (WTCCC).
They showed that the genomic contents are not significantly different between control suggesting that the combined controls can be used as controls for HLA fine-mapping analysis
based on HLA imputation.
The final Research Article is by Park et al. (Kangwon National University, Korea). They
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provided de novo transcriptome sequencing and gene expression
profiling data with/without B-chromosome plants of Lilium amabile
along with the functional enrichment analysis. This study is expected to provide insight into transcriptomic changes and evolution of
plant B chromosomes in the Korean lily.
In this issue, there are two Research Communication articles. Jeon
et al. (KRIBB, Korea) investigated the performance of new sequencer MGISEQ-2000 MGI Tech by comparing its performance with
that of HiSeq 4000 from Illumina. They tested whether or not a new
MGISEQ-2000 sequencer delivers the high-quality sequence data.
Data produced from the MGISEQ-2000 and HiSeq 4000 had high
concordance rate. Thus, they concluded that the performance of
MGISEQ-2000 is comparable to HiSeq 4000 and that MGISEQ-2000 can be a useful platform for sequencing. This comparison
result will be quite helpful to the researchers. Park and Nam
(Gachon University, Korea) presented a neuroblastoma stage classification by using deep learning of prediction from gene expression
data. Since neuroblastoma is known to be one of lethal cancer types
in early childhood, its early diagnosis is critical. This deep learning

https://doi.org/10.5808/GI.2019.17.3.e22

model could play an important role in neuroblastoma stage classification.
Finally, two Opinion articles are about direct to consumer (DTC)
genetic testing by Oh (Kyung Hee University, Korea) and by Kim
(Sungkyunkwan University, Korea). Direct-to-Consumer (DTC)
genetic testing is a worldwide controversial issue. Recently, several
biotech companies in Korea started DTC genetic testing service for
a few health related phenotypes. The opinions of the two authors’
are timely. It would be important for the consumers to be aware of
what is the DTC genetic testing, what are the advantages and disadvantages of DTC genetic testing, how to make up for the shortcomings of the DTC genetic testing, what are their scientific and medical
issues, and how to cope with the legal issues and principle of transparency.
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The acquisition of somatic mutations is the most common event in cancer. Neoantigens
expressed from genes with mutations acquired during carcinogenesis can be tumor-specific. Since the immune system recognizes tumor-specific peptides, they are potential targets
for personalized neoantigen-based immunotherapy. However, the discovery of druggable
neoantigens remains challenging, suggesting that a deeper understanding of the mechanism of neoantigen generation and better strategies to identify them will be required to
realize the promise of neoantigen-based immunotherapy. Alternative splicing and RNA editing events are emerging mechanisms leading to neoantigen production. In this review, we
outline recent work involving the large-scale screening of neoantigens produced by alternative splicing and RNA editing. We also describe strategies to predict and validate neoantigens from RNA sequencing data.
Keywords: alternative splicing, neoantigen, RNA editing
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Since the immune system recognizes tumor-specific peptides, they are potential targets for
personalized neoantigen-based immunotherapy. They are presented by the major histocompatibility complex (MHC) on the surface of tumor cells, which can be recognized and
killed by T cells. These antigenic peptides are largely classified into three groups: viral antigens, cancer germline antigens, and mutation-derived neoantigens [1]. Among them, mutation-derived neoantigens have been focused in cancer genomics because the causal role
of somatic mutations in cancer have been well-studied. Indeed, the mutation burden of a
tumor is known to be correlated with its response to immunotherapy [2]. However, exome
analysis–based immunotherapy strategies have limitations, since they can identify only
neoantigen candidates occurring at the DNA level [3]. This suggest that a deeper understanding of the generation of neoantigens and better strategies to identify them will be required to improve neoantigen-based immunotherapy.
Recent progress in sequencing technologies has enabled the profiling of RNA processing events caused by various forms of post-transcriptional regulation. In particular, alternative splicing and RNA editing have drawn considerable attention since they promote proteome diversity through changes in amino acid sequences. In addition, the transcript isoforms are easily detectable utilizing conventional RNA sequencing (RNA-Seq) data if
1/6
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proper computer-based methods are applied. Accordingly, analyses
of large-scale RNA-Seq data have shown the genome-wide prevalence and regulation of alternative splicing and RNA editing [4,5].
Data sources such as The Cancer Genome Atlas (TCGA) and the
Genotype-Tissue Expression (GTEx) project have enabled systematic investigations of their association with cancer. Investigators
have shown that these RNA processing events are significantly
more frequent in cancer samples than in matched normal samples,
contributing to antigenic diversity [6,7].
Of note, like somatic mutations, alternative splicing and RNA editing can produce cancer-specific antigens (Fig. 1). Genetic alterations (marked by an orange or pink color in the figure) can occur
after transcription. As a result, unlike somatic mutations, RNA-level
genomic changes are not preserved in offspring cells. Another noteworthy difference is that the altered transcripts have a wide range of
expression levels depending on environmental conditions. Therefore, alternative splicing and RNA editing can be quantified using
numerical values ranging from 0% to 100%, indicating the need for
user-defined thresholds for modification calling. Recent studies
have reported that cancer-specific RNA processing can be a source

of immunogenic epitopes [8,9]. In this review, we outline recent
work involving the large-scale screening of neoantigens produced
by alternative splicing and RNA editing. We also describe analytical
strategies to predict and validate neoantigens from RNA-Seq data.

Alternative Splicing
Alternative splicing can produce multiple transcripts according to
the patterns through which exons and introns are joined (Fig. 2A).
Alternative splicing is known to affect more than 90% of multi-exon
human genes [10]. The basic patterns include exon skipping, the
use of alternative 5’ or 3’ splice sites, mutually exclusive exons, and
intron retention. Exon skipping is the most common type of alternative splicing in animals, whereas intron retention is the least prevalent form [11]. The functional consequences of alternative splicing can be predicted using various annotation data, with possibilities including the gain/loss of protein domains, signal peptides, and
coding potential [12,13]. Intron retention often leads to nonsense-mediated decay (NMD) by introducing a premature termination codon, resulting in reduced gene expression [14]. These

Somatic mutation
DNA

Nucleus

RNA

RNA editing
Alternative splicing
Cytosol

Mutated peptide

Fig. 1. Schematic presentation of various sources of neoantigens. Somatic mutations in DNA (red star), alternative splicing (yellow bar),
and RNA editing (pink bar) can introduce significant modifications of DNA or RNA molecules. Various regulation steps can induce sequence
changes in the final gene products, and the resulting mutated peptides can be presented on MHC. Alternative splicing occurs in the cell
nucleus, but RNA editing can be performed in the nucleus and cytosol, as well as within mitochondria. The colored circles shown in the
cytosol indicate amino acids changed by genetic events.
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A

B

Alternative splicing

RNA editing
ADAR

Precursor mRNA

Mature RNA
A→I

Fig. 2. Examples of RNA processing steps to produce two RNA isoforms. Two different mRNAs are produced from alternative splicing (A)
and RNA editing (B). The top panel shows precursor mRNAs and the bottom shows mature RNAs after posttranscriptional processing. Exons
are illustrated as boxes, while lines represent introns. For alternative splicing (A), exon skipping is shown as one example of the numerous
modes. In this case, an exon is selectively included from the primary transcript. Constitutively expressed exons are depicted in green, and
alternatively spliced exons are depicted in light blue. For RNA editing (B), the conversion of adenosine (A) to inosine (I) is shown in the
double-stranded RNA structure. The editing is catalyzed by the adenosine deaminase acting on RNA (ADAR) enzyme. Most events occur in
the noncoding region of the transcript, but the minor case showing editing in a coding sequence is shown in this figure.

RNA-level changes can be further propagated to proteomic changes
through their effects on protein-protein interaction [15]. Numerous computational methods have been developed to identify regulated splicing events in RNA-Seq data and to predict their upstream
regulators in a genome-wide manner [16]. Bioinformatics tools are
largely classified into two groups: tools to examine known events
and tools capable of detecting novel events. The latter tools are useful for uncovering unannotated cancer-specific events, but their algorithms are complicated, and the running time is generally longer.
Numerous studies have revealed cancer-specific splicing changes,
suggesting their applicability for cancer diagnosis and therapy [1719]. Recent pan-cancer analyses using TCGA data identified that alternative splicing events are indeed frequently altered in cancer and
some of them can contribute to the oncogenic process. The altered
events take place through a variety of cis- and trans-acting regulatory
factors. Aberrant splicing patterns can be induced by genetic variants
in splicing regulatory sequences around splice sites. The variants
near splice sites are more likely to have functional effects on splicing
by disrupting existing splice sites or creating new sites [20,21]. In
addition to variants that directly change splice sites, common variants throughout the genome can be associated with the splicing
phenotype. These are termed splicing quantitative trait loci (sQTL),
and they can be analyzed by integrating population-scale genotype
and RNA-Seq data [22,23]. Lastly, trans-acting splicing regulators
can activate or repress splicing of their target exons [24].
With growing interest in cancer immunotherapy, two recent
studies evaluated the contributions of alternative splicing to neoantigen production. The first study performed a comprehensive analysis of alternative splicing with the development of an integrated
workflow utilizing large-scale genomics datasets [7]. Kahles et al.
https://doi.org/10.5808/GI.2019.17.3.e23

[25] identified quantitative differences in splicing between cancer
and normal samples, and their enrichment in splicing categories
also differed. For example, splicing regulation in cancer samples was
enhanced in the categories of alternative 3’ splice sites and mutually
exclusive exons. That research group previously developed the SplAdder toolkit to identify novel splicing events with good performance in a large population [25]. Using this tool, they identified
251,000 novel exon-exon junctions (referred to as neojunctions)
with an average of 930 per cancer sample. The cancer-specific junctions should be absent in the GTEx reference data, since they are
rarely expressed in normal reference samples [7]. A proteomics database, containing Clinical Proteomic Tumor Analysis Consortium
(CPTAC) mass spectrometry data, was used to confirm the expression of peptides derived from alternative splicing. An important
finding was that neoantigens derived from alternative splicing
events were more frequent than single-nucleotide variants, even
though the former category had relatively low levels of expression.
Lastly, the study pointed out that their predictions of neoantigens
were not complete for several reasons, including the fact that they
excluded intron retention events from neoantigen prediction.
In this context, a recent study was meaningful because it focused
on intron retention, a splicing type that was neglected in the previous study. Intron-containing peptides are often subject to degradation by NMD, and the cleaved peptides can be presented on MHC
class I molecules. Smart et al. [26] developed a computational strategy to detect intron retention events from RNA-Seq data. Using
two cohorts of melanoma patient data with checkpoint inhibitor
treatment, they found that intron retention was an important mechanism for neoantigen prediction that should be checked, because as
many intron-retaining neoantigens as somatic mutation–derived
3/6
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neoantigens were present in most patient samples. However, they
were not associated with the clinical outcomes of checkpoint inhibitor therapy, unlike somatic mutation–derived neoantigens. Taken
together, the above two studies significantly expanded the boundaries of neoantigen prediction by considering both DNA and RNA
alterations.

RNA Editing
RNA modifications change the biochemical composition of RNA
molecules and affect their structure and metabolism. RNA modifications are called the “epitranscriptome,” meaning that they are
forms of post-transcriptional alterations that do not affect the RNA
sequence, in analogy to how the term “epigenome” describes functionally relevant changes that do not involve changes in the DNA
sequence [27]. Recent studies have revealed that many of these
modifications are remarkably widespread across the genome, evolutionarily conserved, and functionally important. More than 100
distinct types of RNA modifications have been identified. Most
RNA modifications do not change nucleotides, but RNA editing is
accompanied by a change in the RNA sequence itself. One of the
common examples is the deamination of adenosine (A) to inosine
(I), which is recognized as guanosine (G) in RNA sequencing. The
A-to-I editing is mediated by the adenosine deaminases acting on
RNA (ADARs) protein family, which prefers double-stranded
RNA structure [28] (Fig. 2B). The edited sites are mostly found in
noncoding regions of RNA, which may have regulatory potential.
RNA editing of the protein-coding sequence can result in the expression of functionally altered proteins. In addition, the editing
can have an impact on RNA splicing, indicating the interplay of
these mechanisms [29]. The biological consequences of RNA editing are broadly linked to RNA metabolism and function, including
mRNA stability, splicing, nuclear export, and localization [30].
As mentioned, A-to-I editing is detectable from RNA-Seq data
by modifying the analysis pipeline. A prediction should be carefully
made due to frequent false positives arising from single-nucleotide
polymorphisms or sequencing errors. This limitation has been
overcome in recent years by developing bioinformatics methods for
accurate predictions. By comparing genomic DNA and RNA sequencing data from the same individuals, the biological noise from
genomic polymorphisms could be reduced. Technical noise caused
by sequencing errors and incorrect alignment can be removed by
focusing on high-quality reads. Public databases collecting well-annotated edited sites are also useful for reliable screening and functional annotation [31,32]. In the near future, new platforms such as
nanopore sequencing will solve current technical hurdles by allowing direct detection of editing in full-length RNA molecules [33].
4/6

Recent advances in RNA editing research have contributed to
scientists’ understanding of the mechanisms involved in human
cancers through the accumulation of evidence of mutated peptides
induced by RNA editing [34,35]. Through an integrated analysis of
TCGA genomic data and CPTAC proteomic data, Peng et al.
showed that A-to-I RNA editing made a notable contribution to increased protein diversity in human cancers [36]. According to their
analysis, a considerable number of editing events lead to changes in
the amino acid sequence, indicating the possibility that A-to-I editing may be a source of producing mutated peptides. More direct evidence of RNA editing for neoantigen production was reported in
recent research by Zhang et al. [6]. Using proteogenomics screening, they identified five edited peptides and confirmed their tumor
association and their immunogenicity regarding T cell recognition
and killing. In addition, they showed experimental evidence responsible for the biological mechanism of RNA editing depending
on ADAR expression. In addition to cancer research, Roth et al.
[37] provided evidence that RNA editing is significantly increased
in systemic lupus erythematosus patients, promoting autoimmune
progression by increasing the autoantigenic load.

Conclusion
Improvement of neoantigen prediction from patient samples is an
important issue for developing effective immunotherapy. Current
approaches to neoantigen prediction have focused on somatic mutations, even though genetic changes affecting protein production
can occur at many different levels. Most computational tools developed so far have aimed to evaluate the effect of non-synonymous
DNA variants on producing mutated peptides. Representative analysis pipelines such as pVAC-Seq [38] and Neopepsee [39] have
been established for somatic mutation analysis.
The recent studies described herein suggest that alternative splicing and RNA editing can serve as important sources of neoantigens.
The challenge in utilizing RNA-derived neoantigens is the development of bioinformatics methods with increased accuracy and performance. RNA-Seq is now a popular technique, and data on RNASeq have been accumulating on a daily basis. However, many researchers feel that it is not easy to detect posttranscriptional modifications, such as alternative splicing and RNA editing. Therefore,
improvement of the analysis pipeline will be required to make the
RNA-derived neoantigen prediction more reliable.
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Early environmental exposure is recognized as a key factor for long-term health based on
the Developmental Origins of Health and Disease hypothesis. It considers that early-life
nutrition is now being recognized as a major contributor that may permanently program
change of organ structure and function toward the development of diseases, in which epigenetic mechanisms are involved. Recent researches indicate early-life environmental factors modulate the microbiome development and the microbiome might be mediate diet-epigenetic interaction. This review aims to define which nutrients involve microbiome
development during the critical window of susceptibility to disease, and how microbiome
modulation regulates epigenetic changes and influences human health and future prevention strategies.
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In 1986, David Barker proposed the Developmental Origins of Health and Disease (DOHaD) hypothesis, denoted fetal reprogramming, that the environmental stimuli such as
nutrients during vulnerable development stages may permanently program change of organ structure and function of the offspring toward the development of non-communicable diseases [1]. Since Barker’s observation, denoted fetal programming, it is widely recognized that nutrient during pregnancy and lactation is one of the modifiable risk factors
for adult chronic diseases including diabetes and cardiovascular diseases [2]. Following
the DOHaD concept, early-life environmental factors such as nutrients may modulate
the development of the gut microbiota [3]. It is postulated that the gut microbiome can
be shaped by nutrients, which induce epigenetic changes prior to fetal and infant programming of disease.
In this review, we describe how early nutrients link microbiome modulation and influence the early epigenome. We refer the term “early-life” to the period from pregnancy to 2
years of age. Moreover, we assess the early-life gut microbiome as epigenetic modifiers are
associated with early-onset or adult diseases including metabolic disorders. In detail, section
2 reviews the regulation of epigenetic mechanisms for metabolic signaling through nutrients
and their metabolites as epigenetic substrates or cofactors. Section 3 provides several early
environmental factors that may modulate early microbial communities. Section 4 describes
the effects of each nutrient on gut microbiome changes in early-life through epigenetic
mechanisms and the potential role of the gut microbiome in adult disease.
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The Link between Dietary Epigenetic
Modulator and Metabolic Processes
Epigenetic changes by environmental conditions enhance cellular
plasticity [4]. Genomic DNA is packed into chromatin with histone
protein and the changes of chromatin structure participate in the
cellular processes in response to physiological signals. Chromatin
structure is determined by epigenetic modification resulting in transcription and replication types of machinery and therefore influences biological consequences [5]. Epigenetic changes produce DNA,
histone and chromatin modifications including methylation, acetylation, phosphorylation, sumoylation, and ubiquitination with modifying enzymes (e.g., methyltransferases) [6]. Non-coding RNA is an
epigenetic mark that mediates epigenetic modification by environmental factors such as diet. Modification of chromatin architecture
by epigenetic marks can be heritable and modify the risks of disease
in later life (Table 1) [7-17].
Several metabolites or cofactors of tricarboxylic acid (TCA) cycles involved in methylation or demethylation of histone [18]. The
epigenetic modifying enzymes use some energy metabolites in
one-carbon metabolism with S-adenosyl-methionine (SAM) and
TCA cycles. SAM is generated through one-carbon metabolism and
a key factor for epigenetic processes. DNA methylation requires the
SAM as a methyl donor, while ten-eleven translocation and Jumonji
C domain-containing proteins-mediated demethylation requires
TCA cycle metabolite α-ketoglutarate and Fe2+ as a cofactor. DNA

and histone demethylation have the potential to regulate diverse
physiological functions, including metabolic signaling [19].
There are several known dietary methyl donors including folate,
choline, and vitamin B12 participate in one-carbon metabolism and
these nutrients have been examined for the epigenetic regulation in
animal and human studies [2]. Methyl donors are related to energy
production and amino acid metabolism, therefore nutritional imbalance as the disruption of the one-carbon cycle may participate in the
development of metabolic diseases. Besides, many studies have
shown that the mechanism of developmental reprogramming is involved in dietary availability of methyl donors [2].
Histone (de)methylation is one of the mechanisms involved in
several diseases including metabolic syndrome and cancer [20].
Lysine methylation of a specific site of H3 acts both transcriptional
activation (H3K4) and silencing (H3K9, H3K27) for regulating
gene expression by a degree of methylation within the histone tail.
The H3K9 specific demethylase JmjC domain-containing histone
demethylase 2A (JHDM2A) was well known to an important regulator of fatty acid metabolism, therefore loss of function of JHDM2A resulted in obesity and hyperlipidemia [21,22]. H3K4 demethylase LSD1 using flavin adenine dinucleotide (FAD) as a cofactor, epigenetically represses energy expenditure, which facilitates
energy storage as triglycerides in white adipocytes [23]. FAD is also
related to the TCA cycle, oxidative phosphorylation, and fatty acid
β-oxidation with riboflavin (vitamin B2) in the cytoplasm and mitochondria [24].

Table 1. Epigenetic modifications and their functions with nutrients
Target
DNA

Residue
CpG

Modification
Major function
me
Transcriptional repression

Related nutrients
Folate, choline, omega3-PUFA, polyphenols, proteins, high-fat diet

Related microbiome Reference
Bifidobacterium
[7,8]
Lactobacterium
Bacteroids

K4

me1, me2, me3 Transcriptional activation, poised to
transcriptional activation
me1
Transcriptional activation

Low-fat diet, riboflavin, polyphenols,
cobalamin
Omega3-PUFA
high-fat diet
Nicotinamide

Firmicutes
Lachnospiraceae
Firmicutes
Bacteroidestes
Akkermansia
Verrucomicrobia
Bifidobacteriaceae

[9,10]

Omega3-PUFA, selenium, SCFAs, ellagic acid, high-fat diet

Bifidobacterium
Anaerostipes
Eubacterium
Clostridium
Firmicutes
Bacteriodetes
Bifidobacterium
Lactobacillus
Bacteroides

[9,14,15]

K27

me2
me3
K9, K4, K14, ac
K36
Histone H4 K16
K4, K8, K12

Transcriptional activation, enhancer
silencing
Transcriptional repression
Transcriptional activation

ac

Transcriptional activation and repres- Curcumin
sion for DNA repair

ac

Transcriptional activation

SCFAs, folate, biotin

[11-13]

[16]
[17]

me, methylation (1, mono; 2, bi; 3, tri); PUFA, polyunsaturated fatty acid; ac, acetylation; SCFA, short chain fatty acid.
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Arginine methylation of histone has been rapidly highlighted over
the years for the role of diseases [9]. Protein arginine methyltransferases (PRMTs) with SAM as a methyl donor, transfer of methyl
groups to specific arginine residues in histone and nonhistone protein substrates, resulting in the byproduct S-adenosyl-homocysteine
(SAH). The SAM/SAH ratio can reflect the cellular methylation
potential, which interacted with PRMTs. Peroxisome proliferator-activated receptor gamma coactivator 1α (PGC-1α; encoded by
the PPARGC1A) serves as a transcriptional coactivator in mitochondria and has a function in oxidative metabolism. PRMT1 mediated cytosine methylation in PGC-1α which is expressed in brown
adipose tissue involved in energy metabolism and diabetes [25].
Acetylation of histone H3 and H4 is mediated by acetyl-CoA and
NAD+ for cellular metabolism. Lysine acetylation occurs in proteins
involved in glycolysis, pyruvate metabolism and the TCA cycle [26].
Sirtuin 1 (SIRT1), a deacetylase depending on NAD+ has emerged
as a key metabolic sensor linking to metabolic homeostasis, and
SIRT1 participates the regulation of glucose homeostasis under nutrient deficiency [27]. For example, SIRT1 modulates acetylation
on H3K9/K14 at circadian clock-controlled gene promoters
through a high-fat diet [28]. It is reported that acetyl-CoA dependent histone acetylation may have an important role in the cellular
assessment of metabolic states and circadian clock [29]. Therefore,
nutrients (e.g., pyruvate, fatty acids, or branched-chain amino acids)
involved in acetyl-Co A levels can modulate metabolic signaling.
Nutrients driven O-GlcNAc (N-acetylglucosamine) glycosylation
has emerged as an important chromatin modification process
[30,31]. O-GlcNAc transferase (OGT) is a key enzyme through
protein glycosylation in the Hexosamone Biosynthetic Pathway.
Several studies reported that nutrients-sensing GlcNAcylation of
histone proteins has involved in chromatin remodeling and regulation of biological processes [32]. Chromatin GlcNAcylation depend
on the cellular processes with glucose, glutamine, fatty acid and ATP
metabolism. High fat diet induced insulin resistance, hyperphagia
and obesity through O-GlcNAc cycling [33,34]; thus, OGT can be
a sensor for adipose to brain axis to target obesity [34].

Environmental Factors Involved in Early-Life
Development of Microbiome
The early-life microbiota contains a unique microbial communities
consisting of numerous bacteria and viruses. This microbiota has
identified by using different kinds of technologies including 16S
rRNA sequencing. The gut microbiota is linked to risk for various
conditions in inflammatory diseases, asthma, obesity, glucose intolerance, and type 2 diabetes [35-37].
Over the last decades, the paradigm of a sterile condition in utero
https://doi.org/10.5808/GI.2019.17.3.e24

is shifting to the possibility of the prenatal maternal-fetal coexist with
commensal and symbiotic microbes [38]. Recent studies also support a prenatal microbial milieu through bacterial presentation in
placenta, amniotic fluid, umbilical cord, and meconium [39]. In addition, there are emerging reports of the prenatal microbial composition on fetal and postnatal development. However, concerns have
raised by molecular based approaches, therefore it is needed for appropriate controls to account for DNA contamination or bacterial
viability [40].
A maternal condition during pregnancy and postnatal period can
provide a critical window for susceptibility to microbiome development through the environmental factors such as mode of delivery
and maternal diet (Fig. 1). The delivery mode has a crucial function
in the early gut microbiota composition. Infants by vaginally delivery
have higher levels of intestinal Bacteroides, Lactobacilli, and Bifidobacterium, which are commonly present in vaginal route, whereas infants by caesarean section (C-section) have higher level of Enterococcus, and Clostridium from skin, oral or hospital environment [41].
C-section born infants have shown to an increased risk of immune
disorder such as asthma and allergy and obesity [42,43]. It has been
revealed that neonates born by C-section exhibited significantly
higher global DNA methylation levels in leucocytes [44] and
CD34+ cell [45] compared with those born vaginally.
Gestational age is another important influencer for gut microbiome development [7,8]. It was reported that the gut microbiota of
preterm infants has shown to delayed colonization by limited microbial diversity and ths risk of gut dysbiasis. The gut microbiota composition of preterm infants has Enterobacter, Enterococcus, Escherichia,
and Klebsiella predominantly and relatively low level of gammaproteobacteria than those in full term infants [46].
Breastfeeding have been reported to influence the infant microbiota. It was reported that microbiome involved the effects of DNA
methylation through breast milk, which influences the gut microbiome community composition. Breastfeeding during this period is
associated with greater Bacteroides and Bifidobacterium, which are folate producers, thereby affecting DNA methylation regulated by
methyl-donor [47]. Also, breast milk oligosaccharides alter hut microbiome community that secrete short-chain fatty acid. Therefore,
the strain of Bifidobacterium and Lactobacillus by breastfeeding could
make intestinal contents more acidic with short-chain fatty acids,
which modulate a defense mechanism against pathogens and epigenetic effects [48].

Maternal Nutrients Influence on Microbiome
and Epigenetic Modulation
As mentioned above, early environmental factors such as nutrition
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Gestation
• Maternal condition
(e.g. BMI, infection)

Birth
• Mode of delivery
• Gestational age

• Maternal diet

Infancy & Early Childhood
• Breastfeeding
• (Maternal) Diet
• Diet family (epi)genetics

Disease status
• Immune disease
• Metabolic disease
• Neurodevelopmental
diseases

Modulation of microbial composition
Fig. 1. The critical window in early-life for microbiome modulation may influence on development of diseases later in life. BMI, body mass
index.

may have interacted with gut microbiome. Also, the microbial metabolites such as B vitamins, short chain fatty acids (SCFAs), polyphenols (ellagic acid, urolithin, equol, isothiocyanate), and omega3 polyunsaturated fatty acid (PUFA) are reported to influence
epigenetic mechanisms [49,50]. Maternal gut microbe metabolites
can change the host cellular levels of important epigenetic modifiers like histone acetyl transferases (HATs), histone deacetylases
(HDACs), DNA methyltransferases (DNMTs), and DNA demethylases [51].
A number of the vitamins cannot be synthesized by the human
body, therefore must be obtained by the diet. The gut microbiome
is one of the important sources of B vitamins for the host [52]. Vitamins B2, B6, B9, and B12 are important cofactors for the enzymes in the folate cycle where the conversion from homocysteine
to methionine is required for the availability of SAM. Therefore,
these vitamins could affect histone methyl transferasess and DNMTs for histone and DNA methylation. The other gut microbial
metabolites such as vitamins B3, B5, and SCFAs are sources of
acetyl-CoA or NAD, which affect histone acetylation via sirtuin
inhibition or HAT activation [51].
The microbial SCFAs from the fermentation of dietary fiber
were shown to maintain the nervous and immune systems through
epigenetic modification [17,53]. The SCFA acetate and butyrate
are the most abundant in the intestinal tract and can be produced
with acetyl-CoA which is universal acetyl group donor for histone
acetylation. Maternal acetate suppressed asthma by Treg and
4/8

Foxp3 through HDAC9 inhibition [54]. Besides, the SCFA butyrate induced global histone acetylation and activation in FOXO3A
and MT2 by inhibiting HDAC1 and HDAC2 [55]. The SCFA
pentanoate produced by gut microbiota such as Bacteroides, Bifidobacterium, and Lactobacillus affects the use of the acetyl-CoA pool
for histone acetylation [56] that inhibits HDAC1 and HDAC8 in
CD4+ T cell, thereby reduce interleukin (IL)-17A production and
enhance IL-10 production [56].
Polyphenols have antioxidant, anti-inflammatory, and immune-modulatory effects. Maternal supplementation of polyphenols improved the early development of the risk of intrauterine
growth restriction [57]. Urolithins are microbial metabolites from
ellagic acid (one of the polyphenols) that are reported to have a protective effect on chronic diseases such as metabolic syndrome [58]
and decrease triglyceride accumulation in adipocytes [14]. Ellagic
acid was reported to inhibit reduction of HDAC activity and urolithins prevented HAT activity [15]. Recent studies were shown
that urolithin bacteria are Bifidobacterium, pseudocatenulatum, Lactobacilli, and Coriobacteriaceae (Gordonibacter) [59] and Eggerthellaceae family [60]. Equol produced by the intestinal bacterium Lactococcus reduced the risk of cardiovascular diseases including
low-density lipoprotein cholesterol and arterial stiffness [61].
Omega-3 PUFAs are also obtained by the diet and have been interacted with gut microbiota. Maternal omega-3 PUFAs are a key
role in the immune system of the infant through the epigenetic
mechanism for DNA and histone methylation [11,62]. For the
https://doi.org/10.5808/GI.2019.17.3.e24
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epigenetic mechanism, it was reported that maternal omega-3
PUFA induced changing of methylation level in differentially
methylated regions [12] and the promoter methylation level of Interferon γ and IL13 [62]. Maternal omega-3 PUFAs regulated offspring obesity through recomposition of the gut microbiota, Epsilonproteobacteria, Bacteroides, Akkermansia, and Clostridia [63].
High- fat diet promotes intestinal epithelial HDAC3 level and
SCFA butylate supplementation reduced HDAC3 activity [64].
Similarly, maternal high fat diet decreased fecal SCFA propionate
and butylate level and increased Firmicutes to Bacteroidetes ratio,
Akkermansia, and Verrucomicrobia in the offsprings related to
blood pressure [65].
Maternal over-nutrition and undernutrition have shown to increase predisposition to obesity and epigenetic changes in offspring [2,66]. Such maternal malnutrition disrupted the stable microbial community, and less bacterial richness and diversity, which
is linked to increased risk of inflammatory diseases and obesity
[67-70]. The maternal high fat diet was associated with alterations
in the gut microbiome profiles of offspring for Coprococcus, Coriobacteriacae, Helicobacterioceae, and Allobaculum [71], the ratio of
Bacteroidetes to Firmicutes [72] in mice, Campylobacter in Macaca
fuscata [13] and Bacteroides in humans [73]. For the epigenetic
mechanism, it was reported that the high-fat diet affected HNF4α
binding sites at acetylated histone H3K27 in colon epithelium
[10] and decreased Bifidobacteriaceae [74]. Similarly, over-weighted woman during pregnancy had higher Bacteroids and lower
Phascolarctobacterium than a normal-weighted woman during
pregnancy [75]. Under-nutrition group in school-age children had
a higher level of the Firmicutes and Lachnospiraceae [76]. Besides,
maternal supplementation of probiotics with Lactobacillus rhamnousus or Bifidobacterium lactis induced interferon-gamma production on cord blood compared to controls [77].

Conclusion
The interaction between the developing gut microbiome and epigenetic processes is an important mechanism of developmental reprogramming of immune disorder, obesity, and metabolic disorders. There are mounting evidence supporting that gut microbiota
may modify the pattern of DNA methylation and histone modification. Recent studies have shown that the gut microbiome produces plenty of metabolites come from maternal nutrients that
have the potential to modulate DNA methylation and histone
modification. Maternal nutrients may have a crucial role in early
development and long term health consequences. This review explored the impact of maternal nutrients on epigenetic mechanisms
that regulate the early-life microbiome profile. The importance of
https://doi.org/10.5808/GI.2019.17.3.e24

individual nutrients induced by epigenetic modulation will help
achieve optimal gut microbiota and strategy for improving health
consequences.
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Genomics & Informatics is the official journal of the Korea Genome Organization. The
prototype version of the full-text corpus of Genomics & Informatics has recently been archived in the GitHub repository as GNI version 1.0 [1,2]. As of July, 2018, 499 part-ofspeech–tagged full-text articles are available as a corpus resource. Now that the prototype
GNI corpus has been constructed, we can obtain basic descriptive statistics. The most
basic statistical measure is a frequency count, a simple tallying of the number of instances
of something that occurs in a corpus [3].
Ensuring the validity of statistical conclusions involves using adequate sampling procedures and reliable measurement procedures. Issues of validity and reliability occur when the
sample size of the study is too small given other factors. Still, the publications in Genomics &
Informatics contain a substantial subset of scientific knowledge. Analyzing data from publication databases helps us understand how this knowledge is obtained and how it changes
over time. For example, by comparing the empirical data on the popularity of genes analyzed in each volume, we might detect noteworthy publication patterns of a journal.
In this study, we present the temporal dynamics of the most-studied genes as a reflection of the scientific content of Genomics & Informatics. We also discuss article categories
and present word clouds of articles published in Genomics & Informatics, using a shallow
neural network and K-means clustering.

The Most-Studied Genes in Genomics & Informatics
The biological literature is characterized by a heavy use of domain-specific terminology.
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In this analysis, our data set consisted of references to numerous
genes in the 499 publications listed in Genomics & Informatics.
Thus, the frequency of gene names is an excellent measure of
trends in the academic papers published in this journal.
Initially, we extracted all papers tagged as describing the structure, function, or location of a human gene or the protein it encodes. Sorting through the records, we compiled a list of the
most-studied genes in the journal. This list shows trends in research, revealing how concerns about specific diseases or health issues have shifted research priorities in the academic community
towards the genes underlying these conditions.
Fig. 1 shows the top 10 genes studied in Genomics & Informatics:
EGFR, BRCA1, TP53, PIK3CA, BRCA2, PTEN, GAPDH, TNF,
FTO, and APC. The list is ranked based on how many papers mentioned each gene name. For example, BRCA1 appeared 85 times in
19 different publications, according to Fig. 1. Considering that
many genes have only appeared once in the journal, these remarkable frequency differences may reflect differences in the importance of genes. In line with this reasoning, the most-studied human genes are related to human diseases. Almost all the most-studied genes are highly related to cancer, with the exception of GAPDH, a housekeeping gene. For example, the involvement of p110α,
which is encoded by PIK3CA, in human cancer has been hypothe-

sized since 1995, and PIK3CA started to appear in later volumes of
the journal [4]. TP53 is a well-known tumor suppressor that is
widely known to be mutated in roughly half of all human cancers.
BRCA mutations, in either the BRCA1 or BRCA2 gene, are also a
well-known category of mutations, as women with harmful mutations in either BRCA1 or BRCA2 are known to have a risk of breast
or ovarian cancer that is roughly five to 30 times the normal risk
[5]. Fig. 2 shows the temporal dynamics of these top 10 genes over
the last 16 years.
Compared with the list of the top 10 most popular genes in recent publications in Nature News (TP53, TNF, EGFR, VEGFA,
APOE, IL6, TGFB1, MTHFR, ESR1, and AKT1) [6], the top 10
list of Genomics & Informatics shares several gene names. The observed dynamics may result from a simple process—namely, authors naturally publish on genes that have already appeared in other publications. This might be a rewarding strategy for authors, because there is a positive correlation between the frequency of a
gene in scientific publications and the impact of related publications as assessed through journal metrics.
We also surveyed genes and proteins of non-human species. The
list of the most frequent organism names appearing in Genomics &
Informatics is as follows: Escherichia coli (218 times), Saccharomyces
cerevisiae (73 times), Caenorhabditis elegans (37 times), Acineto-

Top 10 most-studied genes
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Fig. 1. The top 10 most-studied human genes in Genomics & Informatics.
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Fig. 2. The temporal dynamics of the top 10 most-studied genes in Genomics & Informatics: APC (blue), BRCA1 (red), BRCA2 (green), EGFR
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bacter baumannii (23 times), Drosophila melanogaster (18 times),
Xenopus tropicalis (15 times), Pseudomonas aeruginosa (15 times),
Sus scrofa (14 times), Oryza sativa (13 times), Bos taurus (12
times), and Arabidopsis thaliana (12 times). Other species that appeared in the journal included: Hepacivirus C, Rattus norvegicus,
Chlamydomonas reinhardtii, Mus musculus, Schizosaccharomyces
pombe, Danio rerio, Mycoplasma pneumoniae, Takifugu rubripes, Dictyostelium discoideum, Xenopus laevis, Plasmodium falciparum, Zea
mays, and many others.
However, it is less clear how the genes of these species were chosen by authors, and no clear relationship was observed between the
popularity of a gene from non-human species and its importance to
cellular processes. This indicates that in the case of species other
than humans, the emergence of highly popular genes is not necessarily driven by importance alone, but also by other mechanisms,
such as conventions and the individual author’s research field.

Document Clustering
Another important measure to show the advancements and trends
of Genomics & Informatics is classifying the documents into appropriate categories. By classifying articles in Genomics & Informatics,
we aimed to assign one or more classes or categories to a document, making it easier to manage and sort. As an interdisciplinary
https://doi.org/10.5808/GI.2019.17.3.e25

scientific journal, Genomics & Informatics combines biology, computer science, information engineering, mathematics, medicine,
and statistics to analyze and interpret biological data. Thus, the research articles of Genomics & Informatics may be classified into different groups based on specialty.
Document clustering involves the use and extraction of descriptors, which are sets of words that describe the content within the
cluster. We chose K-means clustering, where the K-means process
initializes with a pre-determined number of clusters [7,8]. The
mean of the clustered observations is calculated and used as the
new cluster centroid, in an iterative process until the algorithm
reaches convergence.
We also used term frequency–inverse document frequency (TFIDF) [9] to give different weighting to words based on their importance to a document in the journal. The TF-IDF weighting for
a word increases with the number of times the word appears in the
document, but decreases based on how frequently the word appears in the entire document set.
Fig. 3A shows K-means clustering, with seven clusters for 243
articles published during the period from 2003 to 2010, and the
data are displayed on a two-dimensional space. This reflects some
degree of indexing and sorting of each cluster to identify the top n
words that are nearest to the cluster centroid, which give a good
sense of the main topic of the cluster. Publications in cluster 1 are
3/6
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Fig. 3. K-means clustering: comparison of seven clusters for 243 samples from 2003 to
2010 (A, B) with 7 clusters for 256 samples from 2011 to 2018 (C, D). Each dot represents a
paper. For example, ‘Vol 13-27’ refers to paper no. 27 in volume 13.

C K-means clustering, 7 clusters for 256 samples from 2011 to 2018

A K-means clustering, 7 clusters for 243 samples from 2003 to 2010

B Word clouds for the 7 clusters in A

D Word clouds for the 7 clusters in C
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presumed to belong to association studies (keywords: SNPs, polymorphism, and association). Publications in cluster 2 are presumed
to belong to microarray and expression studies (keywords: cell, expression, RNA, and proteins). Likewise, cluster 3 is presumed to be
related to pathway studies (keywords: pathways, metabolic, network,
and visualization). Cluster 4 is assumed to be related to databases
and computational methods (keywords: databases, sequence, web,
and search). Cluster 5 seems to be related to studies of protein interaction (keywords: protein, domains, and interaction). The keywords for cluster 6 were clone, human, chromosomes, and region.
The keywords for cluster 7 were microarrays, expression, clustering,
and normal.
Fig. 3C shows K-means clustering, with seven clusters for 256
articles published during the period from 2011 to 2018, and the
data are displayed on a two-dimensional space. The keywords of
each cluster were slightly different from the version in Fig. 3A,
which contained information for earlier articles. The keywords for
cluster 1 were model, protein structures, interaction, and prediction.
The keywords for cluster 2 were cancer, mutations, tumor, samples,
and cell. The keywords for cluster 3 were elements, transcription, expression, and DNA. The keywords for cluster 4 were DNA, database, and species. The keywords for cluster 5 were SNPs, association, population, and genotype. The keywords for cluster 6 were
groups, review, and medicine, and the keywords for cluster 7 were
expression, cancer, and protein activation. It is noticeable that in later
volumes, the keywords medicine and cancer appear more often.
This coincides with the result shown in Fig. 2, where cancer-related genes appeared more often in later volumes of the journal.
There were some overlapping keywords between different clusters. For example, microarray appeared in both cluster 2 and 7 in
Fig. 3A. Likewise, the keyword cancer appeared in both cluster 2
and cluster 7 in Fig. 3C. It is a common occurrence that search
terms containing one or more same words belong to different topic groups because of the complexity of natural language. The process of identifying main topics through clustering requires some
human judgment. This is one of the drawbacks of clustering, and it
is beyond the scope of this paper.
Once we have tokenized data, a basic analysis that is commonly
performed is counting tokens and their distribution in a document
or set of documents. From the frequency distribution, we can generate a word cloud to obtain an intuitive visualization of the words
used in the text. Finally, Fig. 3B and 3D shows some tag clouds for
each cluster in Fig. 3A, and 3C, respectively [10,11]. A tag cloud is
a visual representation of text data, typically used to depict keyword metadata, where the importance of each tag is shown with
font size or color.

https://doi.org/10.5808/GI.2019.17.3.e25

Summary
We analyzed developments in the reporting of research in 499 articles published in Genomics & Informatics from 2003 to 2018. We
discussed several issues relating to article categories, word clouds,
and the most studied genes. The frequency distribution of genes
discussed in Genomics & Informatics resembles a power law, as a
few highly popular genes were found to dominate the literature.
We also categorized the published articles using interdisciplinary
terminology.
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Identification of fusion gene is of prominent importance in cancer research field because
of their potential as carcinogenic drivers. RNA sequencing (RNA-Seq) data have been the
most useful source for identification of fusion transcripts. Although a number of algorithms have been developed thus far, most programs produce too many false-positives,
thus making experimental confirmation almost impossible. We still lack a reliable program
that achieves high precision with reasonable recall rate. Here, we present FusionScan, a
highly optimized tool for predicting fusion transcripts from RNA-Seq data. We specifically
search for split reads composed of intact exons at the fusion boundaries. Using 269 known
fusion cases as the reference, we have implemented various mapping and filtering strategies to remove false-positives without discarding genuine fusions. In the performance test
using three cell line datasets with validated fusion cases (NCI-H660, K562, and MCF-7),
FusionScan outperformed other existing programs by a considerable margin, achieving the
precision and recall rates of 60% and 79%, respectively. Simulation test also demonstrated
that FusionScan recovered most of true positives without producing an overwhelming
number of false-positives regardless of sequencing depth and read length. The computation time was comparable to other leading tools. We also provide several curative means to
help users investigate the details of fusion candidates easily. We believe that FusionScan
would be a reliable, efficient and convenient program for detecting fusion transcripts that
meet the requirements in the clinical and experimental community. FusionScan is freely
available at http://fusionscan.ewha.ac.kr/.
Keywords: chromosomal translocation, fusion transcript, gene fusion, RNA-Seq, transcriptome sequencing
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Fusion genes are important class of biomarkers in cancer studies. Numerous fusion genes
have been established as cancer drivers including BCR-ABL1 fusion in chronic myelogenous leukemia [1], TMPRSS2-ERG fusion in prostate cancer [2], EML4-ALK and CD74NRG1 fusions in non-small cell lung cancer [3,4], and FGFR3-TACC3 in glioblastoma [5]
and bladder cancer [6].
A number of algorithms and programs have been already published for fusion detection
problem from RNA sequencing (RNA-Seq) data. Basic idea is to identify the split reads
and discordant read pairs that map to two distinct genes. Subsequently, the exact fusion
point is determined from the split reads where single mate reads overlap the fusion junction, with the fusion-encompassing reads used as supporting evidence. Early approaches
following this scheme include FusionSeq [7], ChimeraScan [8], deFuse [9], FusionMap
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[10], TopHat-Fusion [11], and FusionHunter [12], as extensively
reviewed by Wang et al. [13].
However, their performance varies dramatically in terms of precision, sensitivity (recall), and computational costs according to the
mapping methods, filtering strategies, and parameter optimization.
According to recent comparison where the performance of these
tools was evaluated using synthetic and experimental datasets, no
program showed satisfactory performance [14]. Programs with
high sensitivity (ChimeraScan and TopHat-Fusion) predicted
thousands of false-positives. Programs with low sensitivity (FusionMap, FusionHunter, and deFuse) still produced tens to hundreds
of false-positives, unacceptable number for experimental confirmation, and had very limited overlap in the results.
Recent programs improved the performance by implementing
diverse ideas. FusionQ used the concept of residual mapping to extend the short reads [15]. Similarly, BreakFusion combined the targeted assembly procedure to overcome the limits owing to short
read length [16]. EricScript [17] improved the mapping accuracy
by building exon junction reference and recalibration using BLAT
[18]. Nevertheless, no programs achieved the accuracy over 50% of
sensitivity and specificity simultaneously for the experimental datasets. Two programs are notable exceptions even though they have
not been tested on public datasets. SOAPfuse used a library of fusion junction sequences by partial exhaustion algorithm and a series of filters to enhance confidence [19]. Analyzing two bladder
cancer cell lines, they confirmed 15 cases out of 16 predictions,
whereas deFuse identified 11 fusions of which 10 were confirmed
by reverse transcriptase-polymerase chain reaction experiments.
SOAPfusion implemented a novel masking and aligning procedure
to achieve better sensitivity and false discovery rate than deFuse in
the simulation test [20], but it needs further objective evaluation.
In this article, we report a novel algorithm FusionScan that implemented various strategies to enhance both the sensitivity and
precision. We have compared the performance with other widely
used programs using both experimental and simulated datasets.
Our analysis demonstrated that careful mapping and extensive filtering processes were essential for good performance.

Methods
FusionScan algorithm
The goal of FusionScan is to identify fusion transcripts composed
of combination of intact exons with high sensitivity and specificity.
Thus, FusionScan requires multiple split reads that join intact exons
of two different genes. This may miss cases where the fusion
boundary exists inside the exon but the limitation is minor since
most of important fusion markers are combination of intact exons
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thus far. This can be ascribed to the fact that the introns are much
longer than exons in most eukaryotic genomes (e.g., ~27 times longer in the human genome). Furthermore, with the advances in sequencing throughput, the read length and sequencing depth of
RNA-Seq has become long and deep enough to have multiple split
reads including fusion boundaries in most cases.
The algorithm consists of three main parts of preprocessing and
mapping, fusion detection, and filtering steps as shown in Fig. 1. Usage of transcriptome model should be consistent through whole
steps. We prefer the RefGene transcriptome model to the Ensembl
because of its conservative criteria in modeling splice variants (e.g.,
total number of human transcripts for hg19 [GRCh37] assembly are
53,598 and 204,940 in the RefGene and Ensembl tracks of University of California Santa Cruz [UCSC] genome browser, respectively).
Each step is optimized for reliable detection of fusion genes with high
sensitivity and specificity as described below. To avoid confusion
from naming, we will call two genes involved in the fusion as the head
and tail genes according to the transcription direction of 5′→3′, and
two exons adjacent to the fusion boundary as fusion exons.

Preprocessing and mapping
A proper preprocessing to identify discordant reads and accurate
alignment are the important starting points both for removing
reads from normal transcripts for fast processing and for obtaining
genuine split reads without loss. We find that these are the critical
steps affecting the overall performance that have been overlooked
in many cases.
(1) Quality trimming and artifact filtering were done by fastq_
quality_trimmer (with the option of ‘-t 10 –l 38’ to keep reads
with the minimum length > 38 bp of quality score > 10) and
fastq_artifacts_filter in FASTX-Toolkit, respectively (http://
hannonlab.cshl.edu/fastx_toolkit/).
(2) Mapping and removing regular reads were carried out in two
step procedure. Bowtie2 v.2.1.0 [21] was used to map RNASeq reads to the human transcriptome of refGene from the
UCSC genome annotation database for the hg19 (GRCh37).
Unaligned reads were stored into a file with an option of ‘-un’
and they were realigned to the human genome, further removing reads mapped to the intronic or intergenic regions. Pairedend reads were processed independently in Bowtie mapping to
identify discordant split reads. Then, the forward and reverse
reads were joined and collapsed using fastx_collapser to produce unique unmapped reads only.
(3) Remapping unmapped reads was achieved by SSAHA2 alignment software [22]. We have tested several alignment tools for
sensitive remapping including GMAP v.2013-11-27 [23], SSAHA2 v.2.5, Bowtie2 v.2.1.0, BWA v.0.7.5a [24], BLAT v.34, Tohttps://doi.org/10.5808/GI.2019.17.3.e26
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Fig. 1. Overview of FusionScan algorithm. Computational pipeline is shown with programs used in each step. The statistics for processing
K562 RNA sequencing data illustrates the effect of each procedure on reducing the candidates of split reads and fusion gene pairs. ENCODE,
Encyclopedia of DNA Elements.
Table 1. Comparison of RNA-Seq alignment programs
Mapping program
GMAP
SSAHA2
Bowtie2
BWA
BLAT
TopHat2

50 bp
59
237
242
1
218
227

No. of correct alignments out of 269 known fusion transcriptsa
75 bp
28
248
245
238
225
228

100 bp
3
252
248
244
226
226

All alignment tools were run with default options.
RNA-Seq, RNA sequencing.
a
Two hundred sixty-nine known fusion transcripts were collected from TICdb and ChimerDB 2.0.

pHat2 v.2.0.9 [25], and MapSplice v.2.1.7 [26]. We collected
269 fusion cases with known transcript sequence from TICdb
[27] and ChimerDB 2.0 [28] (data available in the website).
Then, we created the synthetic reads of variable length (50 bp,
76 bp, and 100 bp) with the fusion break point in the middle of
the sequence, and remapped the synthetic read to the hg19 genome using various alignment tools. The number of fusion cases recovering correct alignments (i.e., identifying split reads
successfully at the known fusion exons) was the highest in SSAHA2 by a narrow margin over Bowtie2 (Table 1). After extensive testing, we recommend using SSAHA2 with the option of
https://doi.org/10.5808/GI.2019.17.3.e26

‘-solexa –skip 6 –cmatch 20 –best 5 –output pslx’ to set the seed
length as 20 bp and to return five best alignments. Since this is
the most time-consuming step, FusionScan supports the multithread option to split the unique fasta file and to run SSAHA2
alignment in parallel.
(4) Statistics of preprocessing and mapping are shown in Fig. 1 for
the K562 RNA-Seq data of paired-end sequencing from the Encyclopedia of DNA Elements (ENCODE) project. Final number of remapped reads that may include the fusion candidates (2
≤ no. of alignments ≤ 11) was reduced to 8.5% of the original
data, thus speeding up down-stream analysis significantly.
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Fusion detection
FusionScan scans all read alignments looking for split reads whose
aligned loci are apart by more than 50 kilo base pairs (kbp) in the
genome, a condition that most known gene fusions satisfy. To ensure reliable alignment, we demand the minimum aligned length ≥
20 bp on both sides and that the aligned parts cover more than 50%
of the entire read. Two aligned loci of the split read should be contiguous within the range of ± 10 bp over the transcript coordinate.
Detailed conditions and explanations with illustrative figures are
available at the online documentation.
Read-through transcripts are fairly common in the human transcriptome. Co-transcription and intergenic splicing (CoTIS) creates chimeric transcripts connecting exons of two neighboring
genes [29]. Thus, we removed the read-through transcripts between two consecutive genes on the same strand with 5′ and 3′ ends
accordant to the genome annotation. It should be noted that removing read-through cases may remove some genuine gene fusions
arising from genomic deletions. We also support filtering by the
blacklist of gene fusions at this stage. The black list may include unduly frequent gene fusions or fusion predictions that have failed in
experimental validation.
Since FusionScan is designed to identify fusion genes specifically
composed of intact exons from two participating genes, we apply
two steps of examining fusion boundaries. First, we scan the fusion
boundaries on the split read so that they appear within 6 bp from
the intact boundaries of fusion exons (i.e., exon boundary offset ≤
6 bp) to proceed to the next step. The candidate split read is then
realigned to the synthetic sequence of combined fusion exons using
the bl2seq tool of BLAST with the word size of 20 [30]. Again, the
minimum aligned length is 20 bp on both sides with the minimum
percent identity ≥ 95%. Split reads satisfying all conditions given
above are the seed reads that would strongly support the fusion
event. For K562 cell line data shown in Fig. 1, the exon boundary
condition and realignment against the synthetic chimeric transcript
reduced the number of candidates considerably, and we obtained
92 fusion gene pairs for the filtering procedure.
Filtering steps
Since most programs for fusion gene prediction yield too many
false-positives, extensive filtering is essential for reliable performance. In an effort to enhance the precision of the prediction (i.e.,
small number of false-positives), we have implemented several filtering strategies to prevent accidental alignment leading to false
split reads as follows:
(1) Homology filter was applied if the nucleotides of 14 bp length
before and after the fusion point were homologous to the original sequences of two participating genes. Bl2seq was used to
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detect homology with the word size of 10.
(2) Filters for repeat regions, paralogs, and pseudo-genes were implemented as well. We discarded the seed reads that were
aligned within the repeat regions obtained from the Repeat-Masker [31] track in the UCSC genome browser. Similarly, gene fusions with paralogous genes obtained from the Duplicated Genes Database [32] or pseudo-genes obtained from the
Human Genome Organisation (HUGO) database [33] were
removed from the candidates.
(3) In spite of extensive filtering as described above, we still observed many cases where the split read had alternative alignment of similar or better quality elsewhere in the genome. We
implemented the multiple mapping filter by running the local
version of BLAT v.34 (using the same option as the web version
of BLAT) for seed reads to identify such cases of ambiguous
multiple mapping (sequence identity > 95%) and removed
those from the fusion candidates.
(4) Finally, we choose the fusion candidates with multiple seed
reads as reliable (i.e. the minimum number of seed reads = 2).
For K562 cell line data, FusionScan predicted 4 fusion gene pairs
in total, and 3 of those were validated experimentally. The workflow
in Fig. 1 shows that (1) the homology filter was not effective for
this data, (2) removing repeats, paralogs, and pseudo-genes is an
important step of reducing 35 candidates, (3) recalibration with
BLAT alignment is helpful to reduce 12 additional candidates.
However, the condition of multiple seed reads was most critical to
yield only 4 fusion candidates.

Curative tools
Even after using various elaborate filters described above, it is often
necessary for users to examine the alignment explicitly. We have developed several tools to facilitate visual inspection by users.
(1) Alignment plot is of great help to verify the genuine fusion
events. We provide two different types of alignment plot as
shown in Fig. 2. Fusion alignment view shows the alignment of
fusion reads onto the synthetic fusion sequence. Progressive tiling pattern is the most desirable feature for the genuine fusion
genes. Genome alignment view shows the alignment of fusion
transcripts separately for head and tail genes as a custom track
in the UCSC genome browser (Fig. 2B).
(2) Coverage plot from next-generation sequencing data provides
valuable information on genomic or transcriptome structures.
For example, abrupt depth change at exon boundaries often indicates the gene fusion or alternative splicing events. FusionScan provides coverage plots for head and tail genes. As shown
in Fig. 2C, both the head and tail genes showed abrupt jump at
the fusion boundaries in accordance with the BCR-ABL1 fuhttps://doi.org/10.5808/GI.2019.17.3.e26
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A Fusion alignment view

B Genome alignment view

C Coverage plot

Fig. 2. Alignment and coverage plots. BCR-ABL1 gene fusion detected from RNA sequencing data of K562 cell line is shown as an example. (A)
Fusion alignment view is the read alignment of seed and support reads on hypothetical fusion transcript. (B) Genome alignment view shows
the alignment of split reads on the University of California Santa Cruz (UCSC) genome browser for head and tail genes obtained by BLAT
alignment tool. (C) Coverage plots on transcript coordinate show abrupt change in read depth at the fusion boundary for both head and tail
genes. Blue vertical lines indicate the exon boundaries in each gene.

sion event. Testing many RNA-Seq data, we found that this
abrupt change applied well for most well-known cases, especially for the tail kinase genes.
(3) Split seed reads are the most direct evidence of gene fusion. In
FusionScan, we acknowledge the split reads as the seed only if
both sides were aligned to fusion exons over 20 bp long. In cases where only one side met the condition and the other side
had a shorter aligned part, we classify them as the support reads,
which still serve as indirect but good evidence of fusion event.
To identify support reads, we realign all RNA-Seq reads to the
synthetic chimeric transcripts using SSAHA2 again, and the result is reported with the number of seed reads or used in the fusion alignment plot. This process is optional since it demands
realignment of all RNA-Seq reads, taking significant amount of
computation. The fusion alignment view may include the support reads as shown in Fig. 2A.

Results
Since a number of fusion detection programs are already available
https://doi.org/10.5808/GI.2019.17.3.e26

in public, it is critical to compare the performance of programs objectively. We have carried out the performance evaluation tests for
FusionScan, SOAPfuse v.1.26, deFuse v. 0.6.1, FusionHunter v.1.4,
FusionMap v.2012-08-12, and TopHat-Fusion v.2.0.9 using both
experimental and simulation data sets. All programs were run with
the default options using the recommended mapping programs
and transcriptome model as summarized at the bottom of Table 2.
For TopHat-Fusion, we used the output from the TopHat-Fusion-Post that reduced the false-positives using BLAST search since
it produced too many false-positives without the -Post option. The
feature of blacklist was not used for fair comparison.

Comparison of fusion discovery tools using experimental
data from three cancer cell lines
The data
NCI-H660 is a prostate cancer cell line where two fusion genes
(TMPRSS2-ERG and EEF2-SLC25A42) have been verified to
play important roles in tumorigenesis. We downloaded the RNASeq data from the FusionSeq website [7], which included 6.5 million paired-end reads of 51 bp long.
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Table 2. Identification of known fusion genes by various fusion detection tools
Sample

Known (Gold) fusion genes

NCI-H660 (2)

TMPRSS2-ERG
EEF2-SLC25A42

K562 (3)

SF

dF

FH

FM

THF

●

●

●

●

-

●

●

●

●

●

●

●

TP/FP

2/0

2/16

2/11

2/1

1/1

2/1

Precision

1.0

0.11

0.15

0.67

0.50

0.67

Recall

1.0

1.0

1.0

1.0

0.50

1.0

●

●

○

●

●

●

BCR-ABL1
NUP214-XKR3
BAT3-SLC44A4

MCF-7 (23)

FS

●
●

●
●

●
○

-

●

-

●

●
●

TP/FP

3/1

3/7

3/27

1/1

3/12

3/0

Precision

0.75

0.30

0.10

1.0

0.20

1.0

Recall

1.0

1.0

1.0

0.33

1.0

1.0

●

●

○

-

○

●

USP31-CRYL1
ARFGEF2-SULF2
TXLNG-SYAP1
DEPDC1B-ELOVL7
SYTL2-PICALM
RPS6KB1-DIAPH3
AHCYL1-RAD51C
TAF4-BRIP1
POP1-MATN2
GCN1L1-MSI1
ESR1-CCDC170
SMARCA4-CARM1
MYO6-SENP6
ADAMTS19-SLC27A6
GATAD2B-NUP210L
SLC25A24-NBPF6
ATXN7L3-FAM171A2
C16orf62-IQCK
TBL1XR1-RGS17
BCAS4-BCAS3
RPS6KB1-TMEM49
ABCA5-PPP4R1L
C16orf45-ABCC1

●
●
●
●
-

●
●
●
●
●
●
-

●
●
●
●

●
●
●
●
●
●

○
●

○
-

●

○

●

-

●

●
●
-

●
●
●
●
-

-

●

●

●

●

●

-

○

-

●

●

●

○

●

●

○

●

-

●
●
●
●
●
●
●
●
●
-

-

●
●
●
●
●
●

-

-

●

●

-

-

●

●

●

-

-

○

●

●

●

○

-

●
●
●
●
-

●

●

-

●

-

-

-

-

-

-

○

-

●

●

○

-

●

○

-

●

-

-

-

-

-

TP/FP

17/14

21/83

18/132

8/11

17/126

15/26

Precision

0.55

0.18

0.12

0.42

0.12

0.37

Recall

0.74

0.91

0.78

0.35

0.74

0.65

Precision

0.60

0.20

0.12

0.46

0.13

0.43

Recall

0.79

0.93

0.82

0.39

0.75

0.71

F1 score

0.68

0.33

0.21

0.42

0.22

0.53

Mapping program

SSAHA2

SOAP2

GMAP

Bowtie

GSNAP

Bowtie

Transcriptome

RefGene

Ensembl

Ensembl

RefGene

RefGene

Ensembl

Overall

-

○

○

●
●

○

BWA
‘●’ and ‘○’ indicate that the case was predicted successfully, with direction reversed in ‘○’. Precision = TP/(TP + FP), Recall = TP/(TP + FN), F1 score = 2 ×
precision×recall/(precision + recall).
FS, FusionScan; SF, SOAPfuse; dF, defuse; FH, FusionHunter; FM, FusionMap; THF, TopHat-Fusion; TP, true-positive; FP, false-positive; FN, false-negative.
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K562 cell line has long been the standard of leukemia studies
where the most famous BCR-ABL1 fusion was identified. Single-end RNA-Seq data for long polyA cytosol mRNAs was downloaded from the Caltech RNA-seq group at the UCSC ENCODE
web site. The data includes 12.8 million reads of paired-end sequencing with 76 bp read length. Three cases of gene fusion were
known for the K562 cell line [34].
One of the most extensively studied samples for gene fusion is
the MCF-7 breast cancer cell line. The Caltech RNA-Seq group includes RNA-Seq data of MCF-7 cell line as well (SRR521521 in
SRA database). The data contains 40 million reads of paired-end
sequencing with 76 bp read length. Sakarya et al. [35] independently studied gene fusions in the MCF-7 cell line using 80 million reads produced by SOLiD paired-end sequencing. They validated 23 gene fusions using TaqMan fusion assays, which were
used as gold standards for our benchmark test.
Three data sets of cancer cell lines from public resources represent diverse situations such as different cell types, sequencing
depth, single and paired reads, and different read lengths, thus being
expected to provide objective result in the comparison test.

Performance comparison
The result from six programs for fusion detection based on RNASeq data is summarized in Table 2. For fair comparison, we filtered
out all cases with the number of seed reads = 1 since FusionScan
required the number of seed reads ≥ 2. This may remove some
true positives in other programs, but certainly helps in removing
false-positives. We calculated the precision and recall rates since the
true-negatives are difficult to prove in gene fusion discovery. It
should be noted that we did not penalize other programs for giving
wrong direction (i.e., reversed head and tail genes).
In general, the precision and recall rates are contradictory to each
other. FusionScan achieved the best in the precision rate (60%) and
in the overall performance measured by F1 score, the harmonic
mean of precision and recall rates. SOAPfuse was the best in the recall rate (93%) but its precision rate was just 20%, producing lots of
false-positives. Fusion-Hunter achieved the precision rate of 46%
by sacrificing the recall rate to 39%, missing too many true positives. TopHat-Fusion showed fairly good performance mainly because of recent implementation of extensive filtering scheme in the
TopHat-Fusion-Post option.
For experimental biologists or clinicians who carry out validation
experiments with limited amount of samples, the precision rate is
the most critical attribute. Thus, it is important to note that FusionScan achieved the precision rate of 60% without losing the recall
rate considerably (79%). The difference with other programs is
substantial, including FusionHunter that achieved excellent perforhttps://doi.org/10.5808/GI.2019.17.3.e26

mance in recent comparison test by the SOAPfusion study [20]. It
should be noted that one fusion case of C16orf45-ABCC1 was not
predicted by all programs, which may suggest that fusion reads for
this case were not present in the Caltech RNA-Seq data unlike the
SOLiD sequencing data by Sakarya et al. [35]. Excluding this case,
the recall rate of FusionScan increases to 81.5%.
The prediction results from five tools are further illustrated as a
Venn diagram in Fig. 3, excluding FusionHunter that missed many
true positives. Common hits would have better chance to be genuine fusion cases. FusionScan showed the most common hits from
more than three programs (28 out of 31 cases). Importantly, FusionScan had only one singleton prediction, which strongly supports the reliability FusionScan’s predictions. FusionMap, deFuse,
and SOAPfuse had a number of singleton predictions, most of
those being expected to be false-positives.

Comparison of fusion discovery tools using simulation data
sets
Testing with experimental datasets is objective and reliable since it
reflects diverse situations and experimental conditions that could
not be mimicked in simulation studies. However, the scope of
benchmark test is limited with small number of known fusion cases
and with experimental settings under specific conditions. Thus, we
carried out the benchmark test using simulation datasets as well to
estimate the performance of each program in different conditions
such as variable read length and coverage.
Preparing the simulation data
Positive cases of fusion gene were artificially constructed by joining
two exons of randomly chosen genes, isoforms, and exons in the
given order. Adjacent genes were avoided in the selection to exclude
read-through transcripts. Using the transcriptome model of refGene, we have generated 10,000 fusion cases to sample diverse sequence characteristics for the benchmark test.
For each fusion case, we prepared a synthetic fusion transcript by
concatenating the 5′ side of the head transcript and 3′ side of the tail
transcript at the fusion boundary. Random nucleotide position was
selected to make a paired end read of desired read lengths (50 bp,
75 bp, or 100 bp) until the pre-determined depth of 10 × , 30 × , or
50 × was achieved. We also demanded the minimum coverage of
transcript of 95% (i.e., less than 5% of nucleotides not covered by a
sequencing read). The insert size of the paired end reads were selected randomly following the normal distribution with the average
insert size of 100 bp and with standard deviation of 10 bp.
Compared to the existing simulation methods that usually add
hundreds of synthetic fusion transcripts to the transcriptome model (e.g., RefGene or Ensembl) and run a simulator for producing
7 / 12
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Fig. 3. Venn diagram of fusion predictions. We show the total number of predicted fusion genes for all three cell lines from five different
programs. Numbers in the parenthesis indicate the number of true positive cases.

paired-end sequencing data [19,20], our procedure of preparing
simulation datasets has the advantage of reflecting diverse characters of fusion gene sequences. Weakness of not taking imbalanced
sequencing depth or sequencing errors into account can be alleviated by the comparison test using real datasets as previously described. The list of 10,000 fusion cases and simulated paired-end
sequencing data are available at the website.

proved in all programs. FusionMap and FusionHunter showed substantial variation. The precision rates, however, were fairly independent of sequencing depth and read length.
Overall, the simulated test showed that three programs (FusionScan, SOAPfuse, and deFuse) achieved comparable performance
with a slight advantage to FusionScan in the precision. TopHat-Fusion’s prediction is reliable, but it misses many true positives as well.

Performance comparison
The precision and recall curves from six different programs for fusion detection are shown in Fig. 4 for various sequencing depths
and read lengths. Here, we used the default settings of each program
for the minimum number of seed reads, instead of demanding two
seed reads at least as for the experimental datasets.
TopHat-Fusion-Post showed the highest precision rate consistently but its recall rate was close to 50%. FusionScan was the second to TopHat-Fusion in the precision and the best in the recall
rate. At the read length of 100 bp and 50 × depth, a common practice with recent advances in sequencing technology, FusionScan
showed the precision and recall rates of 89% and 87%, respectively.
The performance of SOAPfuse and deFuse was slightly inferior to
FusionScan in precision and was comparable in the recall rates.
As the sequencing depth increased, the recall rates were im-

Implementation and computational resources
FusionScan algorithm was developed using Java (JDK1.7) and Python languages. It further requires many third-party programs such
as Bowtie2, SSAHA2, BLAT, bl2seq, samtools and FASTX-Toolkit.
Thus, it is highly recommended to run FusionScan in Linux environment with the Java Runtime Environment 1.7 or later.
We measured the CPU time and memory usage the K562 RNASeq data are compared in Fig. 5. FusionScan and SOAPfuse took
the longest CPU time mainly to achieve the high recall rates. For
example, quality trimming with the option of ‘-t 20 –l 40’ instead of
‘-t 10 –l 38’ decreased the run time by half in FusionScan, but lost a
few true positives in benchmark testing with 3 cell line datasets.
Measuring the CPU time spent for each step of workflow, the preprocessing and mapping took almost half of the total CPU time.
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A Precision
Tophat-Fusion
FusionScan
SOAPfuse
deFuse
FusionMap
FusionHunter

B Recall

Fig. 4. Precision and recall curves for performance evaluation using simulation data sets. (A) Precision rates at the read length of 100
bp, 75 bp, and 50 bp. (B) Recall rates at the read length of 100 bp, 75 bp, 50 bp. 10×, 30×, and 50× indicate the sequencing depth of the
simulation data.
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Fig. 5. Comparison of CPU time (A) and memory usage (B). CPU time and memory usage are shown in hours and GB, respectively. RNA
sequencing data for K562 cell line from the Encyclopedia of DNA Elements (ENCODE) project (SRR521464) was analyzed on a 64-bit
machine AMD Opteron Processor 6176 (2.3 GHz, 8 core) with 32 GB RAM.
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Discussion
For both the real and simulated datasets, the results show that FusionScan provides reliable predictions in fusion discovery under
different sequencing coverage and read length. Even though the
general trends were similar between the two datasets, the precision
was much worse for the experimental datasets. This indicates that
there exist many factors influencing the prediction accuracy in reality (e.g., coverage imbalance, sequencing errors, and sequence polymorphisms). Thus, the result from simulation data should be taken
cautiously. Interestingly, SOAPfuse achieved better recall rate for
the experimental datasets.
FusionScan was the only program with the precision rate over
50%. The enhanced performance of FusionScan may be ascribed to
several points as follows.
(1) Accurate read alignment is absolutely critical. We have selected
SSAHA2 as the most sensitive mapping program through a test
with known fusion transcripts. This process minimizes the loss
of true positives from the start. In a similar effort, SOAPfusion
used a special aligner that masked the intronic regions from the
transcripts. It should be noted that other alignment tools in Table 1 may do better with extensive adjustment of optional parameters. We provide the full set of known fusion cases for testing such possibility.
(2) Reads with alternative mapping positions should be analyzed
cautiously. Many false-positives from other programs had their
seed reads mapped to other positions concordantly with similar
mapping quality. FusionScan removed those ambiguously
mapped reads using extensive filters afterwards. Critical two
steps were removing repeats, paralogs, and pseudo-genes and
recalibration with BLAT alignment as shown in Fig. 1.
Predicting fusion genes from RNA-Seq data is a procedure full of
optimization steps. For example, we have noticed that four true
positive cases in MCF-7 cell line were filtered out in FusionScan at
the final step since they had only one seed read. Relieving the minimum number of seed reads as 1 or using support reads as the basis
of rescuing those cases would introduce too many false-positives.
We used the preliminary version of FusionScan and TopHat-Fusion to build the ChimerDB 3.0 update [36]. Fusion gene candidates were obtained by analyzing RNA-Seq data from The Cancer
Genome Atlas (TCGA). Of note, STAR-Fusion was recently released in bioRxiv and GitHub. It achieved comparable performance
to FusionScan in terms of precision and recall rate. JAFFA is another latest pipeline for fusion detection that utilizes read assembly into
transcripts before fusion detection [37]. This assembly-based
method certainly achieved a good performance in favorable conditions with large number of high quality reads. But its performance
10 / 12

decreased rapidly in bad conditions where misassembles led to
many false-positives and negatives. A latest benchmark test was carried out to evaluate the performance of 12 popular fusion detection
tools and provided some guidelines even though their test datasets
are rather limited [38].
In conclusion, FusionScan made a reasonable compromise between precision and recall rates, achieving 60% and 79%, respectively, in tests using experimental datasets. With implementation of
several curative tools facilitating validation of fusion transcripts, we
believe that FusionScan would be a reliable tool for detecting fusion
transcripts, meeting the conservative conditions required for clinical and experimental studies.
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Bar-code (tag) microarrays of yeast gene-deletion collections facilitate the systematic
identification of genes required for growth in any condition of interest. Anti-sense strands
of amplified bar-codes hybridize with ~10,000 (5,000 each for up-and down-tags) different kinds of sense-strand probes on an array. In this study, we optimized the hybridization
processes of an array for fission yeast. Compared to the first version of the array (11 µm,
100K) consisting of three sectors with probe pairs (perfect match and mismatch), the second version (11 µm, 48K) could represent ~10,000 up-/ down-tags in quadruplicate along
with 1,508 negative controls in quadruplicate and a single set of 1,000 unique negative
controls at random dispersed positions without mismatch pairs. For PCR, the optimal annealing temperature (maximizing yield and minimizing extra bands) was 58°C for both
tags. Intriguingly, up-tags required 3× higher amounts of blocking oligonucleotides than
down-tags. A 1:1 mix ratio between up- and down-tags was satisfactory. A lower temperature (25°C) was optimal for cultivation instead of a normal temperature (30°C) because
of extra temperature-sensitive mutants in a subset of the deletion library. Activation of
frozen pooled cells for >1 day showed better resolution of intensity than no activation. A
tag intensity analysis showed that tag(s) of 4,316 of the 4,526 strains tested were represented at least once; 3,706 strains were represented by both tags, 4,072 strains by up-tags
only, and 3,950 strains by down-tags only. The results indicate that this microarray will be
a powerful analytical platform for elucidating currently unknown gene functions.
Keywords: bar-code, fission yeast, gene-deletion, microarray, tag

Introduction
2019, Korea Genome Organization
This is an open-access article distributed
under the terms of the Creative Commons
Attribution license (http://creativecommons.
org/licenses/by/4.0/), which permits
unrestricted use, distribution, and
reproduction in any medium, provided the
original work is properly cited.

Molecular bar-code arrays facilitate the parallel analysis of thousands of biological samples
through a microarray [1]. In particular, the unique 20-bp DNA bar-codes or tags in each
deletion strain enable the individual fitness of thousands of deletion mutants to be analyzed from a single pooled culture. In principle, the change in the number of cells of interest within the pooled library is visualized by the hybridization between fluorescence-labeled PCR amplicons of unique molecular bar-codes and their cognate probes on the array. This provides a powerful system for identifying the genes required for growth in any
condition of interest [2].
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These arrays are well known for their use with the tagged strains
of yeast gene-deletion collections. Deletion collections have been
constructed for budding yeast [3] and fission yeast [4,5]. Budding
yeast is the pioneer model organism for gene-deletion collections,
followed by fission yeast. As the two types of yeasts are distant
within a phylogenetic tree [6], they play complementary roles in
the systematic elucidation of gene function [7].
Among arrays for budding yeast [8,9], the first version of such an
array (TAG3) was constructed with a 24-µm feature for each probe.
In response to technological developments, the original TAG3 was
improved to the TAG4 array. In particular, the feature size was reduced to 8 µm with a capacity of ~100,000 (100K). Furthermore,
mismatch pairs and antisense-strand probes of each tag were removed, because they were proven to be uninformative. According
to an analysis of data reproducibility, at most triple 8-µm features
were needed to equal the performance of a single 24-µm feature. To
test the ability of the TAG4 array to accurately measure differences
in tag abundance, researchers conducted a signal ratio analysis and
derived a correction function to adjust distorted intensity values
due to the saturation effect.
Herein, we present detailed information on the optimization
process of fission yeast arrays by incorporating useful pieces of information from earlier budding yeast arrays [8-10]. The optimization process of the array can reduce the inevitable defects caused by
the innate hybridization bias. This study will provide a solid platform for fitness profiling using microarray technology.

Methods
Oligonucleotides, medium, and DNA samples
All the synthetic DNA oligonucleotides were obtained from Bioneer (Daejeon, Korea). Yeast cells were cultivated in YES medium
(0.5% yeast extract, 3% glucose, and appropriate amino acid supplements) at 30°C unless otherwise stated, following the manufacturer’s instructions [11]. Genomic DNA from the fission yeast gene
deletion library was extracted using the Quick-DNA Fungal/Bacterial kit (catalog #D6005, Zymo Research Co., Irvine, CA, USA).
Gene deletion library of fission yeast
The gene deletion library used in this study was constructed based
on the principle of homologous recombination, as previously reported [4]. In brief, for each strain the open reading frame was replaced and tagged by homologous recombination with a deletion
cassette consisting of the KanMX module (the selectable resistance
gene KanMX4 and a pair of unique 20-mer molecular bar-codes
(up-tag and down-tag) on both sides flanking the KanMX4 gene)
and its flanking homologous regions to the chromosome (RHG).
2/9

Design of PCR primer pairs and gene-specific tags
Notable components of bar-code regions are represented in the
schematic drawing shown in Fig. 1A. For amplification of up- and
down-tags, pairs of each 20-mer primer, the universal primers U1/
U2 and D1/D2, were theoretically designed (shown as two pairs of
rectangles in the insets of Fig. 1A). Optimal PCR primer sets were
empirically selected by the criteria of maximizing the yield and
minimizing the extra bands (shown as two pairs of arrows, also refer to Fig. 3). The length of the four chosen primers was a 20/19mer and a 17/18-mer for U1/U2 and D1/D2, respectively. For fluorescence detection of hybridization, biotin was linked at both ends
of the anti-sense primers (shown as asterisks).
The sense strands of the bar-codes were designed for tiling on the
array using the criterion of melting temperature (Tm, 60–65°C),
GC content (30%–70%), and cross-hybridization with other barcodes and genomic DNA regions (exact matches of no more than
10 bp, corresponding to a blast score lower than 20), as shown in
Fig. 1B. Finally, ~11,000 bar-code sequences were selected through
the above criteria with an average Tm of 62°C (Fig. 1C).
Hybridization: PCR and blocking oligonucleotides
Hybridization of the array was performed as previously described
[4,12]. In brief, cells were collected during the pooled growth experiments, and their genomic DNA was prepared from frozen cell
stocks. For each PCR sample, 10–20 OD600 (2– 4 × 108 cells/mL)
were used. For amplification and labelling of gene-specific tags,
PCR was performed with the indicated sets of universal PCR primers (as shown by the pairs of head-to-head arrows in Fig. 1A) using
0.2 µg of genomic DNA as a template. PCR amplification was performed through 30 cycles consisting of denaturation at 94°C, annealing at 55°C, and extension at 72°C for 30 s for each step in a total volume of 100 µL (2.5 mM MgCl2, 0.2 mM dNTP, and 1 µM
each primer mix). Hybridization was carried out using the Affymetrix Fluidics Station 450 (Pasadena, CA, USA).
As shown in Fig. 1D, only anti-sense strands of PCR products
(shown as the filled rectangles with white dots) labeled with biotin
(shown as the asterisks) were used for hybridization against sensestrand probes (shown as the dotted rectangles) tiled on the chip. In
addition, for each tag, four priming sequences were shielded by
blocking oligonucleotides (shown as rectangles in gray; refer to the
previous report [4] for the sequence information), which prevented melted strands from re-associating.
Design of the custom-made Affymetrix GeneChip
For the microarray experiments, two versions of Affymetrix
GeneChips with 11 µm features were custom-made by Affymetrix,
“Affy-KRIBB SP1 (Part No. 520429)” and “Affy-KRIBB SP2 (Part
https://doi.org/10.5808/GI.2019.17.3.e28
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Fig. 1. Schematic overview of the tag array in fission yeast. (A)
Structure of deletion cassettes and detailed tag regions. The
deletion cassette containing the KanMX4 gene is flanked by a
pair of unique bar-codes (UPTAG and DNTAG, corresponding to
up-tags and down-tags, respectively) and regions of homology
to the gene of interest (RHG). The deletion cassette replaces the
open reading frame of interest by homologous recombination
at the RHG regions. To facilitate whole genome analysis, each
deletion cassette is assigned a molecular bar-code, a pair of
unique 20-mer sequences, which are referred to as the “UP
tag” and “DN tag” as shown in the insets with dotted lines. To
amplify each tag for hybridization, PCR was performed using
the following universal primer pairs: U1/U2 for the “UP tag” and
D1//D2 for the “DN tag.” For labeling, biotin was attached to the
U2 and D1 primers (shown as asterisks). (B) Scheme of bar-code
design. The 20-mer bar-codes used in the study were selected
using following criteria: (1) Tm of 60-65°C with a deviation of
±2°C, (2) GC content between 30% and 70%, (3) less than 10bp cross-hybridization with other bar-codes, and (4) less than
10-bp cross-hybridization with genomic DNA of fission yeast.
The algorithm loop was repeated until to get 11,000 bar-codes.
(C) Tm distribution of the bar-codes. The bar-codes obtained
from the above algorithm showed a normal distribution in the
range of 57-67°C with a mean of 62°C. (D) Overall scheme of
hybridization between tag amplicons and array probes. The pair
of unique bar-codes consisting of an up-tag and a down-tag
were amplified by PCR using a pair of flanking universal primers,
one of which was labeled by biotin (shown with asterisks). The
PCR product was hybridized with the custom-made array. Note
that anti-sense strands (filled rectangles with white dots) of tags
were hybridized to sense strands (dotted rectangles) of probes
on the array. To reduce unwanted hybridization, all regions of
the universal primers were shielded by blocking oligonucleotides
(shown as gray rectangles).
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A

B

Fig. 2. Design scheme of custom-made GeneChip and probes. For the microarray experiments, two versions of an Affymetrix GeneChip were
made by a custom order. (A) Schematic overview of KRIBB-SP1 (100K) and KRIBB-SP2 (48K). The KRIBB-SP1 array was made to represent
43,721 probe pairs (perfect match and mismatch) in three separate sectors along with another control probes, corresponding to ~10,000
tags in triplicate or quadruplicate. The KRIBB-SP2 array was made to represent 41,169 probes without mismatch pairs at randomly dispersed
positions along with other control probes, corresponding to ~10,000 tags in quadruplicate. For the reader’s convenience, array chips are
represented in blue due to fluorescence, and the areas of negative control probes are represented by solid black squares within chips due
to the absence of hybridization. (B) Strategy of probe design. Sequence information for each probe was represented in the sense strands by
seven-digit numbers. The first digit represents whether its sequence was confirmed by Sanger sequencing, and the second digit specifies the
type of deletion mutant. The third digit specifies the type of probe, including up-tag, down-tag, positive, or negative control. The remaining
four digits represent working codes of deletion mutants, which replace complicated systematic ID numbers of each strain with simple
numbers for the convenience of experiments.

No. 520506),” by following the guidelines of the GeneChip CustomExpress Array Program.
Ideally, the first version (array format 100-3660) could represent
4,800 different probes by 11 probe pairs (perfect match and mismatch) with a maximum capacity of 100,000 (100K ≅ 4,800 ×
× 22). As the required features for the ~10,000 tag probe pairs in
question (5,000 up-tags + 5,000 down-tags) exceeded 220K
(10,000 × 22), the first version of the array was modified to represent 47,721 probe pairs in three separate sectors, consisting of
43,721 probe pairs (~10,000 tags in triplicate or quadruplicate, positive controls included) and a single set of 4,000 unique negative controls, resulting in 91K features (43,721 × 2 + 4,000) as shown in the
left diagram in Fig. 2A. The second version (array format 400) was
made to represent 48,201 features (48K), consisting of 41,169
probes for 10,292 tags in quadruplicate (~5,000 up-tags + ~5,000
down-tags) without mismatch pairs, 1,508 negative controls in quadruplicate, and a single set of 1,000 unique negative controls
(~10,000 × 4 + 1,508 × 4 + 1,000) at randomly dispersed positions
without separate sectors, as shown in the right diagram in Fig. 2A.
For tiling sense-strand probes on arrays, specific files containing
the information about the total probes were generated in Excel
spreadsheets, following the guidelines suggested by Affymetrix. Sequence information about each probe was represented in the sense
4/9

strands by seven-digit numbers (Fig. 2B).

Analysis of tag intensity and signal ratio
The probe intensity was obtained using the GeneChip Scanner
3000 and GeneChip Operating Software (Expression-Affymetrix
MAS) with high-resolution upgrades. In brief, scanning of
GeneChips generated a variety of data in multiple file formats, including .EXP, .DAT, .CEL, and .CDF. Among them, the.CEL files
harboring probe intensity data were then analyzed using the R
package ‘affy’ [13]. The signal ratio (Fig. 4) and the distribution of
tag signals (Figs. 5 and 7 ) were plotted by kernel density plots, implemented in the R statistical software [14].
Analysis of the relative growth rate
The relative growth rate (Fig. 6) was estimated from slopes of linear
models with time measured in generations. The estimated data on
the growth rates were added to the slope, which was set with a relative growth rate of 1.00 as the standard, as described previously [4].

Results
Optimization of bar-code PCR: annealing temperature
As the first step toward optimizing the GeneChip hybridization,
https://doi.org/10.5808/GI.2019.17.3.e28
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the optimal annealing temperature of bar-code PCR was empirically determined using the criteria of maximizing yield and minimizing extra bands (Fig. 3). PCR amplifications for both the up-tags
and down-tags were performed at the indicated annealing temperatures from 52°C to 58°C, followed by resolution on 10% acrylamide
gel in 0.5 × TBE. The annealing temperature of 58°C (shown in the
filled squares on top) was best for both tags, which resulted in > 30
ng yields at the position of 70 bp (shown by the filled arrow) with
fewer extra bands (shown by the arrows at upper left and lower
right). Notably, up-tag PCR showed a slightly higher yield than
down-tag PCR, by ~10%.

Optimization of hybridization: concentrations of blocking
oligonucleotides
To improve the ability of GeneChip to detect differences in tag
abundance, eight different kinds of blocking oligonucleotides were
used in hybridization. These blocking oligonucleotides help to keep
single-stranded PCR products from nucleation or annealing with
each other via universal primer sequences. To determine the optimal concentrations of blocking oligonucleotides, a set of samples
were hybridized with the indicated concentrations of blocking oligonucleotides from 0.5 × to 3 × , and subjected to analysis of the
signal ratio with a variety of the indicated tag mixes, including 25%
(shown as green dots), 50% (blue dots), and 75% (red dots) for uptags (upper panels) and vice versa for down-tags (lower panels). As
shown in Fig. 4, the addition of 3 × blocking oligonucleotides for
up-tags clearly showed the best resolution of the signal ratio (shown
by the filled rectangle in the upper panels). In contrast, addition of
1 × blocking oligonucleotides for down-tags showed the best resolution of the signal ratio, as expected (shown by the filled rectangle
in the lower panels). However, it is still difficult to explain why a
higher amount of blocking oligonucleotides for up-tags than for
down-tags was required for the best resolution of the signal ratio.
Optimization of hybridization: mix ratio between up- and
down-tags
Next, up- and down-tags were mixed at the indicated ratios with
various concentrations of blocking oligonucleotides and subjected
to analysis for resolution of tag intensity. As represented by the upper and lower filled rectangles in Fig. 5, a 1:1 mix ratio between upand down-tags showed the best resolution of tag intensity. Notably,
a satellite peak was observed in the regions with a tag intensity of
200 from every set of samples (shown as vertical dotted lines),
which corresponded to noisy signals (less than 4 × the background
signals) due to sequence similarity by chance. Thus, 85 deletion
strains that presented noisy signals were eliminated from further array analysis.
https://doi.org/10.5808/GI.2019.17.3.e28

Fig. 3. Optimization of the annealing temperature for PCR
amplification of bar-code tags. To amplify the bar-code tags,
the following sets of primers were used for PCR with 0.2
μg of genomic DNA as a template; UP tag, forward (5′U-2)
5′-GCTCCCGCCTTACTTCGCAT-3′, reverse (biotin-Kan5′U-2)
5′-biotin-CGGGGACGAGGCAAGCTAA-3′; DN tag, forward (DN3F-biotin) 5′-biotin-GCCGCCATCCAGTGTCG-3′, reverse (DN3-R)
5′-TTGCGTTGCGTAGGGGGG-3′. To obtain the optimal PCR
conditions, a series of PCR experiments were performed at the
indicated annealing temperatures (52°C, 54°C, 56°C, and 58°C),
followed by resolution on a 10% acrylamide gel with a size
marker (SM, 100-bp DNA ladder from Bioneer). The arrows in
white represent extra bands, and the arrow in black represents the
position of amplified tag bands (~70 bp).

Optimization of culture conditions: temperature
As we reported previously [4], ~37% of the deletion collection harbored a recessive temperature-sensitive (ts) mutation unrelated to
the gene deletion. Even though the entire set of essential heterozygous deletion strains (416) was remade, some viable heterozygous
deletion strains still existed (1,400). As the mutations involved
temperature sensitivity, we checked whether 25°C or 30°C would
be optimal for cell cultivation (Fig. 6). The relative growth rate of
the deletion strains harboring extra ts-mutations (shown as blue
dots) deviated from that of the normal deletion strains harboring
only targeted deletions (red dots), when cultured at 30°C (left panel). However, the deviation of the growth profile returned to normal when cultured at 25°C (right panel). Taken together, cell culture at 25°C was found to be better than 30°C if the deletion library
is mixed with extra ts-mutants.
Optimization of culture conditions: activation of the frozen
pooled library
The heterozygous deletion mutant library was pooled, aliquoted
into vials, and stored in a deep-freezer until use [12]. For systematic
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Fig. 4. Optimization of signal ratios depending on the concentration of blocking oligonucleotides. The blocking oligonucleotides for
each gene are required at eight primer sites for a pair of the four universal primers (U1/U2 and D1/D2). The concentration of blocking
oligonucleotides (12.5 pm/µL each) was defined as 1×, corresponding to a 1:1 ratio of amplified tags. To determine the optimal
concentrations of blocking oligonucleotides, a set of samples were hybridized with the indicated concentrations of blocking oligonucleotides
from 0.5× to 3×, and subjected to analysis for the best resolution of the signal ratio. The dots in green, blue, and red represent each intensity
from a variety of tag mixes, where up-tags comprise 25%, 50%, and 75% of the total mix and vice versa for down-tags. Note that 3× of
up-tag and 1× of down-tag blocking oligonucleotides resulted in the best resolution of the signal ratio (shown as upper and lower filled
rectangles).

screening of target genes affected by drugs, a single vial was cultivated and treated with a drug. Cells were collected every five generations until 20 generations, and their genomic DNA was extracted
for further microarray analysis. It was determined whether the frozen pooled cells should be activated for more than 1 day in order to
obtain the best resolution of tag intensity. To do so, the resolution
of tag intensity was compared between activated and non-activated
samples (Fig. 7). When the number of up-tags (shown as curved
red lines), down-tags (shown as curved blue lines), and total up/
down-tags (shown as curved gray lines) were plotted against tag intensity using the same amounts of total intensity, the tag intensity of
activated cells showed a better, broad distribution from 5.0 to 5.8
(right panel) in comparison to that of the non-activated cells (from
3.7 to 4.0; left panel).

Summary of available bar-codes
Initially, 4,526 strains in total were pooled and entered into the optimization process. However, the bar-codes of 85 strains were eliminated due to the possibility of cross-hybridization, because they
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harbored a sequence similarity longer than 15 bp with each other
by chance. This left 4,441 strains for further analysis. In addition,
125 strains showing noisy intensity for up-tags and/or down-tags
were also eliminated, because they showed the intensity less than
4 × background signals. Finally, 4,316 strains were proven to be
useful for the microarray, as they were represented at least once
among the up-tags and/or down-tags. In particular, 3,706 strains
were represented by both tags, 4,072 strains by up-tags only, and
3,950 strains by down-tags only.

Discussion
Molecular bar-code arrays enable the systematic identification of
genes required for growth in any condition of interest [2]. These
arrays are best known for their use with collections of yeast gene
deletions, each of which is tagged with a 20-mer identifying DNA
sequence known as a molecular bar-code. However, their extensive
usage has been hampered by inevitable defects, such as intensity
bias and bar-code mutations [15,16]. In a previous study [16], we
https://doi.org/10.5808/GI.2019.17.3.e28
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deletion strains harboring extra ts-mutations (shown as blue dots) returned to normal compared to the normal deletion strains (shown as
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reported that 16.6% of bar-codes contained mutations, as judged by
a Sanger sequencing analysis of bar-codes. In the study, we optimized the hybridization processes of the array in order to reduce
https://doi.org/10.5808/GI.2019.17.3.e28
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retically designed as 20-mer oligonucleotides. However, during the
optimization process, it was elucidated that their actual lengths
were a 20-mer/19-mer and a 17-mer/18-mer for U1/U2 and D1/
D2, respectively. Furthermore, the annealing temperature was empirically obtained to obtain maximum yield with fewer noisy bands.
In response to technological advances in microarrays, the second
version of the GeneChip array was improved to show better performance without a change in feature size (11 µm) despite a twofold
reduction in feature capacity from 100K to 48K. For example, the
second version did not have separate sectors and mismatched
probes, with fewer negative and positive controls. In contrast, the
second version of the array in budding yeast [8] reduced the feature
size from 24 µm to 8 µm, while retaining 100K features, but using a
similar strategy to ours for probe allocation.
Compared with the optimization process of budding yeast arrays
[8,10], a couple of optimization steps in fission yeast arrays are peculiar. Regarding blocking oligonucleotides, an intriguing observation was made that the concentration required for up-tags was
three-fold higher than that required for down-tags. This unexpected
phenomenon would make sense under the assumption that the
PCR yield of up-tags would be higher than that of down-tags.
When the DNA sequences of PCR primers were carefully checked,
the universal primer D2 for down-tag PCR contained a “G” stretch,
with six “G’s” straight in a row. This “G” stretch could result in a
lower yield for down-tag PCR than for up-tag PCR. It was a mistake that we did not carefully check for “G” stretches inside the
PCR primers. Next, a recessive ts-mutation unrelated to the gene
deletion was contained in a subset of our deletion collection, which
required an extra step to optimize the culture temperature.
Overall, 95% of the tags (4,316/4,526) in the deletion library
were represented at least once among the up-tags and/or downtags. At first glance, a 95% success rate appears good, but there
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might exist ~250 false-positive tags supposing a 5% detection error
among ~5,000 deletions in fission yeast. To circumvent this problem that arises from both yeast collections, the problematic barcode probes were corrected in the second version of the array as referred to earlier, as far as sequence data of the tags were available.
However, the array technology still requires an upgrade to completely eliminate potential defects, which promises to make the fission yeast gene deletion library a reliable tool for understanding
molecular gene function in a systematic way. In this regard, a platform based on next-generation sequencing (NGS) analysis would
be innovative and would avoid potential errors, because each barcode could be counted by direct sequencing irrespective of the inevitable defects caused by array hybridization. The results of this
study serve as a basis for an innovative upgrade of the present microarray technology to a future NGS technology.
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estimate TC was through an in silico method. TC refers to the capacity that a transcript exerts in a cell as enzyme or protein function after translation. We used the genome-wide
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There have been various experimental studies regarding enzyme activity [1,2]. Enzyme
activity is defined by a measure of the quantity of active enzyme present. Most enzyme
activity studies are based on in vitro experiments. This approach is a limited method because it does not contain in vivo situations. Our approach was to introduce transcript capacity (TC) concept and this concept has both resemblance and difference in comparison to the enzyme activity estimation. It can be considered that TC plays a role like enzyme activity as transcript activity or TC but it is mainly related to the analyzed traits.
Thus, TC does not match to the concept of enzyme activity, perfectly. Although enzyme
activity is not directly associated with TC, the investigation of TC can be one of the important route to examine enzyme activity because both deal with the capacity of specific
cellular units, i.e. enzyme and transcript. We calculated TC using the genome-wide association study (GWAS) beta effect and transcript reads in RNA-sequencing (RNA-seq)
data, and our study is based on an in silico analysis. Our novel approach was based on that
gene effect could be a function of TC and transcript reads. TC refers to the capacity that
one unit of transcripts exerts as a cellular function. TC cannot be easily measured in experiments. We calculated TC using bioinformatics studies.
GWAS can be used for finding significant variants and genes associated with given traits.
It is a very efficient and powerful method for detecting genes of significance. GWAS has
been used to discover disease-associated genes and quantitative trait loci genes [3-5]. Lu et
al. [6] tried to discover new loci associated with body fat percent (BF%) and identified cardiometabolic disease risk genomic factors. For TC estimation, we used BF% as the phenotype and performed GWAS. The beta effect in GWAS denotes the coefficient of the regres1/7
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sion model and it can be the additive effect of the single nucleotide
polymorphism (SNP) in the GWAS [7-9]. The significant markers
associated with phenotypes have been used as the significance of
the encompassed genes in GWAS. This is plausible because SNPs
is linked at those encompassing genes which are usually called
“linkage disequilibrium.”
RNA-seq data provides transcripts’ reads [10,11]. Through transcript reads and gene effects, we calculated TC. TC analysis can be
important because it can be further analyzed the enzyme activity if
the protein expression level instead of transcript reads is given.

Methods
Data description
For GWAS, we used Ansan-Anseong cohort data. These were for a
study of a chronic diseases within Ansan city and Anseong rural
areas in Korea. The dataset comprised men (8,842 people) between 40–69 years of age who had been residents of the region for
at least 6 months [12,13]. Our study was from the 3rd Ansan-Anseong cohort dataset version 2.1. The analyzed phenotypes were
BF% unit and the covariates were set to be area, age and sex. The
SNP dataset was implemented using Affymetrix Genome-wide
Human SNP Array 5.0 (Affymetrix, Santa Clara, CA, USA). The
mean call rate was 99.01%. The total number of SNPs was 352,228
and after quality control (minor allele frequency < 0.05, Hardy-Weinberg equilibrium p-value < 0.0001 and missing genotype
rate > 0.05), 308,003 SNPs were left.
For transcript reads, we used transcript reads per million (TPM)
data at the following website (http://www.proteinatlas.org). The
Human Protein Atlas was released with protein profile data covering 48 different human tissues and organs, including adipocytes,
the kidney and the liver [14,15]. Among these organs, we used adipocyte’s transcript reads data. The TPM data of the Human Protein atlas is based on the reads per gene. Thus the gene length was
pre-considered for the accurate reads estimation per gene.
Genome-wide association study (GWAS)
GWAS was performed using GCTA (a tool for genome-wide complex trait analysis) to estimate the beta effects [9,16]. The following model was:
(1)

y = a + bx + g + e

where y is the phenotypic value (BF%), a is the mean term, b is
the additive beta effect of the candidate SNP for association, x is
the SNP genotype indicator variable, g is the polygenic effect, and
e is the residual. The covariates were sex (male and female), area
2/7

(Ansan and Anseong) and age. The age was factored to be 10-age
steps. The b was the beta effect of the SNPs.

TC calculation
TC was calculated using the following relationships:
(2)

TC =

effect of gene
transcript eads

Eq. (2) uses the gene effect and transcript reads (TPM) to determine the TC. We assumed that the effect of the gene was proportional to the transcript reads and TC. The gene effect is proportional to TC as given in Eq. (2). If A and B genes’ effect is 10,
10, respectively and transcript reads are 1,000 and 10,000, then
TCs of A and B are 0.01 and 0.001. Thus the capacity of the A
transcript is 10-fold stronger than B transcript. One unit of A transcripts influences 10-fold to the traits in comparison to the B transcripts.

Gene ontology analysis
The gene ontology (GO) analysis was performed using DAVID
(Database for Annotation, Visualization and Integrated Discovery) [17]. The gene catalogue was retrieved from Ensembl DB
(http://www.ensembl.org). We selected the genes with the highest
and lowest TC (top and bottom 5% in TC values) for the GO
analysis.

Results
Figure description
Fig. 1 shows the flow chart of our analysis. It explains the procedure of the TC calculation. The gene effect was calculated using
GWAS and TC was calculated using gene effect and TPM. As
shown in Eq. (2), the TC unit in our analysis is BF%. Fig. 2 shows
the plot of TPM and GWAS beta effect. The genes with a higher
TPM had a smaller beta effect across the board. According to Eq.
(2), a higher TPM and a smaller beta effect would show a smaller
TC. Fig. 3 shows the Manhattan plot of – log10(p-value) and the
TC across chromosomes. The p-value was from GWAS results
and TC was calculated as shown in Fig. 1.
TC calculation and GO analysis
Table 1 shows the summary statistics (minimum, maximum, average, standard deviation) of GWAS beta effect, TPM and TC. Table
2. shows the gene information with the lowest p-values ( <0.0001)
and the estimated TC. The TC was simply calculated using Eq. (2).
Table 3 illustrates genes’ TC information of the highest p-values (top
https://doi.org/10.5808/GI.2019.17.3.e31
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Fig. 1. The flow chart of the analysis. The transcript capacity was calculated in silico using genome-wide association study (GWAS) and
RNA-sequencing (RNA-seq). SNP, single nucleotide polymorphism; TA, transcript activity (synonym: transcript capacity); TPM, transcript per
million reads.

Discussion
GWAS and expression quantitative trait loci
We used the GWAS and RNA-seq data associated with body fat.
The expression quantitative trait loci (eQTL) are genomic loci
that explain a variation in expression levels of mRNAs (https://
en.wikipedia.org/wiki/Expression_quantitative_trait_loci). Parks
et al. [19] showed the genetic control of obesity and gut microbiota composition using eQTL analysis. In our analysis, the accurate
beta effect estimation accompanied by p-value are crucial and thus
https://doi.org/10.5808/GI.2019.17.3.e31
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5% genes in TC value). The neuronal genes including neuronal-activity regulated genes have important functions in dendrites and
synapses and are likely to regulate circuit connectivity directly. Thus
for the easy regulation of circuit connectivity, they might have the
strategy through possessing low transcript reads and high TC [18].
Brain-derived neurotrophic factor (BDNF; TC, 1.88 BF%) encodes
a neurotrophin that is secreted at the synapse. The induction of
BDNF promotes both synapse maturation and dendritic growth.
BDNF had high TC and its mutation can cause neurological and
psychiatric disorders [18]. Table 4 shows the GO with the lowest
TC (bottom 5% genes). It shows that the lowest TC’s major GO
terms were endoderm formation, wound healing and embryo development. The von Willebrand factor (VWF) is not an enzyme and
thus, has no catalytic activity (https://en.wikipedia.org/wiki/Von_
Willebrand_factor). In our analysis, the VWF had high transcript
reads and low TC (TPM, 155.1; TC, 0.002 BF%).
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Fig. 2. Transcript reads per million (TPM) versus genome-wide
association study (GWAS) beta effect. Larger beta effect genes had
a smaller TPM across the board.
Table 1. Summary statistics of beta effect, TPM, and TC in our
analysis
Beta
TPM
TC

Min
Max
–0.9378
1.326
0.1
1864.5
0.000146
7.483

Average
0.004
19.855
0.371

SD
0.387
70.551
0.857

Beta, GWAS beta effect; TPM, transcript per million reads; TC, transcript
capacity.
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Fig. 3. The Manhattan plot of-log10(p-value) including total analyzed single nucleotide polymorphisms (SNPs) (A) and transcript capacity (TC)
(B) under p-value < 0.05 across chromosomes. The p-value was obtained from the genome-wide association study (GWAS) of the SNPs and
those encompassing genes. TC was calculated using the GWAS beta effect and transcript per million reads.

Table 2. Genes with the lowest p-values (cutoff 0.0001) and their TC estimation
CHROM
1
1
4
5
1
1
1
5
5
14
5
22
11
14
10
16
6
2
2
2
5
5
1

SNP
SNP_A-2261105
SNP_A-2137301
SNP_A-4203089
SNP_A-1821378
SNP_A-1848974
SNP_A-2302611
SNP_A-2276931
SNP_A-4258112
SNP_A-4193701
SNP_A-2203004
SNP_A-2111116
SNP_A-2212209
SNP_A-1946877
SNP_A-2203008
SNP_A-4304897
SNP_A-2161617
SNP_A-4211857
SNP_A-2266417
SNP_A-2266417
SNP_A-4257172
SNP_A-1943727
SNP_A-2283204
SNP_A-1827525

Position
56496439
77704683
134200024
75406064
56496993
56520770
235264645
75370070
75413307
32144721
171218237
42624987
114585252
32145585
77131018
78907824
96568889
75681594
75681594
46029907
75381858
75433640
216928377

Beta
–0.49
0.39
0.4
0.43
–0.46
–0.38
0.38
0.43
0.42
0.54
–0.42
0.7
0.36
0.41
–0.46
–0.45
0.58
–0.35
–0.35
0.38
0.4
0.39
–0.34

p-value
0.00000569
0.00000908
0.0000107
0.0000138
0.0000169
0.0000176
0.0000191
0.0000201
0.0000233
0.0000247
0.0000335
0.0000391
0.000041
0.0000533
0.0000558
0.0000603
0.0000811
0.0000813
0.0000813
0.000082
0.0000879
0.0000927
0.0000937

Gene
PLPP3
USP33
PABPC4L
COL4A3BP
PLPP3
PLPP3
ARID4B
COL4A3BP
COL4A3BP
ARHGAP5
RANBP17
CYB5R3
NXPE4
ARHGAP5
KCNMA1
WWOX
FHL5
MRPL19
GCFC2
PRKCE
COL4A3BP
COL4A3BP
ESRRG

TPM
147.9
45
1.6
37.7
147.9
147.9
12.7
37.7
37.7
26.9
0.2
337.7
0.1
26.9
11.1
10.5
41.6
35
10.1
5
37.7
37.7
0.4

TC
0.003
0.009
0.25
0.01
0.003
0.003
0.03
0.01
0.01
0.02
2.12
0.002
3.6
0.015
0.04
0.04
0.014
0.01
0.03
0.08
0.01
0.01
0.85

The estimation of TC and TPM belongs to the corresponding gene.
TC, transcript capacity; CHROM, chromosome name; SNP, single nucleotide polymorphism; TPM, transcript reads per million.
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Table 3. GO for the highest (as TC values) top 1% of the genes
Term
GO:0007399~nervous system development

Count
29

GO:0048858~cell projection morphogenesis

16

GO:0032990~cell part morphogenesis

16

GO:0030030~cell projection organization

20

GO:0032989~cellular component morphogenesis

18

GO:0035082~axoneme assembly
GO:0048666~neuron development

5
15

GO:0000902~cell morphogenesis

17

GO:0022008~neurogenesis

18

GO:0048699~generation of neurons

17

GO:0042384~cilium assembly
GO:0030182~neuron differentiation

7
16

GO:0010927~cellular component assembly
involved in morphogenesis
GO:0048468~cell development

21

0.000399

GO:0007268~chemical synaptic transmission

11

0.000405

GO:0098916~anterograde trans-synaptic
signaling

11

0.000405

GO:0099536~synaptic signaling

11

0.000405

GO:0099537~trans-synaptic signaling

11

0.000405

5
7
9
7

0.000443
0.000593
0.000636
0.000922

GO:0001578~microtubule bundle formation
GO:0044782~cilium organization
GO:0030031~cell projection assembly
GO:0060271~cilium morphogenesis

8

p-value
Gene
Fold enrichment
0.000000124 OPRM1, RP1, DPF3, GRIK1, GRIP1, SYT2, CTNND2, RP1L1, RIMS2,
2.89
BDNF, BARX2, KIRREL3, RFX4, MDGA2, GRIN2A, ARMC4, RPGRIP1,
ELAVL4, ALK, GRHL2, PPP1R17, CTNNA2, EPHA7, HYDIN, CHRM3,
RASGRF1, CHRM2, CHST8, ATP8A2
0.00000257 RP1, RFX4, SYT2, RP1L1, CTNND2, ARMC4, ELAVL4, RIMS2, DNAH7,
4.34
NME8, CTNNA2, EPHA7, BDNF, HYDIN, ATP8A2, KIRREL3
0.00000349 RP1, RFX4, SYT2, RP1L1, CTNND2, ARMC4, ELAVL4, RIMS2, DNAH7,
4.23
NME8, CTNNA2, EPHA7, BDNF, HYDIN, ATP8A2, KIRREL3
0.00000418 RP1, MYO1A, RFX4, GRIP1, SYT2, RP1L1, CTNND2, ARMC4, ACTN2,
3.32
ELAVL4, RIMS2, DNAH7, NME8, CTNNA2, BDNF, EPHA7, HYDIN,
RASGRF1, ATP8A2, KIRREL3
0.000075
RP1, RFX4, SYT2, RP1L1, CTNND2, ARMC4, ACTN2, ELAVL4, RIMS2,
2.95
DNAH7, NME8, GRHL2, CTNNA2, BDNF, EPHA7, HYDIN, ATP8A2,
KIRREL3
0.0000991 RP1, HYDIN, RP1L1, ARMC4, DNAH7
20.4
0.000104
RP1, GRIP1, SYT2, RP1L1, CTNND2, RPGRIP1, ELAVL4, RIMS2, ALK,
3.36
CTNNA2, EPHA7, BDNF, RASGRF1, ATP8A2, KIRREL3
0.000123
RP1, RFX4, SYT2, RP1L1, CTNND2, ARMC4, ELAVL4, RIMS2, DNAH7,
2.96
NME8, GRHL2, CTNNA2, BDNF, EPHA7, HYDIN, ATP8A2, KIRREL3
0.000227
OPRM1, RP1, GRIP1, SYT2, MDGA2, GRIN2A, RP1L1, CTNND2, RP2.69
GRIP1, ELAVL4, RIMS2, ALK, CTNNA2, BDNF, EPHA7, RASGRF1, ATP8A2, KIRREL3
0.000346
OPRM1, RP1, GRIP1, SYT2, MDGA2, RP1L1, CTNND2, RPGRIP1,
2.71
ELAVL4, RIMS2, ALK, CTNNA2, BDNF, EPHA7, RASGRF1, ATP8A2,
KIRREL3
0.000355
RP1, HYDIN, RFX4, RP1L1, ARMC4, DNAH7, NME8
7.35
0.00037
RP1, GRIP1, SYT2, MDGA2, RP1L1, CTNND2, RPGRIP1, ELAVL4,
2.82
RIMS2, ALK, CTNNA2, EPHA7, BDNF, RASGRF1, ATP8A2, KIRREL3
0.000385
RP1, HYDIN, RFX4, RP1L1, ARMC4, ACTN2, DNAH7, NME8
5.88
OPRM1, RP1, IL5, GRIP1, SYT2, RP1L1, CTNND2, ACTN2, RPGRIP1,
ELAVL4, RIMS2, ALK, GRHL2, CTNNA2, BDNF, EPHA7, HYDIN,
RASGRF1, ATP8A2, NUP210L, KIRREL3
OPRM1, CDH8, KCNQ5, CHRM3, GRIK1, RASGRF1, CHRM2, SYT2,
GRIN2A, RIMS2, OPRD1
OPRM1, CDH8, KCNQ5, CHRM3, GRIK1, RASGRF1, CHRM2, SYT2,
GRIN2A, RIMS2, OPRD1
OPRM1, CDH8, KCNQ5, CHRM3, GRIK1, RASGRF1, CHRM2, SYT2,
GRIN2A, RIMS2, OPRD1
OPRM1, CDH8, KCNQ5, CHRM3, GRIK1, RASGRF1, CHRM2, SYT2,
GRIN2A, RIMS2, OPRD1
RP1, HYDIN, RP1L1, ARMC4, DNAH7
RP1, HYDIN, RFX4, RP1L1, ARMC4, DNAH7, NME8
RP1, MYO1A, HYDIN, RFX4, RP1L1, ARMC4, ACTN2, DNAH7, NME8
RP1, HYDIN, RFX4, RP1L1, ARMC4, DNAH7, NME8

2.31
3.94
3.94
3.94
3.94
13.86
6.67
4.64
6.13

The major gene ontology (GO) terms were neuronal and cell projection organization-related.
TC, transcript capacity.

eQTL analysis can help better estimating TC because eQTL information contains the mRNA expression level.

GWAS p-value and accuracy of TC calculation
In GWASs, the significance is guaranteed by the p-value. The
https://doi.org/10.5808/GI.2019.17.3.e31

p-value is the criteria to dissect the significant variants and those
genes from insignificant ones. Although genes’ effects were dissected by the p-value, only the beta effect was used for TC calculation. The gene’s GWAS p-value and beta effect can be varied with
respect to analyzed phenotypes. The highly accurate TC calcula5/7
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Table 4. GO for the lowest (as TC values) bottom 1% of the genes
Term
Count
GO:0007369~gastrulation
6
GO:0042060~wound healing
7
GO:0009611~response to wounding
7
GO:0009790~embryo development
10
GO:0035987~endodermal cell differentiation 4
GO:0001944~vasculature development
8
GO:0031589~cell-substrate adhesion
6
GO:0001706~endoderm formation
4
GO:0007492~endoderm development
4

p-value
0.0000374
0.0000543
0.000136
0.000165
0.000206
0.000217
0.000273
0.000366
0.000751

Gene
COL4A2, DLD, LAMB1, MMP2, PLPP3, FN1
VWF, CD34, HMOX1, IGF1, MYH9, PLPP3, FN1
VWF, CD34, HMOX1, IGF1, MYH9, PLPP3, FN1
FKBP8, COL4A2, DLD, IGF1, LAMB1, MYH9, MMP2, PLPP3, RCN1, FN1
COL4A2, LAMB1, MMP2, FN1
COL4A2, ANP32B, CD34, QKI, MYH9, MMP2, PLPP3, THY1
VWF, CD34, FERMT2, LAMB1, THY1, FN1
COL4A2, LAMB1, MMP2, FN1
COL4A2, LAMB1, MMP2, FN1

Fold enrichment
15.22
9.98
8.45
4.69
33.52
6.2
9.99
27.65
21.69

The major gene ontology (GO) terms were wound-healing and embryo development.
TC, transcript capacity.

tion should be certified by using diverse phenotypes in GWAS.
Additionally, the transcript reads in RNA-seq data can be diverse
in various tissues. By using diverse tissues and information from
various traits, the accurate TC calculation can be plausible for generally acceptable estimation.
BF% can be used to approximate fat accumulation in adipose
tissues. The trait reflects the fat accumulation and the gene’s play
in adipose tissue. The GWAS directs the significant variants associated with body fat but the TC quantity only mirrors the transcript activity only related to the analyzed traits as indicated by TC
unit (BF%).
Our GWAS calculation for the gene effect was based on the
linkage disequilibrium between SNP markers and the gene. Despite the advantages of GWAS using SNP markers, diverse SNP
markers per gene can cause a problem. Thus gene-based GWAS
can be an another alternative method. And RNA-seq data had better be obtained from the similar sample to the GWAS dataset.
The neuronal and cell projection organization genes were enriched in the GO analysis (Table 2). These genes have low p-values in the GWAS analysis of BF% across the board. Inspecting the
relationship between TC and GO terms why the lowest TC values
are associated with certain GO terms, is a subject that needs to be
addressed. Likewise, the reason why wound healing and embryo
development GO terms have low TC values must be elucidated.

Features of the TC calculation in our study
Unlike previous studies that calculate the protein activity, TC calculation is a high-throughput analysis. Vermeirssen et al. [20] used
a quantitative in silico analysis to calculate the inhibitory activity of
angiotensin I converting enzyme (ACE). They used an in vivo
analysis to calculate ACE activity, also. Our study to calculate TC
is theoretically novel. Additionally, it is feasible not only to calculate TC, but also to calculate other annotated ones including tran6/7

scription factor whose activity cannot be easily measured experimentally.
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The Wellcome Trust Case Control Consortium (WTCCC) study was a large genome-wide association study that aimed to identify common variants associated with seven diseases.
That study combined two control datasets (58C and UK Blood Services) as shared controls.
Prior to using the combined controls, the WTCCC performed analyses to show that the genomic content of the control datasets was not significantly different. Recently, the analysis
of human leukocyte antigen (HLA) genes has become prevalent due to the development of
HLA imputation technology. In this project, we extended the between-control homogeneity
analysis of the WTCCC to HLA. We imputed HLA information in the WTCCC control dataset
and showed that the HLA content was not significantly different between the two control
datasets, suggesting that the combined controls can be used as controls for HLA fine-mapping analysis based on HLA imputation.
Keywords: genome-wide association study, human leukocyte antigen, shared control
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Genome-wide association studies (GWAS) have identified many genetic variations influencing complex traits. However, the variants identified to date only explain a portion of
heritability, possibly because there remain many unidentified variants with small effects
[1,2]. To detect associations with small genetic effects, large study cohorts are required to
obtain sufficient statistical power [3]. Therefore, there have been ongoing efforts to increase the size of study cohorts. One possible way to increase the sample size is to utilize
publicly available cohorts. Publicly available control datasets can be particularly useful, because they can be used as controls for many different diseases.
One of the popular publicly available datasets is the Wellcome Trust Case Control Consortium (WTCCC) dataset [4]. The WTCCC study aimed to identify associations of genetic variations with seven diseases across the genome. The dataset consists of the genotype data of ~2,000 cases of each of the seven diseases and a common control set of ~3,000
individuals. The controls came from two sources: ~1,500 individuals from the 1958 British Birth Cohort (58C) and ~1,500 individuals selected from blood donors recruited as
part of the WTCCC project (UK Blood Services [UKBS] controls). The WTCCC performed tests to check differences in the allele frequencies of genome-wide single-nucleotide polymorphisms (SNPs) between the 58C and UKBS groups. The results indicated
that there were no significant differences between the two control groups despite subtle
dissimilarities in the population groups sampled, DNA processing techniques, and age.
1/8

Jang CS et al. • HLA differences between the two WTCCC control datasets

More recently, the analysis of human leukocyte antigen (HLA)
genes has become widespread owing to the development of HLA
imputation technology [5-7]. The HLA complex, which encodes
the major histocompatibility complex (MHC) proteins and is located on chromosome 6 (Chr. 6p21.1-6p21.3), is the most polymorphic and genetically variable region in the human genome. HLA
comprises two main groups; class I antigens (HLA-A, -B, and -C)
and class II antigens (HLA-DR, -DQ, and -DP) which form key determinants of histocompatibility. Large-scale HLA association analyses were previously difficult due to the high cost of HLA typing,
but have recently become more commonly feasible through the help
of HLA imputation, which can predict HLA information from SNP
data without HLA typing [6,8]. HLA association analysis is similar
to other association analyses in that a large sample size is critical for
the successful mapping of variants. Thus, the use of publicly available datasets such as the WTCCC control dataset can also be helpful
in HLA analysis.
Here, we extend the between-control homogeneity analysis of
the WTCCC study to HLA. Our goal was to systematically examine potential differences in HLA between the 58C and UKBS controls in the WTCCC dataset. Although the WTCCC project reported that there were only few differences in the genome-wide
SNP frequencies between the two control groups, the difference in
HLA region has not been examined before. If the difference in
HLA is negligible between the two control groups, this might suggest that these combined controls can be used as additional controls for HLA fine-mapping association studies. For this purpose,
we imputed HLA information for the two control datasets using recently developed HLA imputation technology [5] with a large European reference panel [9]. The imputation yielded information on
HLA alleles, amino acid residues, and intragenic SNPs in binary
markers. Then, we tested the significance of differences in these
markers between the control datasets.

Methods
Summary of the cohorts
A detailed description of the study samples can be found in the
original WTCCC GWAS paper [4]. In summary, the WTCCC
dataset includes cases of seven major complex diseases: type 1 diabetes, type 2 diabetes, coronary heart disease, hypertension, bipolar
disorder, rheumatoid arthritis and Crohn disease, each with ~2,000
individuals, and ~3,000 shared controls from two cohorts. Among
them, we only used the two control cohorts. The control samples
were derived from two sources: half from the 1958 Birth Cohort
(58C) and the remainder from UKBS samples.
The 1958 Birth Cohort (also known as the National Child De2/8

velopment Study) consists of all births in England, Wales, and Scotland in 1958. The second control group consists of 1,500 blood donors recruited from the UKBS in England, Scotland, and Wales.

SNP quality control and filtration
In the WTCCC dataset, 4,351 SNPs had already been excluded
based on a Hardy-Weinberg equilibrium (HWE) test threshold of p
< 5.7 × 10-7 in the combined set of 2,938 controls, as well as 93
SNPs with p-values < 5.7 × 10-7 from either a one- or two-degrees
of freedom test for differences between the two control groups.
In this analysis, we only focused on autosomal variants (459,059
SNPs). We further performed additional SNP quality control (QC)
filters. We removed SNPs that showed a genotype failure rate greater than 0.05, SNPs with a minor allele frequency (MAF) < 5%,
and SNPs with an HWE p < 0.00001. After applying these QC criteria to the combined control cohort, we obtained 358,085 SNPs.
Principal component analysis
We conducted principal component analysis (PCA) with PLINK
(v1.90b) [10] (--pca) to analyze systematic differences in genome-wide allele frequencies between the two cohorts. PCA is a
popular dimensionality reduction technique that can account for
population stratification in genetic data [11]. Prior to applying
PCA, we used PLINK to prune the SNP data in windows of 50 bps,
removing a SNP from each pair of SNPs with an r2 > 0.2. A total of
71,083 SNPs remained after pruning. We extracted the top principal components (PCs) that explained the most variance in the genotype data. The top two and three PCs were used to build two- and
three-dimensional PC plots. The top 20 components were used as
covariates in the logistic regression for the genome-wide SNPs, as
well as in the logistic regression for the HLA binary markers.
Phase 2 HapMap dataset
We obtained the publicly available Phase 2 HapMap data for 270
individual samples from three different populations (Central European [CEU], Yoruba in Ibadan, Nigeria [YRI], and the East Asian
combined sample of Japanese in Tokyo and Han Chinese in Beijing
[Asian: JPT + CHB]) [12]. We used this dataset to perform PCA
to quantify the population structure of the samples.
Kolmogorov-Smirnov test
The Kolmogorov-Smirnov (K-S) test was used to assess the
equality of frequency distributions between the 58C and UKBS
cohorts. We calculated the corresponding D statistic and p-value
of the test using the basic stats package in R. p-values were
two-sided.
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Imputation of HLA alleles
We used SNP2HLA [5] to impute HLA information for the 58C
and UKBS cohorts, where the HLA information was generated as
binary markers for (1) HLA alleles, (2) amino acid residues, and
(3) intragenic SNPs. For the reference panel for imputation, we
employed the Type I Diabetes Genetics Consortium dataset, which
consists of 5,225 individuals of European ancestry [9]. The genomic region was restricted to the MHC complex region (chr6:2934Mb, hg18) on chromosome 6 before imputation. As a result, we
obtained the imputed genotypes of 8,961 binary markers, which
were composed of 424 markers for HLA alleles (e.g., HLA_
A_0101; the presence of HLA-A*01:01 allele in the HLA-A gene),
1,276 markers for amino acid residues (e.g., AA_A_245_
30020064_V; the presence of valine at the 245th amino acid position of the HLA-A gene), 1,390 markers for intragenic SNPs (e.g.,
SNP_A_30020064; the intragenic SNP at base position of
30020064 in the HLA-A gene), and 5,871 markers for genomic
variants (e.g., rs969931).
Allele frequency difference analysis between the two control
cohorts
We performed association tests to compare allele frequencies between the control cohorts. We used the logistic regression model
in PLINK v.1.90b (--logistic) [10]. To set the phenotypes, the
UKBS cohort was set as “control” and the 58C cohort as “case.” We
first conducted two-cohort association tests for genome-wide
SNPs across the genome. Since we did not have regional information on the samples, which was used in similar analyses in the
WTCCC study, we controlled for possible population stratification by including the top 20 PCs as additional covariates. For the
HLA analysis, we tested all imputed markers, including HLA alleles, amino acids, and SNPs in the MHC region. Similar to the genome analysis, we included the same top 20 PCs as covariates in
the HLA analysis.

Results
Principal component analysis
We first used PCA to analyze differences between the two control
cohorts at the population level. We calculated PCs in four ways: (1)
using the 58C cohort only, (2) using the UKBS cohort only, (3) using the two cohorts combined, and (4) using the combined set
with the HapMap data (N = 270) integrated. We applied SNP QC
filters before PCA (see Methods). PCs were calculated based on
the variance-standardized relationship matrix among the individuals included in each analysis. Fig. 1A and 1B show the PCs in the
58C and UKBS cohorts, respectively, and Fig. 1C shows the results
when the two cohorts were merged. Fig. 1C demonstrates high
similarity in the ranges of the first two PCs between the two cohorts, except for two outliers (one in each cohort) at the bottom
right corner of the plot. Fig. 1D is a tridimensional plot of the PCs
of the two control cohorts. The red sphere corresponds to the 58C
group, and the blue indicates the UKBS group. In the 3-PC plot,
similar to the 2-PC plot, the two cohorts were not visually distinct
from each other. Fig. 1E presents the PCs of the WTCCC merged
with three HapMap populations (CEU, YRI, and Asian [CHB,
JPT]). The plot shows that the 58C, UKBS, and CEU cohorts were
grouped together in the PC plot, showing that the two control cohorts had European ancestry homogeneous to the CEU.
SNP allele frequency distribution of the two cohorts
We examined the allele frequencies of genome-wide SNPs in the
two cohorts, using 358,085 autosomal SNPs from 2,938 samples
(total genotyping rate, 0.996). Table 1 provides descriptive statistics
of the allele frequency distribution in each cohort. These statistics
did not show any distinctive differences between the two cohorts.
In addition, Fig. 2A and 2B show the patterns of the MAF differences. We performed the K-S test, a general nonparametric method
for comparing the density distributions of two datasets. Fig. 2C
shows a plot of the empirical cumulative density function (ECDF)
curves of the two cohorts. The K-S test returns a D statistic, which
refers to the absolute maximum distance between the ECDF of the

Table 1. Summary statistics of MAF for single-nucleotide polymorphisms
Min
1st quantile
Median
3rd quantile
Max
Mean

UKBS MAF
0.05
0.145
0.2507
0.3709
0.5
0.2592

58C MAF
0.05
0.1448
0.251
0.3709
0.5
0.2597

Absolute MAF difference
0
0.0033
0.0072
0.0125
0.0616
0.0008

MAF, minor allele frequency; UKBS, UK Blood Services.
https://doi.org/10.5808/GI.2019.17.3.e29
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A

B

D

C

E

Fig. 1. Principal component (PC) analysis of genotypic frequencies of genome-wide single-nucleotide polymorphism markers. (A) The
first two PCs for 58C individuals. (B) The first two PCs for UK Blood Services (UKBS) individuals. (C) The first two PCs for 58C and UKBS
individuals. (D) The first three PCs for 58C and UKBS individuals. (E) The first two PCs for 58C and UKBS individuals integrated with the
HapMap populations (Phase2).

A

B

C

Fig. 2. Comparison of single-nucleotide polymorphism minor allele frequency (MAF) between the two cohorts. (A) MAF comparison of the
two cohorts. (B) Density plot of the absolute MAF difference of the two cohorts. (C) ECDF curve plot for the Kolmogorov-Smirnov test. UKBS,
UK Blood Services.

two samples and a p-value corresponding to the D statistic. D was
0.015 and the p-value was 0.819; therefore, we could not reject the
null hypothesis that the two datasets were drawn from the same
distribution.

Allele frequency association test between the two cohorts
Next, we performed a GWAS to detect genomic variants that
showed significant differences in the MAF between the two co4/8

horts. In the original study, the WTCCC performed a similar test to
check differences in the allele frequencies between the 58C and
UKBS cohorts using genome-wide scans. In that analysis, they
stratified the samples based on their broad geographical origin (12
UK regions). The result of the test statistics in a quantile-quantile
(Q-Q) plot indicated that there were no significant differences between the two control groups. They showed that their samples did
not show a clear population structure in multidimensional scaling
https://doi.org/10.5808/GI.2019.17.3.e29
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and PCA plots, despite the 12 different origins of the samples.
Our association analysis was similar to the analysis in the original
paper, but different in that we included the top 20 PCs as covariates
instead of performing a stratified analysis based on 12 geographical
regions. The reason for this difference is that the geographical origin information was not readily available for download from the
WTCCC website. To our knowledge, only the genotype data and
the disease status were publicly available to researchers. Thus, in
general, a researcher using the WTCCC controls would likely use
only PCs as covariates instead of geographical information. Moreover, even if a researcher were to obtain the geographical region information for the WTCCC controls, it would not possible to use
this information as a covariate in the case/control analysis without
having the same information for cases. Therefore, it is worthwhile
to examine the differences between the two control cohorts in an
analysis using only PCs as covariates.
Specifically, we tested the MAF difference between the two cohorts using logistic regression, while including the top 20 PCs as
covariates to account for regional differences in the samples. To this
end, we set one cohort as cases (58C) and another cohort as controls (UKBS). We then performed association tests to identify the
associations between SNPs and the cohort identifier. Fig. 3A shows
the Manhattan plot of associations. We did not find any loci that exceeded the threshold for genome-wide significance of 5.7 × 10-7
(red line), which was the threshold used in the WTCCC study.
This is unsurprising because the dataset we used was already filtered to remove any SNPs with p < 5.7 × 10-7 in the MAF differ-

A

ence test of the original study. However, we could find several loci
with moderate significance (p < 1 × 10-5, blue line). Fig. 3B
demonstrates that the association tests had slight inflation (genomic control inflation factor [λ]: 1.04). Upon visual inspection, the
Q-Q plot appeared slightly more inflated in our analysis than the
Q-Q plot presented in the original paper (Fig. 3B of the WTCCC
study [4]), possibly because the exact regional information was not
included in the analysis. An exact comparison of inflation was not
possible because the result of the inflation statistic in the original
study was not available.

HLA allele frequency distribution of the two cohorts
Next, we examined the HLA allele frequencies in each cohort. We
imputed the HLA information using SNP2HLA. The imputation
gave us binary markers for (1) HLA alleles, (2) amino acid residues, and (3) intragenic SNPs. Using imputed binary markers, we
extracted two-digit and four-digit HLA alleles for each sample. As a
result, we obtained a total of 23,504 imputed alleles for eight genes
in 2,938 samples. We focused on the two-digit alleles in this analysis. When we counted the number of unique two-digit alleles in
each gene, we found 18 alleles for HLA-A, 27 alleles for HLA-B, 13
alleles for HLA-C, three alleles for HLA-DPA1, 17 alleles for HLADPB1, six alleles for HLA-DQA1, five alleles for HLA-DQB1, and
13 alleles for HLA-DRB1. Most of the alleles (97) were observed in
both cohorts, and five alleles were detected in a single cohort (two
alleles for 58C and three alleles for UKBS). The two-digit HLA allele frequencies are listed in Supplementary Table 1. Table 2 pro-

B

Fig. 3. Genome-wide association results and quantile-quantile (Q-Q) plots for genome-wide association study p-values. (A) Manhattan plot
of genome-wide association results. Within each chromosome position shown on the x axis, log10 (p-values) of the association statistics are
visualized on the y-axis. The red line denotes genome-wide significance (5.7 × 10-7). (B) Q-Q plot of association p-values. Red line denotes
the expected values under no inflation.
https://doi.org/10.5808/GI.2019.17.3.e29
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Table 2. Summary statistics of HLA AF
Min
1st quantile
Median
3rd quantile
Max
Mean

UKBS AF
0
0.001
0.0036
0.0141
0.1025
0.0098

58C AF
0
0.001
0.0033
0.0139
0.1033
0.0098

Absolute AF difference
0
0.0001
0.0003
0.0008
0.0034
0.0005

HLA, human leukocyte antigen; AF, allele frequencies; UKBS, UK Blood Services.

A

B

C

Fig. 4. Comparison of human leukocyte antigen (HLA) allele frequency between the two cohorts. (A) HLA allele frequency comparison of the
two cohorts. (B) Density plot of the absolute HLA allele frequency difference of the two cohorts. (C) p-value of the Kolmogorov-Smirnov test
in each of the HLA genes. UKBS, UK Blood Services; AF, allele frequencies.

vides the descriptive statistics of the two-digit HLA allele frequency
distribution in each cohort. These statistics did not show distinctive
differences between the two cohorts. The mean absolute difference
in the HLA allele frequencies was 0.00562. Fig. 4A and 4B show
the patterns of the HLA allele frequency differences. We then performed the K-S test for each HLA gene, and the results are presented in Fig. 4C. All the HLA genes showed non-significant p-values
in the K-S test, demonstrating that there was no significant difference in the imputed HLA allele frequencies between the two control cohorts.

HLA association test between the two cohorts
Finally, we tested the HLA difference between the two cohorts using
logistic regression. Similar to the genome-wide analysis above, we
included the top 20 PCs as covariates to account for regional differences among the samples. Again, we set one cohort as cases (58C)
and the other cohort as controls (UKBS). We then performed association tests to identify associations between markers in the MHC
region (including both the imputed binary markers and the genotyped SNPs) and the cohort identifier. Fig. 5A shows the Manhattan
6/8

plot of associations. We did not find any binary marker that exceeded the threshold for genome-wide significance of 5.7 × 10-7 (red
line), which was the threshold used in the WTCCC study. Fig. 5B
demonstrates that the association tests did not show inflation (λ =
0.92 for all markers and λ = 0.93 for markers with a frequency ≥
0.05). Overall, both the Manhattan plot and the Q-Q plot showed
that there was no significant difference in HLA between the two
control cohorts, emphasizing that the two control cohorts can be
used as a single combined control for HLA analyses.

Discussion
In the present study, we compared the two control cohorts of the
WTCCC dataset (UKBS and 58C). We focused on between-cohort
differences in the HLA genes, which belong to the polymorphic region of chromosome 6. In both the association analysis of the genome-wide SNPs and the association analysis of the imputed HLA
markers, no alleles showed a significant difference in allele frequency
between the cohorts. Furthermore, in the K-S test, the two cohorts
did not show statistically significant differences in any HLA gene.
https://doi.org/10.5808/GI.2019.17.3.e29
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A

B

Fig. 5. Imputed human leukocyte antigen (HLA)-wide association results and quantile-quantile (Q-Q) plots for p-values. (A) Manhattan
plot of MHC complex region-wide association results. The p-values are from the binary markers for imputed HLA alleles (yellow), amino
acid residues (red), genotyped single-nucleotide polymorphisms (SNPs) (gray) and intragenic SNPs (deep gray). (B) Q-Q plots of association
p-values for MHC binary markers (black), MHC binary markers with allele frequencies (AF)≥0.05 (red), and genome-wide SNPs (blue). Red
line denotes the expected values under no inflation. MAF, minor allele frequency.

These results suggest that the two control cohorts are genetically homogeneous in HLA, and that the combined controls of the WTCCC can be used as supplementary controls for HLA fine-mapping
studies as well, as for GWAS. However, we note that researchers
must evaluate homogeneity between their own control cohort and
the combined WTCCC controls if they are to use the WTCCC data
as additional controls, because we only evaluated the homogeneity
between the two WTCCC control datasets themselves.
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Supernumerary B chromosomes were found in Lilium amabile (2n = 2x = 24), an endemic
Korean lily that grows in the wild throughout the Korean Peninsula. The extra B chromosomes do not affect the host-plant morphology; therefore, whole transcriptome analysis
was performed in 0B and 1B plants to identify differentially expressed genes. A total of
154,810 transcripts were obtained from over 10 Gbp data by de novo assembly. By mapping
the raw reads to the de novo transcripts, we identified 7,852 differentially expressed genes
(log2FC > |10|), in which 4,059 and 3,794 were up-and down-regulated, respectively, in 1B
plants compared to 0B plants. Functional enrichment analysis revealed that various differentially expressed genes were involved in cellular processes including the cell cycle, chromosome breakage and repair, and microtubule formation; all of which may be related to
the occurrence and maintenance of B chromosomes. Our data provide insight into transcriptomic changes and evolution of plant B chromosomes and deliver an informative database for future study of B chromosome transcriptomes in the Korean lily.
Keywords: A chromosomes, B chromosomes, differentially expressed genes, Lilium amabile,
transcriptome

Introduction

2019, Korea Genome Organization
This is an open-access article distributed
under the terms of the Creative Commons
Attribution license (http://creativecommons.
org/licenses/by/4.0/), which permits
unrestricted use, distribution, and
reproduction in any medium, provided the
original work is properly cited.

B chromosomes are supernumerary chromosomes that are present in addition to the standard chromosome complements in eukaryotes. Although they are not essential for normal
growth and development of an organism, they have been identified in approximately 15%
of all eukaryotes, including numerous plant and animal species [1,2]. B chromosomes differ from A chromosomes with distinctive features such as lack of chromosome pairing
during meiosis and non-Mendelian inheritance. They may be present and variable in number in some individuals of a population. Individuals with B chromosomes usually do not
display obvious phenotypic differences from normal diploids, and B chromosomes do not
offer selective advantage to the host in most cases [1-3]. However, supernumerary chromosomes can be detrimental to the host, as observed in rye which more than 8 B chromosomes results in low fertility [4].
Although the mechanism of de novo B chromosome occurrence is unclear, recent studies
1/9
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have delineated the origin of B chromosomes in several species.
Next-generation sequencing of A and B chromosomes sorted from
rye (Secale cereale) revealed that the B chromosomes were a mosaic
of host genome and organellar DNA sequences [5]. Integrated genomic analyses after B chromosome microdissection showed that
B chromosomes contain thousands of sequences derived from A
chromosomes of the entire ancestral karyotype of the cichlid fish
(Astatotilapia latifasciata) [6]. Because B chromosomes exhibit no
obvious phenotypic effects and are selectively neutral, B chromosomes were often regarded as “selfish” chromosomes, containing
highly repetitive heterochromatic elements without functional
genes [3]. Indeed, sequences of maize B chromosomes were enriched with highly repetitive DNA sequences that showed no homology with known genes other than retrotransposon sequences
and miniature inverted-repeat transposable elements [7]. However,
these repeat sequences are not specific to B chromosomes because
they are also present on A chromosomes. In cichlid fish, B chromosomes were shown to be filled with a variety of transposable elements and simple repeats, with low complexity sequences constituting only a small portion of the genetic material. Nonetheless,
high integrity genes involved in cell division were detected in the
cichlid fish B chromosomes [6]. Moreover, the idea of transcriptional inertness of B chromosome genes was declined because of
the recent discovery of several transcriptionally active genes in B
chromosomes [8,9]. For instance, ribosomal RNA genes of the B
chromosomes were actively transcribed in the grasshopper (Eyprepocnemis plorans) [10,11]. Huang et al. [9] conducted transcriptome analyses in 1B and 0B maize plants, in which several genes
were localized to B chromosomes, and three of the genes encoded
long terminal repeat (LTR)– retrotransposons. These genes have A
chromosome paralogs, and expression of B chromosome paralogs
was confirmed by bioinformatic analyses. Moreover, whole transcriptome profiles were altered by the presence of B chromosomes,
displaying advancement with increased B chromosome number
[9]. In Drosophila melanogaster, presence of B chromosomes may
act as an enhancer or suppressor of position-effect variegation, depending on the genetic background [12]. Lin et al. [13] analyzed
transcript profiles from inbred maize strains by cDNA-AFLP (amplified fragment length polymorphism) and found that B chromosomes contained transcriptionally active genes and altered A chromosome gene transcription compared to the maize strain lacking B
chromosomes.
The genus Lilium includes about 110–115 species that are widely
distributed in temperate zones of the Northern Hemisphere [14].
Northeast Asia is the proposed center of origin for the Lilium genus,
and 13 Lilium species have been identified in the Korean Peninsula
[14,15]. Since the first report on B chromosomes in Lilium japoni2/9

cum in 1932 [16], 33 Lilium species have been identified to carry B
chromosomes (http://www.bchrom.csic.es/), which accounts for
approximately 30% of the species in the Lilium genus. Lilium amabile (2n = 2x = 24) is an endemic lily that grows wild throughout
the Korean Peninsula. The lilies are easily found on hills and small
mountains, but not high mountains and deep forest. L. amabile
contains four types of B chromosomes: one large, almost acrocentric; one large, acrocentric that differs in arm index from other large
B chromosomes; one small, acrocentric; and one small, metacentric chromosome. There are 12 cytotypes of L. amabile, depending
on B chromosome composition [17]. Currently, there are no reports on gene expression in L. amabile; our study contains de novo
transcriptome profiles of the 1 B and 0B chromosomes of this plant
species.

Methods
Plant materials and RNA extraction
Before extraction of mRNA, chromosome numbers were confirmed from root-tip cells. We selected three plants with long acrocentric B chromosomes (Fig. 1). Root-tip collection and chromosome preparation were followed as previously described by Nguyen et al. [18].
Plants were grown in 5-inch wide by 5-inch deep pots with 10 h
dark (20°C) and 14 h light (25°C) cycles. For RNA sequencing,
300 mg of fully expanded leaf tissues were collected from each of
the three independent biological replicates for 0B and 1B chromosome–containing plants, respectively. All samples were immediately frozen in liquid nitrogen and then used to extract RNA. Three
biological replicates for each sample were mixed together to reduce inter-individual variations. Total RNA was isolated using
QIAGEN plant RNA extraction kit according to the manufacturer’s instructions (Qiagen, Hilden, Germany). The quality and concentration of RNA were assessed using the Agilent 2100 Bioanalyzer (Agilent Technologies, Santa Clara, CA, USA) and Nanodrop 2000 spectrophotometer (Thermo Fisher Scientific,
Waltham, MA, USA) with parameters RIN ≥ 7, 28S:18S > 1,
OD260/280 ≥ 2.
Sequencing and library construction
cDNA libraries from each sample were prepared using Truseq
mRNA library prep kit (Illumina, San Diego, CA, USA) with a library size of 500 bp. Samples were sequenced on an Illumina Hiseq3000 with paired-end method. Raw data were deposited in the
NCBI Short Read Archive (SRA) under the following accession
numbers: SRR8316493 and SRR8316494.

https://doi.org/10.5808/GI.2019.17.3.e27
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A

B

Fig. 1. Somatic chromosome complements of 0B (A) and 1B (B) chromosomes from Lilium amabile. Chromosome numbers are indicated, and
the arrow indicates the supernumerary B chromosome.

Transcriptome assembly, annotation, and functional analysis
After filtered raw data, we obtained clean and qualified reads (Phred
quality score > 20, length > 50 bp) and the filtered clean reads
were used to perform de novo assembly using Trinity program
(https://github.com/trinityrnaseq). The assembled transcripts
were then annotated through BLAST analysis against the NCBI
nucleotide database (e-value of 1E +03). For functional annotation,
we mapped transcripts onto Gene Ontology (GO) and Kyoto Encyclopedia of Genes and Genomes (KEGG) databases.
Quantification of differentially expressed gene
For quantitative real-time polymerase chain reaction (qRT-PCR),
RNA was extracted from leaves of the same plants used in RNA sequencing (RNA-seq) analysis. Total RNA was isolated using the
same method as described for RNA sequencing. Gene expression
was calculated using FPKM (fragments per kilobase of transcripts
per million mapped reads). All transcripts were used to calculate its
expression level and coverage. The differences in gene expression
between 0B and 1B chromosome plant samples were assessed statistically by p-values; additionally, the false discovery rate (FDR)
was used to determine the parameter for classification of significant
differentially expressed genes (DEGs) (FDR < 0.05). Expression
values were represented by log2 ratio.
Quantitative real-time polymerase chain reaction
qRT-PCR was performed to verify the expression value of nine
https://doi.org/10.5808/GI.2019.17.3.e27

DEGs. For data normalization, GAPDH gene expression was used
as an internal reference. All samples were individually analyzed for
three biological replicates. PCR was conducted using SYBR Green
fluorescent dye in a 7500 Real-Time PCR System (Applied Biosystems, Foster City, CA, USA). Reaction mixture was prepared using
Thunderbird SYBR qPCR Mix (TOYOBO, Japan) following the
manufacturer’s instructions. The cycling conditions were as follows: 95°C for 1 min, 40 cycles of 95°C for 15 s, 60°C for 1 min.
Melting curves for PCR products were analyzed under the following conditions: 95°C for 15 s, cooling to 60°C for 1 min, and then
gradual heating at 0.1°C/s to a final temperature of 95°C. The qRTPCR data were analyzed using 2-ΔΔCt method. Mean and standard
deviations were calculated with triplicate data from three independent biological replicates. Primer information used in this study was
described in Supplementary Table 1.

Results
Sequencing and de novo assembly of the transcriptomes
Sequencing summaries and de novo assembly of the transcriptome
results are presented in Supplementary Table 2-4. We obtained over
10 Gbp raw data from leaf samples of 0B and 1B plants. For de novo
sequence assembly, quality trimming of raw reads for 83.76% in 0B
and 81.69% in 1B plant samples resulted in 77,087 genes and
154,810 transcripts with an average length 791 bp. It was estimated
that approximately 99% of the reads were mapped to de novo tran3/9
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scripts. All sequence reads have been deposited in NCBI Sequence
Read Archive (https://www.ncbi.nlm.nih.gov/sra). The BioProject
and SRA accessions are PRJNA509487, SRR8316493, and
SRR8316494, respectively.

Differential expression profiling of significant GO terms
Of the 154,810 transcripts, 4,157 up- and 3,891 down-regulated
genes were found in B-chromosome–containing plants (FDR <
0.05). At the threshold of differential expression value log2FC > |2|,
4,059 transcripts were down-regulated and 3,794 transcripts were
up-regulated, accounting for 5.1% of the total transcripts (Table 1).
At the stringent threshold log2FC > | 10|, we obtained 552 up- and
490 down-regulated transcripts, respectively, accounting for 0.6% of
the total transcripts. Heat map analysis revealed differentially expressed patterns that were grouped into two clusters using K-mean
clustering (Fig. 2A).
Comparison of GO terms between 0B and 1B chromosome
plants revealed multiple DEGs in cellular processes that could potentially account for the de novo occurrence and segregation of B
chromosomes (Fig. 2B) [6,7]. Fig. 3 show significantly enriched
GO terms involved in the cell cycle and chromosome segregation of
genes that were down-regulated in the presence of B chromosomes
compared to normal karyotype plants. We found 38 differentially
regulated cell cycle–related genes, of which 20 were up-regulated
and 18 were down-regulated (Supplementary Tables 5 and 6). Of
the 68 genes related to chromosome segregation, 41 were up-regulated and 22 were down-regulated (Supplementary Table 6). The
overall DEGs listed in significant GO terms are listed in Supplementary Table 7.
qRT-PCR validation of DEG profiles
The expression profiles of nine genes involved in the cell cycle
(CDKB1 and CyclinC1) and chromosomal segregation (Msh, Della,
b-tubulin, KIN, and SPO) were validated by qRT-PCR. Expression
values were compared by calculating log2FC obtained by the
RPKM values from RNA-seq data and Ct values from qRT-PCR.
Of the nine genes, eight genes were consistent with RNA-seq and

Table 1. Number of up- and down-regulated genes in 1B
chromosome plant
Up-regulated
Up (FDR < 0.05)
Down-regulated
Down (FDR < 0.05)
FDR, false discovery rate.
4/9

Total
15794
4157
16513
3891

log2FC > |2|
11644
4059
12320
3794

log2FC > |10|
552
552
490
490

qRT-PCR results and one gene (Cyclin C1) showed opposite expression patterns in RNA-seq vs. qRT-PCR (Fig. 4). The raw expression data showed that there were two isoforms of Cyclin C1,
one was up-expressed whereas another was down-expressed. Thus,
the obscure result of Cyclin C1 of RNA-seq versus qRT-PCR may
require further investigation. Our results indicate that despite the
limited number of DEG analyzed in the presence or absence of B
chromosomes, genes related to the cell cycle and chromosome segregation were affected by the presence of B chromosomes.

Discussion
B chromosomes are supernumerary chromosomes in eukaryotes.
The current report contains differential transcriptome profiles between 0B and 1B chromosome plants of L. amabile, an endemic lily
in Korea. Transcriptome profiles were reported from the Lilium genus [19-22], but not from the L. amabile. Therefore, de novo assembly was conducted with L. amabile transcriptomes derived from fully expanded leaves. Our results are comparable to profiles from other Lilium species. Villacorta-Martin et al. [19] reported 42,430
genes from 121,572 transcripts that were derived from bulbs of
commercial cultivar of L. longiflorum. Hu et al. [23] also reported
transcriptomes from petals of cultivars from Sorbonne and Novano
to elucidate differences in floral scent, of which 124,233 NCBI UniGene clusters from 229,128 transcripts were reported. Thus, our
volume of data from 154,810 transcripts of 77,087 genes falls between these two studies.
In our study, approximately 20% of the transcripts from leaves
were differently expressed between the 0B and 1B chromosome
plants at the differential expression value of log2FC > |2|. However,
only 0.6% of the total transcripts were differentially expressed in the
stringent threshold of log2FC > |10| (FDR < 0.05). Our results
are similar to the report of rye B chromosome analysis [24], in
which approximately 0.6% cDNA-AFLP analysis showed differences between 0B and 1B chromosome plants, and there were 16 putative B chromosome-associated transcripts. Chromosome imbalance usually exhibits deleterious phenotypic consequences in A
chromosome aneuploids; however, B chromosomes do not affect
phenotype unless attaining certain numbers [4,25]. Disrupted genetic homeostasis by aneuploidy often impacts global modulation
of gene expression, which is often obvious in complex ways [26].
Plants with a single B chromosome do not reveal morphological
phenotypic differences from normal diploid plants in our study.
Thus, further analyses, including gene expression profiles in multiple B chromosome plants, may provide explanation for the morphological indifferences. Presence of B chromosomes can disturb
the expression of genes in A chromosomes. In maize, transcription
https://doi.org/10.5808/GI.2019.17.3.e27
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Fig. 2. (A) Heat map of the differentially expressed genes between 0B and 1B Lilium amabile plants. (B) Gene Ontology enrichment analysis of
differentially expressed gene.
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Fig. 3. (A) Differentially expressed cell cycle-related genes in 1B plants of Lilium amabile. Red and blue bars indicate up-and downregulated differentially expressed gene (DEG) in 1B plants, respectively. (B) Differentially expressed chromosome segregation related genes in L.
amabile. Red and blue bars indicate up-and down-regulated DEG in 1B plants, respectively.
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Fig. 4. Quantitative real-time polymerase chain reaction (qRT-PCR) validation of differentially expressed gene involved in cell cycle and
chromosome segregation. X-axis represents gene symbols and Y-axis shows relative gene expression values presented by log2FC.

of A chromosome genes was altered in the presence of B chromosomes, and the extent of alteration coincided with the number of B
chromosomes [9]. Because most genetic material of B chromosomes is derived from A chromosomes [5,6], genes in B chromosomes can be paralogous to genes in A chromosomes. Most of the
paralogous genes in B chromosomes become pseudogenes and are
transcriptionally silenced because B chromosomes are selectively
neutral [25-27]. Nevertheless, extra gene copy transcription from B
chromosomes can result in knock-down mRNA of the paralogous
genes of the A chromosome by RNA-directed RNA polymerase–induced RNAi degradation [8]. The proteins originated from B chromosomes can also act as an enhancer or suppressor of A chromosome genes [12]. Alternately, aberrant gene expression copies may
be equalized by gene dosage compensation [8]. In our analysis, it
was not possible to map the transcripts on the chromosomes because the gene map or chromosome substitution are not available
for Lilium. Also, low-copy gene detection by fluorescent in situ hybridization is not a readily available technique for Lilium due to the
huge genome size (36.5 pg) [28]. Nonetheless, the differentially expressed transcripts may mostly be products of genes on A chromosomes, but some of them may reside on the extra B chromosomes.
Our results showed that the DEG included mostly genes involved
in the cell cycle and chromosome segregation [29,30]. Cyclin-dependent cycle (CDC), cyclin-dependent kinase (CDK), and cyclin
(CYC) genes were included in the DEG related to the cell cycle.
CDC proteins are cell cycle controllers that associate with cyclins
depending on developmental and environmental cues [29]. Control of chromosome segregation is essential for chromosome ploidy
https://doi.org/10.5808/GI.2019.17.3.e27

and stability in both somatic and meiotic cells [30]. Kinesins are
motor proteins that move along microtubule filaments and are critically involved in chromosome segregation during mitosis and meiosis [30]. Interestingly, we found 31 KIN genes that were differentially expressed in our study. Of these genes, 23 were up-regulated and
eight were down-regulated in 1B chromosome plants. Chromosome
pairing maintains homologous chromosomes until anaphase to ensure proper chromosome segregation [30]. Several genes involved
in chromosome pairing were also included in the DEG from our
analyses [31]. We cannot infer the precise mechanism of DEG for de
novo B chromosome occurrence and transmission at this stage. Reverse genetic approaches remain a challenge but may provide answers to de novo occurrence of B chromosomes for future studies.
In conclusion, B chromosomes are supernumerary chromosomes
present in eukaryotes; however, the presence of these additional
chromosomes does not display obvious phenotypic effects. B chromosomes are found in numerous species in the Lilium genus. Prior
to the current report, no molecular or genomic studies were conducted to characterize B chromosomes in the Lilium species. In this
study, we performed RNA-seq analysis from leaf tissues of 0B and
1B chromosome L. amabile plants. Of the 154,810 transcripts detected, 552 were up-regulated and 490 were down-regulated in 1B
plants compared to the 0B plants with the differential expression
value of log2FC > |10|. Most of the DEG included cell cycle and
chromosome segregation related genes, which may be associated
with the de novo occurrence and maintenance of B chromosomes.
The DEG from the current analysis will provide a valuable resource
for studying the accumulation of B chromosomes in plants and
7/9
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plant evolution.
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Currently, Illumina sequencers are the globally leading sequencing platform in the
next-generation sequencing market. Recently, MGI Tech launched a series of new sequencers, including the MGISEQ-2000, which promise to deliver high-quality sequencing data
faster and at lower prices than Illumina’s sequencers. In this study, we compared the performance of two major sequencers (MGISEQ-2000 and HiSeq 4000) to test whether the
MGISEQ-2000 sequencer delivers high-quality sequence data as suggested. We performed
RNA sequencing of four human colon cancer samples with the two platforms, and compared the sequencing quality and expression values. The data produced from the MGISEQ-2000 and HiSeq 4000 showed high concordance, with Pearson correlation coefficients
ranging from 0.98 to 0.99. Various quality control (QC) analyses showed that the MGISEQ-2000 data fulfilled the required QC measures. Our study suggests that the performance
of the MGISEQ-2000 is comparable to that of the HiSeq 4000 and that the MGISEQ-2000
can be a useful platform for sequencing.
Keywords: benchmarking, HiSeq 4000, MGISEQ-2000

Introduction

2019, Korea Genome Organization
This is an open-access article distributed
under the terms of the Creative Commons
Attribution license (http://creativecommons.
org/licenses/by/4.0/), which permits
unrestricted use, distribution, and
reproduction in any medium, provided the
original work is properly cited.

Next-generation sequencing (NGS) technology has had a major impact on the field of genomics since its first release in 2005 [1]. Since then, many different NGS platforms have
been developed, adopting different strategies and chemical techniques [1]. However, NGS
machines based on Illumina’s sequencing by synthesis method have dominated the sequencing market owing to their high accuracy and high throughput. The NovaSeq 6000,
the latest instrument of Illumina’s series, now generates 6 TB of sequence data in a single
run with a running cost of 12-18 USD/GB.
Recently, MGI Tech, a subsidiary of the Beijing Genomics Institute (BGI) Group,
launched a series of new NGS machines (the BGI-200, BGI-500, MGISEQ-2000, and
MGISEQ-T7) based on DNA nanoball technology; these devices promise to deliver
high-quality sequencing data faster at lower prices. For example, the MGISEQ-2000 currently generates 1.44 TB of sequence data in a single run with a running cost of 10 USD/
GB. Several recent studies have compared the performance of BGI sequencers with Illumi1/6
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na’s sequencers and showed that the BGI sequencers produced
high-quality sequence data at lower or similar prices in studies of
whole-exome [2,3], whole-genome [1,4] transcriptome [5,6], single-cell transcriptome [2,7,8], metagenome [9], and small RNA sequencing [10].
In this study, we compared the performance of MGISEQ-2000
with that of Illumina’s HiSeq 4000 by sequencing the same RNAs
from four human colorectal cancer patients’ tissue samples. We
found that the MGISEQ-2000 produced high-quality sequence
data comparable to the data obtained by the HiSeq 4000, at half the
price. We suggest that the MGISEQ-2000 is a promising sequencing platform for whole-transcriptomics studies with high performance and low cost.

Methods
RNA extraction, library construction, and sequencing
Total RNA was isolated from four human colon tissue samples using
an RNeasy Blood and Tissue kit (Qiagen, Carlsbad, CA, USA). To
construct the sequencing library for HiSeq 4000, we followed the
TruSeq Stranded mRNA Sample Preparation Guide, Part
#15031047 Rev. E. Approximately 2 μg of total RNA was used for library construction with the Illumina TruSeq Stranded mRNA Library Prep Kit (San Diego, CA, USA). Next, paired-end sequencing
was performed using the Illumina HiSeq4000 sequencing instrument, according to the manufacturer’s instructions, yielding 101-bp
paired-end reads. To construct the library for the MGISEQ-2000,
approximately 1 μg of total RNA was used for library construction
using the MGIEasy RNA Directional Library Prep Kit (MGI). Next,
paired-end sequencing was performed using the MGISEQ-2000 sequencing instrument, according to the manufacturer’s instructions,
yielding 100-bp paired-end reads. The RNA-seq data of HiSeq 4000
were generated in 2013, while the MGISEQ-2000 data were generated in 2019. Thus, although we used RNA from the same samples,
the sequencing was not performed at the same time.
Sequencing quality check, mapping, and data analysis
We used FastQC v0.11.5 to check the quality of the sequencing re-

sults. The simple Python script q30 (https://github.com/
dayedepps/q30) was used to calculate the exact percentages of
Q20/Q30. We used STAR_2.5.4b, an ultrafast universal RNA-seq
aligner, to align the RNA-seq data onto the hg19 reference genome
[11]. We ran the mapping job with the quantMode set as the GeneCounts option. Using the R statistical language, we normalized the
read count data and converted its scale into the base 2 logarithm of
counts per million (cpm). A scatter plot was drawn using ggscatter,
one of the functions of the R package ggpubr. Correlation graphs
were drawn using Microsoft Excel 2013. The data used in drawing
scatter plot and correlation graphs were normalized and converted
into the base 2 logarithm of cpm, as mentioned above. To obtain
Venn diagrams of the upregulated differentially expressed genes
(DEGs) and the downregulated DEGs, we used jvenn, an interactive Venn diagram viewer (http://jvenn.toulouse.inra.fr/app/index.html) [12].

Results and Discussion
Comparison of sequencing and mapping data quality
We sequenced four human colon tumor tissue samples with Illumina’s HiSeq 4000 and the MGISEQ-2000, and checked the quality of
the sequences by running the FastQC program. Overall, the sequence quality of the two platforms was similar. In terms of the
Phred score, the MGISEQ-2000 showed a higher percentage for
over-Q20 bases, but a lower percentage for over-Q30 bases than the
Illumina HiSeq 4000 (Table 1). For over-Q20 bases, the HiSeq
4000 showed an average of 97.84% and the MGISEQ-2000 showed
an average of 98.20%. For over-Q30 bases, the HiSeq 4000 showed
an average of 94.63% and the MGISEQ-2000 showed an average of
92.60%. For uniquely mapped reads, the MGISEQ-2000 produced
better mapping results than the HiSeq 4000 in all four samples
(Table 1). On average, the sequencing reads from the MGISEQ-2000 mapped 2.3% more data than the HiSeq 4000.
Concordance between the MGISEQ-2000 and HiSeq 4000
We checked the concordance of the RNA-seq data produced by the
two platforms using two methods: principal component analysis

Table 1. Summary statistics of sequencing quality

P1
P2
P3
P4
2/6

Total read bases (bp)
Illumina
MGI
7.45 × 109
2.44 × 1010
7.36 × 109
2.46 × 1010
8.71 × 109
2.40 × 1010
9
9.35 × 10
1.99 × 1010

Q20 (%)
Illumina
97.9
97.87
97.72
97.88

Q30 (%)
MGI
98.23
98.26
98.09
98.23

Illumina
94.75
94.67
94.36
94.73

MGI
92.65
92.85
92.25
92.65

Uniquely mapped reads (%)
Illumina
MGI
93.65
95.74
89.8
91.8
93.75
96.6
92.75
94.65
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(PCA) of the eight samples, and pairwise correlation analysis (Supplementary Fig. 1). When we performed PCA of the eight samples,
we found that the four pairs of samples were located close to each
other, showing that no significant biases existed between the two
sequencing platforms (Fig. 1). Then, we calculated the Pearson
correlation coefficient of the four pairs and found that all four pairs
of samples showed high correlation coefficients, ranging from 0.98
to 0.99 (Fig. 2). Thus, we found that the MGISEQ-2000 and HiSeq 4000 produced highly reproducible data from the same samples
without significant platform-specific biases.

DEGs between the MGISEQ-2000 and HiSeq 4000
We observed a small number of DEGs (fold change over two) between the MGISEQ-2000 and HiSeq 4000 platforms (Supplementary Tables 1-4), but most of them were random DEGs without systematic bias (Fig. 3). Among the four pairs of samples (P1,
P2, P3, and P4), there were 409, 838, 477, and 1152 downregulated DEGs, and 171, 390, 167, and 414 upregulated DEGs, respectively. We further searched for overlapping genes and found that
there were 132 downregulated DEGs and 94 upregulated DEGs
that were common among the four pairs of samples (P1, P2, P3,
and P4). In detail, among the downregulated DEGs in P2, 664 of
839 genes (approximately 80%) (Fig. 3, Supplementary Table 5)
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Fig. 1. High concordance of RNA-seq data produced using the
Illumina and MGI platforms as shown by a principal component
analysis plot. RNA from the four samples was sequenced using the
HiSeq 4000 (blue dots) and MGISEQ-2000 (red dots) sequencers.
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were also downregulated in P4. Considering that P4 had many
downregulated DEGs compared to other samples, it still showed
quite a high percentage of intersection with P2 (about 58%) (Fig.
3, Supplementary Table 5). For upregulated DEGs, we also noticed that P2 and P4 shared a substantial proportion of upregulated DEGs (over 70%) (Fig. 3, Supplementary Table 6), even
though they had more upregulated DEGs than the other samples
(P1, P3). As we conducted a gene ontology analysis, we found that
ribosomal protein-coding genes showed some tendency to be
present among the downregulated DEGs (Supplementary Table
7), while genes related to transcription showed a slight tendency
to be present among the upregulated DEGs (Supplementary Table
8). However, as mentioned in the Methods section, we did not
generate the two sets of RNA-seq data at the same time, leading to
the concern that some degradation of the RNA samples may have
taken place over the 6-year interval. Another limitation is that we
sequenced each sample for each platform once without duplicates,
which may have increased the likelihood of errors.
While sequencing costs have declined significantly over the years,
the ever-increasing sample size and scale of omics projects necessitate the use of sequencing technology with lower costs. In this regard, sequencing instruments such as the BGI-500, MGISEQ-2000, and MGISEQ-T7 are attractive alternatives to Illumina’s
HiSeq and NovaSeq series, as they enable researchers to generate
the same amount of data at lower costs. Several recent papers have
compared the performance of the BGI-500 with that of Illumina’s
HiSeq machines and showed that both machines produced
high-quality data in diverse applications such as whole-exome [3],
whole-genome [13-15], small RNA [10], and metagenome sequencing [9], as well as plant-tissue transcriptomics [5] and single-cell transcriptomics [7,8]. In this study, we also found that the
MGISEQ-2000 and HiSeq 4000 produced highly concordant gene
expression data from the four colorectal tumor tissue samples. While
the two platforms exhibit similar base sequencing quality, we found
that the MGISEQ-2000 produced sequencing data with higher
mapping quality than the HiSeq 4000 in all samples (Table 1). A recent study also reported that the MGISEQ-2000 platform performed consistently better than the NextSeq 500 platform in a single-cell transcriptomics study, detecting more cells, genes, and
unique molecular identifiers [8]. They also reported that the
MGISEQ-2000 produced more single-nucleotide polymorphism
calls from sequence data, enabling an additional 14% of cells to be
assigned to the correct donor from a multiplexed library [8]. Thus,
we conclude that the MGISEQ-2000 is a robust sequencing platform that produces high-quality sequencing data at lower costs and
can be used in many NGS applications.
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Fig. 2. Scatter plots of gene expression values of the four pairs of samples produced using the HiSeq 4000 and MGISEQ-2000 sequencers.
Gene expression values are represented as the base 2 logarithm of counts per million (cpm). The Pearson correlation coefficients of the four
samples were between 0.98 and 0.99.
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Fig. 3. Differentially expressed genes between the two platforms. Genes with larger than two-fold differences were selected from the four
pairs of samples. As only one experiment was performed for each platform, no statistical test was applied. The overlap of the differentially
expressed genes is shown.
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Neuroblastoma is a major cause of cancer death in early childhood, and its timely and correct diagnosis is critical. Gene expression datasets have recently been considered as a powerful tool for cancer diagnosis and subtype classification. However, no attempts have yet
been made to apply deep learning using gene expression to neuroblastoma classification,
although deep learning has been applied to cancer diagnosis using image data. Taking the
International Neuroblastoma Staging System stages as multiple classes, we designed a
deep neural network using the gene expression patterns and stages of neuroblastoma patients. Despite a small patient population (n = 280), stage 1 and 4 patients were well distinguished. If it is possible to replicate this approach in a larger population, deep learning
could play an important role in neuroblastoma staging.
Keywords: deep learning, gene expression, neuroblastoma
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In addition to careful analyses of clinical symptoms, numerous diagnostic methods have
been used to diagnose cancer [1]. In particular, cancer is currently staged using various
visual methods, such as radiography, computed tomography, bone scans, and positron
emission tomography scans [1].
With the increasing amount of available data from visual images over recent years, numerous diagnostic techniques for cancer have been developed through machine learning
methods such as convolutional neural networks (CNNs) [2,3]. Moreover, methods for
improving the performance of CNNs are being studied, and many models with effective
architectures for classifying images have been developed [4]. In recent years, categorical
classification models that predict cancer stages or types of cancer have been constructed
on the basis of image data [4,5].
In addition to image data, basic classifications, such as a diagnosis of cancerous versus
healthy tissue, can be performed through gene expression data, and models have been developed using traditional machine learning methods. However, AI-based deep neural networks (DNNs) can be developed using classification models with data matrices of continuous values such as expression data. Unlike image data, genomic data can be used as a
proxy for the early diagnosis of cancer, meaning that models based on gene expression
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data can also be useful for identifying or predicting the diagnosis
or progression of cancer and for providing timely and appropriate
cancer treatment [6].
However, to construct a DNN model, a sufficient dataset is required [7]. Although data can be obtained individually, it is possible to secure a sufficiently large dataset to build a model through
the Gene Expression Omnibus (GEO) [8] and The Cancer Genome Atlas (TCGA) [9].
In addition to furnishing genomic data, these sources also provide data indicating patients’ medical status, allowing us to examine the correlations between clinical variables and specific genomic data of interest [8,9].
Neuroblastoma is an extracranial solid tumor that most commonly occurs in childhood [10,11]. The specific traits of neuroblastoma include its early age of onset, a tendency for spontaneous
regression of the tumor in infancy, and the high frequency of metastatic disease at diagnosis [10].
Neuroblastoma is staged using the International Neuroblastoma
Staging System (INSS) [12]. This system classifies tumors in terms
of their appearance upon an analysis of surgical biopsy findings, but
this staging system alone cannot help doctors to determine a plan
for neuroblastoma treatment, since it is dependent upon surgical
biopsy findings and its results are obtained post-surgery [12,13].
However, as increasing amounts of data on neuroblastoma have
become available, and suitable genomic data can be obtained from
public databases (e.g., GEO and TCGA), it is now possible to explore whether a correlation exists between INSS stages and genomic traits such as the mutation profile or gene expression data [14].

In this study, in order to identify such correlations, we developed
a simple DNN model using a data set of neuroblastoma patients
including gene expression data and clinical data (i.e., INSS stages).
We investigated whether our DNN model with gene expression
data could classify the INSS stages.

Methods
Dataset and data handling
As a public neuroblastoma dataset, we downloaded accession
GSE85047 [15] from the GEO database (https:// www.ncbi.nlm.
nih.gov/geo/). GSE85047 contains 280 samples of neuroblastoma clinical data and the data matrix includes INSS stage and expression array data. An expression array was performed using an
Affymetrix Human Exon 1.0 ST Array (Affymetrix, Santa Clara,
CA, USA) (Fig. 1). The INSS stages (1, 2, 3, 4, and 4S) were considered as classes.
In order to convert the array ID into the HUGO gene symbol,
we used the GPL5175 probe-gene symbol mapping annotation
file. Next, we edited the matrix containing only INSS stage and
gene expression array data for data feeding into the DNN architecture. The data matrix was 280 patients by 13,091 gene symbols.
We split this data matrix into a training set and test set at a ratio of
8:2, using scikit-learn train_test_split (Fig. 1).
Model construction and validation
To construct our DNN model, we utilized TensorFlow 1.13.1 as
our machine learning library with Python 3.6.0 [16].

Deep neural
network

GSE85047

Model
construction

Training set
Gene & class

8:2

Expression data &
Class of neuroblastoma

Model
validation

TPR

Test set

FPR

Fig. 1. Overview of our model. Our model utilized a simple deep neural network architecture with GSE85047 gene expression data. The
classes are the International Neuroblastoma Staging System stage of each patient from GSE85047. False positive rate (FPR), it is the
calculated number of predicted false positives divided by the total number of negatives in the test set.; true positive rate (TPR), it is obtained
as the number of predicted true positives divided by the total number of positives in the test set.
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Results
After 5,000 iterations with the training set, the accuracy was calculated from each training set and test set, with values of 100% and
55.56%, respectively.
In the training set, the macro-average AUC, micro-average AUC,
and all the AUC values for one-versus-rest (OVR) decisions were
all 1 (Fig. 3A). In the test set, we observed a macro-average AUC
of 0.71, and a micro-average AUC of 0.77 for five-class classification and prediction using our model. The OVR AUCs for stages
(equivalently, classes) 1, 2, 3, 4 and 4S were 0.8, 0.66, 0.59, 0.85,
and 0.58, respectively (Fig. 3B). Overall, we observed that our
model predicted stage 1 and 4 patients well.

ROC Curve of our model (training set)

True positive rate

A

False positive rate

B

ROC Curve of our model (test set)

True positive rate

We chose tf.contrib.learn.DNNClassifier for model construction. For the hyperparameters of our model, we set the dropout
rate at 0.15, we chose the Adam optimizer, and we fixed the learning rate at 1e-5. The activation function was leaky_relu and the
number of layers was 4. The numbers of neurons of the layers were
512, 256, 128, and 16, respectively (Fig. 2). When we constructed
our model under these hyperparameter settings, we set the number of learning steps as 5,000. An Nvidia Titan RTX 24GB was
used for the GPU.
In order to obtain measurements for the performance of our
model, accuracy was calculated using the predicted values from
the training set and the test set; then, receiver operating characteristic curves and the area under the curve (AUC) were obtained by
the roc-curve function in the scikit-learn package.

False positive rate

Fig. 3. Model performance. (A) Receiver operating characteristic
(ROC) curves and the area under the ROCs (AUROCs) of micro-,
macro-, and one-versus-rest (OVR) decisions obtained from
the training set. (B) The ROC curves and the AUROCs of micro-,
macro-, and OVR decisions obtained from the test set.

Optimizer: Adam
Learning rate: 1e-5
Dropout: 0.15
Activation_fn: leaky_relu
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Fig. 2. Deep neural network architecture of our model.
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Discussion
From these results, we could distinguish stages 1 and 4 in neuroblastoma patients. Considering the poor prediction of the other
stages in the test set, it is likely that overfitting occurred for stages
2, 3, and 4S. Alternatively, there may be no distinguishable genes
between stages 2, 3, and 4S in terms of gene expression.
Our study was performed using data from a relatively small
number of patients (280 cases). Increasing the number of patients
to the order of 103 or 104 would be appropriate, since successful
DNN construction requires several thousand labeled cases in biological problems [7,17].
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What is Direct-to-Consumer Genetic Testing?
Conventional genetic testing is a process in which clinicians take samples from patients as
clinically needed, send them to a laboratory for genetic testing, and discuss the test results
with patients. Direct-to-consumer (DTC) genetic testing is different from conventional
genetic testing in that consumers learn about DTC genetic testing from TV commercials,
the internet, or in-store advertising, and request the tests to be performed by DTC companies by their own choice. If conventional genetic testing is a clinician-centric framework, then DTC genetic testing is a consumer-centric one.
Normally, saliva or mouth cells obtained by scratching the inside of one’s mouth with a
cotton swab are sent to the DTC company. The company isolates DNA from the sample
and conducts a genetic test. The test results are analyzed through proprietary in-house
programs and a genetic profile report of various phenotypes is sent to the consumer. The
test items or test report may vary depending on the needs of the consumer, as well as operational characteristics of the company.
Conventional clinician-centric tests are aimed at diagnosing and treating patients’ diseases, mainly limited to genetic diseases or cancers. Consumer-centric DTC tests do also
carry out genetic tests for diseases, but have an additional emphasis on biometric/life-related concerns, such as obesity, nutrition, skin, hair loss, ancestry, and life cycle. Therefore, the aim of DTC genetic testing is to determine consumers’ propensity for such phenotypes or genetic predisposition to the tested diseases for preventive purposes, rather
than for the diagnosis and treatment of diseases. The cost of DTC genetic testing varies
from company to company, but is roughly in the range of 100–1,000 US dollars, and
DTC genetic testing is generally not covered by insurance.

What Are the Advantages and Disadvantages of DTC Genetic
Testing?
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org/licenses/by/4.0/), which permits
unrestricted use, distribution, and
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The advantages of DTC genetic testing can be described as follows [1,2]. First, DTC genetic testing may provide an opportunity for consumers to recognize the importance of genetics in diverse phenotypes, including diseases. If the test results indicate that a consumer has
a genetic predisposition to a certain disease or phenotype of interest, then he or she may
take proactive steps to improve his or her own health. It is easy to access genetic information
through DTC testing because it does not require approval from clinicians or insurance companies. Moreover, DTC genetic testing is generally less expensive and faster than genetic
testing performed at hospitals. The sample is normally collected non-invasively, such as
through gathering saliva or scratching the inside of one’s mouth with a cotton swab, instead
of drawing blood, as is performed at the hospital. Lastly, the data from consumers’ genetic
tests can be collected into valuable databases to help with research in related fields, as shown
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by the papers published by 23andMe, one of the leading DTC genetic testing companies in the United States [3,4].
Nonetheless, DTC genetic testing has important drawbacks
[1,2]. DTC genetic testing often does not provide conclusive results on whether the consumer will develop a disease or not. Most
genetic tests performed by DTC companies are limited to few major genetic variants related to the phenotypes of interest, which
leads to poor discriminatory power. Diseases are generally affected
by many genetic variants—in other words, they are polygenic. In
addition to genetic factors, disease incidence is influenced by environmental and lifestyle factors including age, sex, race, nutrition, exercise, and stress. Thus, DTC genetic testing itself does not guarantee that a consumer with a high genetic risk score will suffer from a
certain disease. Instead, it only indicates that one has a genetic propensity for that disease. If one is affected by favorable environmental factors and has a lifestyle that is beneficial for that disease, one
may not develop the disease despite a high genetic risk. On the
contrary, a consumer with a low genetic risk may get sick if he or
she lives in a disease-prone environment or has lifestyle factors that
increase susceptibility to the disease. For example, 23andMe conducts an APOE genetic test in relation to Alzheimer disease. The
average likelihood of developing Alzheimer disease in carriers of
the relevant allele is more than twice as high than in people who do
not carry it. However, not everyone with the APOE e4 gene will develop Alzheimer disease, and having the APOE e2 gene, which confers resistance to Alzheimer disease, is likewise not a guarantee that
one will never get Alzheimer disease. Consumers sometimes experience stress when they receive unexpected test results, especially if
the results are related to serious diseases, such as cancer [5]. It is
recommended that the results of cancer genetic testing be examined after consultation with clinicians, since the genetic test results
related to cancer may have significant impacts on consumers. There
are also many different genetic variants that are related to a specific
cancer but not available for DTC genetic testing. For example, only
three genetic variants are examined for genetic testing of BRCA1
and BRCA2 conducted by 23andMe with U.S. Food and Drug Administration approval. However, as many as 1,000 mutations of
BRCA1 and BRCA2 are known to affect the risk of breast and ovarian cancer. Furthermore, family history is known to explain only
about 5%–10% of cancer cases. A wide variety of factors, including
age, sex, nutrition, exercise, race, disease history, hormonal factors,
and reproductive factors, can affect the development of cancer.
Consumers may make decisions on their own with inaccurate or
non-deterministic DTC results, and take actions that can damage
their health without appropriate consultation with clinicians. Lastly,
there is often a lack of scientific evidence for the genetic tests carried out by DTC companies, and consumers’ genetic information
2/3

may be used for other purposes without their approval or might
even be stolen due to inappropriate security measures.

How Do We Compensate for the
Shortcomings of DTC Genetic Testing?
The discovery of genetic variations in diseases or phenotypes of
interest (e.g., weight, hair loss, intelligence, etc.) is quickly paying
off. Clinical applications have focused on predictive models of disease. Previously, disease predictions were made using a few genetic
variants that showed significance in genome-wide association
studies (GWASs), on which basis a polygenic score (PGS) was
calculated. Most predictions resulted in poor discrimination and
imprecision. Predictive models are gradually starting to use more
genetic variants, as GWASs are discovering more genetic variations as a consequence of using an increased number of samples,
and recently developed predictive models take into account genome-wide variations, calculating a genome-wide polygenic score
(GPS). In a study using a GPS for body mass index, the people
with the highest score category had an obesity prevalence rate four
times higher than that of the other categories [6]. Thus, the GPS
method has yielded better predictions than ever before.
The most worrisome factor of all relates to the reporting of genetic test results. The results of DTC genotyping should be clearly
communicated to the consumer; in particular, clear guidance
should be given regarding what these tests indicate about their illness or health and what they cannot show, with special emphasis on
the fact that these tests cannot be a diagnosis of disease. Consumers
may make decisions on their own based on inaccurate or non-deterministic DTC results, and may even take actions that can damage
their health without appropriate consultation with clinicians. DTC
companies should therefore inform consumers of the limitations of
the test results and encourage consumers to consult with clinicians
before taking action.
Many of the concerns mentioned above as shortcomings of DTC
genetic testing remain pending. At this point, the guidelines provided by the American College of Medical Genetics and Genomics for
DTC genotyping are as follows [7]. First, genetic testing and the interpretation of results are complex processes. Thus, genetic testing
should be performed in a laboratory that has been inspected by an
appropriate agency, such as the CLIA program in the United States.
In addition, genetic experts, such as clinical geneticists or genetic
counselors, should handle requests from consumers and the provision of test results. They will protect consumers from improper informed consent procedures, a lack of pre-test descriptions, incorrect
genetic test items, and inappropriate precautions or medical practices resulting from the misinterpretation of test results. Second,
https://doi.org/10.5808/GI.2019.17.3.e33
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consumers should be informed by the DTC company of what the
test results can and cannot do before DTC genotyping. Third, the
DTC company should explain that unexpected, or unrequested, results may come from genotyping. Consumers should also be informed that these unforeseen consequences can affect not only
themselves, but also their family members. Fourth, the DTC company should inform the consumer about the scientific basis upon
which the genetic test was conducted. If this is too technical for the
general public to understand, it should be explained in a way that
facilitates easy understanding. Fifth, consumers should receive the
following information as part of an explanation about personal information protection: who will see the results of a consumer’s genetic test, what measures will be taken to protect the genetic information, how the sample will be processed after it is used, how the
genetic test results will subsequently affect life insurance or disability insurance, who owns the genetic information produced, and
whether the genetic information can be provided to third parties.

Conclusion
DTC genetic testing provides consumers with the opportunity to
learn about their genetic profiles related to phenotypes of interest
in a convenient and less expensive manner. Furthermore, the list of
test items will increase and the predictive accuracy will be improved
as related research continues to progress rapidly. However, many of
the concerns previously mentioned as shortcomings of DTC genetic testing remain pending. While DTC companies should try to
compensate for these shortcomings themselves to the extent possible, regulation over DTC companies should be established by the
appropriate agency to safeguard consumers from the abuse of DTC
genetic testing.
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Direct-to-consumer (DTC) genetic testing is a controversial issue although Korean Government is considering to expand DTC genetic testing. Preventing the exaggeration and abusing of DTC genetic testing is an important task considering the early history of DTC genetic
testing in Korea. And the DTC genetic testing performance or method has been rarely reported to the scientific and/or medical community and reliability of DTC genetic testing
needs to be assessed. Law enforcement needs to improve these issues. Also principle of
transparency needs to be applied.
Keywords: direct-to-consumer test, DTC, genetic prediction, genetic testing

Direct-to-Consumer Genetic Testing Definition and Current
Situation
Direct-to-consumer (DTC) genetic testing is a method of marketing genetic tests to consumers without the direct involvement of a health care provider [1]. DTC genetic testing
in Korea has been introduced since 2017 by the amendment of the Bioethics and safety
Act. Through the amendment, 12 phenotypes by 46 genes have been allowed for DTC genetic testing. Those phenotypes include traits of body mass index, cholesterol, blood pressure and so on [2]. Recently, the Korean government introduced a regulatory sandbox that
includes DTC genetic tests [3]. Several genetic testing companies received approval for
predictive DTC genetic tests for conditions ranging from cancer to chronic diseases. And
also, the ministry of Health and Welfare is doing the pilot program of the expanded DTC
genetic testing [4]. DTC genetic testing has a lot of issues from accuracies to ethical, legal
and social issues (ELSI). I raise the immediate issues relevant to DTC briefly.

Does DTC Genetic Testing Have Right Test Names?:
Relationship with the Promoting Test Name and the Scientific
Implication
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There is a high chance of exaggerated advertisements and abuses of DTC genetic testing.
For example, DRD4*7R allele was reported as associated with novelty seeking [5]. Persons with high “novelty seeking” are described as “impulsive, exploratory, excitable, disorderly and distractible” [6]. But the companies described DRD4 test as detecting creative
trait to the people in Korea and promoted especially for children [7]. Novelty seeking
trait with DRD4 study is strictly defined by tridimensional personality questionnaire for
the genetic study. Novelty seeking seems to share the impression of “creative trait” to the
laypeople but when it comes to research area, it is a completely different subject. And
from the beginning of the DRD4 genetic studies, they often refer to the antisocial behavior [6]. And the original researchers reported DRD4 was not associated with novelty
seeking at 2002 [8]. But even after the report, several companies continued the sales of
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DRD4 test as searching creativity and DRD4 test was prohibited
by law at 2007. Similar cases can be occurred anytime again.

Is DTC Genetic Testing Reliable?
Most important concern is whether commercial genetic services’
predictive value is sufficient to meet the standards for clinical use.
The clinical utility of a genetic test should be an essential criterion
for deciding to offer this test to a person or a group of persons [9].
Reliability has been one of the major issues from the beginning
even in United States. Dr. Craig Ventor reported the discrepancies
of the interpretation of the same individuals between 23andMe
and Navigenics [10]. GAO (Government Accountability Office)
in United States also investigated inconsistent interpretations
among DTC genetic testing companies [11]. And more, Tandy-Connor et al. [12] reported 40% of variants in a variety of genes
reported in DTC raw data were false positives in United States.
There was a comparison of two persons between two Korean
DTC genetic testing companies and the concordance rate is low
[13]. It is very difficult to judge which one is the accurate result
when the discrepancies happen. Even when their results show the
same results, it does not guarantee the results are true.
Establishing reliable prediction models by DTC genetic testing
needs advancements under current situation. Currently most
DTC genetic testing companies use single nucleotide polymorphisms (SNPs) for predictive models among genome-wide association study (GWAS) results from the relevant literatures. In case of
single SNPs for complex disease or trait, its predictive performances would be almost meaningless because odds ratio of most validated SNPs are below 1.5 except few SNPs such as APOE4 allele
to Alzheimer’s Diseases [14]. That is, without counting the other
many SNPs, counting only one SNP is not likely to show good
performances as company claims. Thus, it comes to use multiple
SNPs for predictive models.
In case of using multiple SNPs, Some SNPs come from the
study of Korean subjects, but many SNPs depend on the results
from Caucasian subjects. Considering the experiences from
GWAS studies among Korean subjects, most validated SNPs from
Caucasian subjects without studying Korean subjects are likely to
be replicated among Korean subjects although not all of them.
However, when applying to Korean population, the odds ratio of
the used SNPs in the predictive model is critical to calculate the
relative risk of the individual consumer. But the magnitudes of relative risks of the each validated SNPs between Caucasian and Korean subjects do not show same values. Therefore, the established
models for each trait need to be validated for Korean patients prospectively at least. But the most company-run or company-plan-to2/3

run traits show lack of these evidences. It is not possible to judge
or estimate which company supports better predictive models or
result. This situation drives to go to marketing with exaggerations
and abuse of tests or price competition rather than competing to
improve the quality of prediction.

Amendment of Law and the Rising of
Transparency in DTC Genetic Testing
The current DTC genetic testing needs more objective evidences.
If they have a scientific basis from Korean population, even poor
performances can have a chance to improve because they know
which part needs to be updated or changed. But companies extremely rarely show the method and performance of their predictive model from Korean population.
They demand to the government authorities to allow disease prediction services as DTC genetic testing including cancer, diabetes
and heart disease without disclosing their models and performances
to the scientific or medical societies. If it is allowed, it will cause the
profound confusion or chaos to the consumers, medical institutions,
and health insurance system and the huge waste of medical resources. Currently the facility and human resources in DTC genetic testing company are not regulated by law. There is no penalty to their rejection to proficiency test by law. For improving the situation with
the above mentioned direction, the legal coercion is inevitable.
Amendment of Bioethics and Safety Act or making a law equivalent
to Clinical Laboratory Improvement Act (CLIA) in United States
for appropriate regulation is a prerequisite step.
The predictive models of DTC genetic testing need the validation before implementation. But practically not all of the tests can
be validated or achieved to the certain standard.
If so, disclosing all the relevant information transparently for the
right choices by the consumers instead can be considered. The relevant information includes the explanation of the whole process of
the tests, the references of the method they used, disclosing the
implication and limitation of the results, how to deliver the report
to consumers etc. And the company should consider the possible
outcomes after getting trait(s) risk and provide the report guidelines not to cause any harm or negative effect to the consumers including psychological distress or waste of medical resources.
New genomic technologies and knowledges expand our view
and their applications would improve human health. Medical diagnosis and treatment is shifting to genetic based precision medicine.
Its progress is strictly guided by evidence-based medicine (EBM).
In contrast, if DTC genetic testing with lack of equivalent level of
EBM is not regulated, our society will pay a lot.
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These examples are meant to illustrate a range of, but not all, data sharing options.
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