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Editor’s introduction to this issue (G&I 
17:3, 2019) 
Taesung Park* 

Department of Statistics, Seoul National University, Seoul 08826, Korea 

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. Neoanti-
gens expressed from genes with mutations acquired during carcinogenesis may be tu-
mor-specific and thus can be potential targets for personalized neoantigen-based immuno-
therapy. 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 Fo-
rensic Service, Korea) focused on early-life nutrition which is known to be a major contrib-
utor to the permanent program change of organ structure and function toward the develop-
ment of diseases. Especially, the author studied the relationship between gut microbiome 
and nutrients on development of disease and how microbiome modulation regulates epi-
genetic changes and influences human health. The third review by Kim et al. (Ewha Wom-
ans 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, Ko-
rea) presented a bioinformatics tool, FusionScan for predicting fusion transcripts from 
RNA-sequencing (RNA-Seq) data. Note that fusion gene has a high potential as carcino-
genic 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, Ko-
rea) 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 identifi-
cation of genes required for growth in any condition of interest. Thus, this optimized mi-
croarray 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 transcrip-
tion 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 Col-
lege 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 sug-
gesting 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 expect-
ed 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 sequenc-
er 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 MGIS-
EQ-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 classi-
fication 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 

model could play an important role in neuroblastoma stage classifi-
cation. 

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 disad-
vantages of DTC genetic testing, how to make up for the shortcom-
ings of the DTC genetic testing, what are their scientific and medical 
issues, and how to cope with the legal issues and principle of trans-
parency.  
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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-specif-
ic. 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 mecha-
nism of neoantigen generation and better strategies to identify them will be required to 
realize the promise of neoantigen-based immunotherapy. Alternative splicing and RNA ed-
iting events are emerging mechanisms leading to neoantigen production. In this review, we 
outline recent work involving the large-scale screening of neoantigens produced by alter-
native splicing and RNA editing. We also describe strategies to predict and validate neoan-
tigens from RNA sequencing data. 

Keywords: alternative splicing, neoantigen, RNA editing

Identification of neoantigens derived 
from alternative splicing and RNA 
modification 
Jiyeon Park1,2, Yeun-Jun Chung1,2,3* 

1Precision Medicine Research Center, College of Medicine, The Catholic University of Korea, 
Seoul 06591, Korea 

2Integrated Research Center for Genome Polymorphism, College of Medicine, The Catholic 
University of Korea, Seoul 06591, Korea 

3Departments of Microbiology, College of Medicine, The Catholic University of Korea, Seoul 
06591, Korea

Introduction 

Since the immune system recognizes tumor-specific peptides, they are potential targets for 
personalized neoantigen-based immunotherapy. They are presented by the major histo-
compatibility 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 anti-
gens, cancer germline antigens, and mutation-derived neoantigens [1]. Among them, mu-
tation-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 under-
standing of the generation of neoantigens and better strategies to identify them will be re-
quired to improve neoantigen-based immunotherapy.  

Recent progress in sequencing technologies has enabled the profiling of RNA process-
ing events caused by various forms of post-transcriptional regulation. In particular, alterna-
tive splicing and RNA editing have drawn considerable attention since they promote pro-
teome diversity through changes in amino acid sequences. In addition, the transcript iso-
forms are easily detectable utilizing conventional RNA sequencing (RNA-Seq) data if 
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proper computer-based methods are applied. Accordingly, analyses 
of large-scale RNA-Seq data have shown the genome-wide preva-
lence 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 system-
atic 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 ed-
iting can produce cancer-specific antigens (Fig. 1). Genetic alter-
ations (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 note-
worthy difference is that the altered transcripts have a wide range of 
expression levels depending on environmental conditions. There-
fore, 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 alter-
native splicing in animals, whereas intron retention is the least prev-
alent form [11]. The functional consequences of alternative splic-
ing can be predicted using various annotation data, with possibili-
ties including the gain/loss of protein domains, signal peptides, and 
coding potential [12,13]. Intron retention often leads to non-
sense-mediated decay (NMD) by introducing a premature termi-
nation codon, resulting in reduced gene expression [14]. These 

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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RNA-level changes can be further propagated to proteomic changes 
through their effects on protein-protein interaction [15]. Numer-
ous computational methods have been developed to identify regu-
lated 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 use-
ful for uncovering unannotated cancer-specific events, but their al-
gorithms 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 [17-
19]. Recent pan-cancer analyses using TCGA data identified that al-
ternative 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 vari-
ants 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 neoan-
tigen production. The first study performed a comprehensive anal-
ysis of alternative splicing with the development of an integrated 
workflow utilizing large-scale genomics datasets [7]. Kahles et al. 

[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 Sp-
lAdder toolkit to identify novel splicing events with good perfor-
mance 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 junc-
tions should be absent in the GTEx reference data, since they are 
rarely expressed in normal reference samples [7]. A proteomics da-
tabase, containing Clinical Proteomic Tumor Analysis Consortium 
(CPTAC) mass spectrometry data, was used to confirm the expres-
sion 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 previ-
ous study. Intron-containing peptides are often subject to degrada-
tion by NMD, and the cleaved peptides can be presented on MHC 
class I molecules. Smart et al. [26] developed a computational strat-
egy 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 mech-
anism for neoantigen prediction that should be checked, because as 
many intron-retaining neoantigens as somatic mutation–derived 

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.
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neoantigens were present in most patient samples. However, they 
were not associated with the clinical outcomes of checkpoint inhib-
itor therapy, unlike somatic mutation–derived neoantigens. Taken 
together, the above two studies significantly expanded the bound-
aries 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 modifi-
cations 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 func-
tionally 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, evo-
lutionarily 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 ex-
pression 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 edit-
ing 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 se-
quencing 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-an-
notated edited sites are also useful for reliable screening and func-
tional annotation [31,32]. In the near future, new platforms such as 
nanopore sequencing will solve current technical hurdles by allow-
ing direct detection of editing in full-length RNA molecules [33]. 

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 in-
creased 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 edit-
ing may be a source of producing mutated peptides. More direct ev-
idence of RNA editing for neoantigen production was reported in 
recent research by Zhang et al. [6]. Using proteogenomics screen-
ing, 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 re-
sponsible 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 mu-
tations, even though genetic changes affecting protein production 
can occur at many different levels. Most computational tools devel-
oped so far have aimed to evaluate the effect of non-synonymous 
DNA variants on producing mutated peptides. Representative anal-
ysis pipelines such as pVAC-Seq [38] and Neopepsee [39] have 
been established for somatic mutation analysis. 

The recent studies described herein suggest that alternative splic-
ing and RNA editing can serve as important sources of neoantigens. 
The challenge in utilizing RNA-derived neoantigens is the develop-
ment of bioinformatics methods with increased accuracy and per-
formance. RNA-Seq is now a popular technique, and data on RNA-
Seq have been accumulating on a daily basis. However, many re-
searchers feel that it is not easy to detect posttranscriptional modifi-
cations, 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 epi-
genetic mechanisms are involved. Recent researches indicate early-life environmental fac-
tors modulate the microbiome development and the microbiome might be mediate di-
et-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 preven-
tion strategies. 
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Introduction 

In 1986, David Barker proposed the Developmental Origins of Health and Disease (DO-
HaD) hypothesis, denoted fetal reprogramming, that the environmental stimuli such as 
nutrients during vulnerable development stages may permanently program change of or-
gan structure and function of the offspring toward the development of non-communica-
ble diseases [1]. Since Barker’s observation, denoted fetal programming, it is widely rec-
ognized 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 pro-
gramming of disease. 

In this review, we describe how early nutrients link microbiome modulation and influ-
ence 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. 

Received: September 4, 2019 
Revised: September 21, 2019 
Accepted: September 22, 2019 

*Corresponding author: 
E-mail: hs4369@gmail.com

eISSN 2234-0742
Genomics Inform 2019;17(3):e24
https://doi.org/10.5808/GI.2019.17.3.e24

Review article



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 tran-
scription and replication types of machinery and therefore influenc-
es biological consequences [5]. Epigenetic changes produce DNA, 
histone and chromatin modifications including methylation, acetyl-
ation, phosphorylation, sumoylation, and ubiquitination with modi-
fying enzymes (e.g., methyltransferases) [6]. Non-coding RNA is an 
epigenetic mark that mediates epigenetic modification by environ-
mental 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) cy-
cles 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 imbal-
ance 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 in-
volved 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 reg-
ulator of fatty acid metabolism, therefore loss of function of JHD-
M2A resulted in obesity and hyperlipidemia [21,22]. H3K4 de-
methylase LSD1 using flavin adenine dinucleotide (FAD) as a co-
factor, 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 mi-
tochondria [24]. 

Table 1. Epigenetic modifications and their functions with nutrients

Target Residue Modification Major function Related nutrients Related microbiome Reference
DNA CpG me Transcriptional repression Folate, choline, omega3-PUFA, poly-

phenols, proteins, high-fat diet
Bifidobacterium
Lactobacterium
Bacteroids

[7,8]

K4 me1, me2, me3 Transcriptional activation, poised to 
transcriptional activation

Low-fat diet, riboflavin, polyphenols, 
cobalamin

Firmicutes
Lachnospiraceae

[9,10]

K27 me1 Transcriptional activation Omega3-PUFA
high-fat diet
Nicotinamide

Firmicutes
Bacteroidestes
Akkermansia
Verrucomicrobia
Bifidobacteriaceae

[11-13]

me2 Transcriptional activation, enhancer 
silencing

me3 Transcriptional repression
K9, K4, K14, 
K36

ac Transcriptional activation Omega3-PUFA, selenium, SCFAs, el-
lagic acid, high-fat diet

Bifidobacterium
Anaerostipes
Eubacterium

[9,14,15]

Histone H4 K16 ac Transcriptional activation and repres-
sion for DNA repair

Curcumin Clostridium
Firmicutes
Bacteriodetes

[16]

K4, K8, K12 ac Transcriptional activation SCFAs, folate, biotin Bifidobacterium
Lactobacillus
Bacteroides

[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 methyltransfer-
ases (PRMTs) with SAM as a methyl donor, transfer of methyl 
groups to specific arginine residues in histone and nonhistone pro-
tein substrates, resulting in the byproduct S-adenosyl-homocysteine 
(SAH). The SAM/SAH ratio can reflect the cellular methylation 
potential, which interacted with PRMTs. Peroxisome prolifera-
tor-activated receptor gamma coactivator 1α (PGC-1α; encoded by 
the PPARGC1A) serves as a transcriptional coactivator in mito-
chondria and has a function in oxidative metabolism. PRMT1 me-
diated 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 nu-
trient 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 depen-
dent 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 regula-
tion 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 intol-
erance, and type 2 diabetes [35-37]. 

Over the last decades, the paradigm of a sterile condition in utero 

is shifting to the possibility of the prenatal maternal-fetal coexist with 
commensal and symbiotic microbes [38]. Recent studies also sup-
port a prenatal microbial milieu through bacterial presentation in 
placenta, amniotic fluid, umbilical cord, and meconium [39]. In ad-
dition, there are emerging reports of the prenatal microbial compo-
sition on fetal and postnatal development. However, concerns have 
raised by molecular based approaches, therefore it is needed for ap-
propriate 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 develop-
ment 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 Bifidobac-
terium, which are commonly present in vaginal route, whereas in-
fants by caesarean section (C-section) have higher level of Enterococ-
cus, 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 microbi-
ome development [7,8]. It was reported that the gut microbiota of 
preterm infants has shown to delayed colonization by limited micro-
bial diversity and ths risk of gut dysbiasis. The gut microbiota com-
position of preterm infants has Enterobacter, Enterococcus, Escherichia, 
and Klebsiella predominantly and relatively low level of gammapro-
teobacteria than those in full term infants [46]. 

Breastfeeding have been reported to influence the infant microbi-
ota. It was reported that microbiome involved the effects of DNA 
methylation through breast milk, which influences the gut microbi-
ome community composition. Breastfeeding during this period is 
associated with greater Bacteroides and Bifidobacterium, which are fo-
late producers, thereby affecting DNA methylation regulated by 
methyl-donor [47]. Also, breast milk oligosaccharides alter hut mi-
crobiome 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 epi-
genetic effects [48]. 

Maternal Nutrients Influence on Microbiome
and Epigenetic Modulation

As mentioned above, early environmental factors such as nutrition 
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may have interacted with gut microbiome. Also, the microbial me-
tabolites such as B vitamins, short chain fatty acids (SCFAs), poly-
phenols (ellagic acid, urolithin, equol, isothiocyanate), and ome-
ga3 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 modifi-
ers like histone acetyl transferases (HATs), histone deacetylases 
(HDACs), DNA methyltransferases (DNMTs), and DNA de-
methylases [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]. Vi-
tamins B2, B6, B9, and B12 are important cofactors for the en-
zymes 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 DN-
MTs 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 

Foxp3 through HDAC9 inhibition [54]. Besides, the SCFA butyr-
ate 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, Bifido-
bacterium, 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 im-
mune-modulatory effects. Maternal supplementation of polyphe-
nols 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 pro-
tective 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 uro-
lithins prevented HAT activity [15]. Recent studies were shown 
that urolithin bacteria are Bifidobacterium, pseudocatenulatum, Lac-
tobacilli, and Coriobacteriaceae (Gordonibacter) [59] and Eggerthella-
ceae family [60]. Equol produced by the intestinal bacterium Lacto-
coccus 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 in-
teracted 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 

Fig. 1. The critical window in early-life for microbiome modulation may influence on development of diseases later in life. BMI, body mass 
index.
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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 In-
terferon γ and IL13 [62]. Maternal omega-3 PUFAs regulated off-
spring obesity through recomposition of the gut microbiota, Epsi-
lonproteobacteria, 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 in-
crease predisposition to obesity and epigenetic changes in off-
spring [2,66]. Such maternal malnutrition disrupted the stable mi-
crobial 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, Corio-
bacteriacae, 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-weight-
ed 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 rham-
nousus or Bifidobacterium lactis induced interferon-gamma produc-
tion on cord blood compared to controls [77]. 

Conclusion 

The interaction between the developing gut microbiome and epi-
genetic processes is an important mechanism of developmental re-
programming of immune disorder, obesity, and metabolic disor-
ders. There are mounting evidence supporting that gut microbiota 
may modify the pattern of DNA methylation and histone modifi-
cation. Recent studies have shown that the gut microbiome pro-
duces 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 ex-
plored the impact of maternal nutrients on epigenetic mechanisms 
that regulate the early-life microbiome profile. The importance of 

individual nutrients induced by epigenetic modulation will help 
achieve optimal gut microbiota and strategy for improving health 
consequences. 

ORCID 

Ho-Sun Lee: https://orcid.org/0000-0003-2864-015X 

Conflicts of Interest 

No potential conflict of interest relevant to this article was report-
ed. 

References 

1. Barker DJ, Osmond C. Infant mortality, childhood nutrition, and 
ischaemic heart disease in England and Wales. Lancet 1986; 
1:1077-1081. 

2. Lee HS. Impact of maternal diet on the epigenome during In ute-
ro life and the developmental programming of diseases in child-
hood and adulthood. Nutrients 2015;7:9492-9507. 

3. Stiemsma LT, Michels KB. The role of the microbiome in the de-
velopmental origins of health and disease. Pediatrics 2018; 
141:e20172437. 

4. Vineis P, Chatziioannou A, Cunliffe VT, Flanagan JM, Hanson M, 
Kirsch-Volders M, et al. Epigenetic memory in response to envi-
ronmental stressors. FASEB J 2017;31:2241-2251. 

5. Reid MA, Dai Z, Locasale JW. The impact of cellular metabolism 
on chromatin dynamics and epigenetics. Nat Cell Biol 2017; 
19:1298-1306. 

6. Bannister AJ, Kouzarides T. Regulation of chromatin by histone 
modifications. Cell Res 2011;21:381-395. 

7. Ho NT, Li F, Lee-Sarwar KA, Tun HM, Brown BP, Pannaraj PS, 
et al. Meta-analysis of effects of exclusive breastfeeding on infant 
gut microbiota across populations. Nat Commun 2018;9:4169. 

8. Korpela K, Blakstad EW, Moltu SJ, Strommen K, Nakstad B, 
Ronnestad AE, et al. Intestinal microbiota development and ges-
tational age in preterm neonates. Sci Rep 2018;8:2453. 

9. Blanc RS, Richard S. Arginine methylation: the coming of age. 
Mol Cell 2017;65:8-24.  

10. Qin Y, Roberts JD, Grimm SA, Lih FB, Deterding LJ, Li R, et al. 
An obesity-associated gut microbiome reprograms the intestinal 
epigenome and leads to altered colonic gene expression. Genome 
Biol 2018;19:7. 

11. Costantini L, Molinari R, Farinon B, Merendino N. Impact of 
omega-3 fatty acids on the gut microbiota. Int J Mol Sci 2017; 
18:E2645. 

Genomics & Informatics 2019;17(3):e24

5 / 8https://doi.org/10.5808/GI.2019.17.3.e24



12. van Dijk SJ, Zhou J, Peters TJ, Buckley M, Sutcliffe B, Oytam Y, et 
al. Effect of prenatal DHA supplementation on the infant epig-
enome: results from a randomized controlled trial. Clin Epi-
genetics 2016;8:114. 

13. Ma J, Prince AL, Bader D, Hu M, Ganu R, Baquero K, et al. High-
fat maternal diet during pregnancy persistently alters the offspring 
microbiome in a primate model. Nat Commun 2014;5:3889. 

14. Kang I, Kim Y, Tomas-Barberan FA, Espin JC, Chung S. Urolithin 
A, C, and D, but not iso-urolithin A and urolithin B, attenuate tri-
glyceride accumulation in human cultures of adipocytes and he-
patocytes. Mol Nutr Food Res 2016;60:1129-1138. 

15. Kang I, Buckner T, Shay NF, Gu L, Chung S. Improvements in 
metabolic health with consumption of ellagic acid and subse-
quent conversion into urolithins: evidence and mechanisms. Adv 
Nutr 2016;7:961-972. 

16. Zhang Z, Chen Y, Xiang L, Wang Z, Xiao GG, Hu J. Effect of cur-
cumin on the diversity of gut microbiota in ovariectomized rats. 
Nutrients 2017;9:E1146. 

17. Stiemsma LT, Turvey SE. Asthma and the microbiome: defining 
the critical window in early life. Allergy Asthma Clin Immunol 
2017;13:3. 

18. Salminen A, Kauppinen A, Hiltunen M, Kaarniranta K. Krebs cy-
cle intermediates regulate DNA and histone methylation: epigen-
etic impact on the aging process. Ageing Res Rev 2014;16:45-65. 

19. Cardaci S, Ciriolo MR. TCA cycle defects and cancer: when me-
tabolism tunes redox state. Int J Cell Biol 2012;2012:161837. 

20. Mentch SJ, Mehrmohamadi M, Huang L, Liu X, Gupta D, Mat-
tocks D, et al. Histone methylation dynamics and gene regulation 
occur through the sensing of one-carbon metabolism. Cell Metab 
2015;22:861-873. 

21. Inagaki T, Tachibana M, Magoori K, Kudo H, Tanaka T, Okamu-
ra M, et al. Obesity and metabolic syndrome in histone demethy-
lase JHDM2a-deficient mice. Genes Cells 2009;14:991-1001. 

22. Tateishi K, Okada Y, Kallin EM, Zhang Y. Role of Jhdm2a in reg-
ulating metabolic gene expression and obesity resistance. Nature 
2009;458:757-761. 

23. Hino S, Nagaoka K, Nakao M. Metabolism-epigenome crosstalk 
in physiology and diseases. J Hum Genet 2013;58:410-415. 

24. Janssen JJ, Grefte S, Keijer J, de Boer VC. Mito-nuclear communi-
cation by mitochondrial metabolites and its regulation by B-vita-
mins. Front Physiol 2019;10:78. 

25. Tzika E, Dreker T, Imhof A. Epigenetics and metabolism in health 
and disease. Front Genet 2018;9:361. 

26. Xu W, Li Y, Liu C, Zhao S. Protein lysine acetylation guards meta-
bolic homeostasis to fight against cancer. Oncogene 2014; 
33:2279-2285. 

27. Liang F, Kume S, Koya D. SIRT1 and insulin resistance. Nat Rev 

Endocrinol 2009;5:367-373. 
28. Eckel-Mahan KL, Patel VR, de Mateo S, Orozco-Solis R, Ceglia 

NJ, Sahar S, et al. Reprogramming of the circadian clock by nutri-
tional challenge. Cell 2013;155:1464-1478. 

29. Aguilar-Arnal L, Sassone-Corsi P. Chromatin landscape and cir-
cadian dynamics: Spatial and temporal organization of clock tran-
scription. Proc Natl Acad Sci U S A 2015;112:6863-6870. 

30. Navarro E, Funtikova AN, Fito M, Schroder H. Prenatal nutrition 
and the risk of adult obesity: long-term effects of nutrition on epi-
genetic mechanisms regulating gene expression. J Nutr Biochem 
2017;39:1-14. 

31. Terasaka T, Otsuka F, Tsukamoto N, Nakamura E, Inagaki K, 
Toma K, et al. Mutual interaction of kisspeptin, estrogen and 
bone morphogenetic protein-4 activity in GnRH regulation by 
GT1-7 cells. Mol Cell Endocrinol 2013;381:8-15. 

32. Hardiville S, Hart GW. Nutrient regulation of gene expression by 
O-GlcNAcylation of chromatin. Curr Opin Chem Biol 
2016;33:88-94. 

33. Olivier-Van Stichelen S, Wang P, Comly M, Love DC, Hanover 
JA. Nutrient-driven O-linked N-acetylglucosamine (O-GlcNAc) 
cycling impacts neurodevelopmental timing and metabolism. J 
Biol Chem 2017;292:6076-6085. 

34. Li MD, Vera NB, Yang Y, Zhang B, Ni W, Ziso-Qejvanaj E, et al. 
Adipocyte OGT governs diet-induced hyperphagia and obesity. 
Nat Commun 2018;9:5103. 

35. Qin J, Li Y, Cai Z, Li S, Zhu J, Zhang F, et al. A metagenome-wide 
association study of gut microbiota in type 2 diabetes. Nature 
2012;490:55-60. 

36. Perry RJ, Peng L, Barry NA, Cline GW, Zhang D, Cardone RL, et 
al. Acetate mediates a microbiome-brain-beta-cell axis to pro-
mote metabolic syndrome. Nature 2016;534:213-217. 

37. Turnbaugh PJ, Ley RE, Mahowald MA, Magrini V, Mardis ER, 
Gordon JI. An obesity-associated gut microbiome with increased 
capacity for energy harvest. Nature 2006;444:1027-1031. 

38. Tanca A, Abbondio M, Palomba A, Fraumene C, Manghina V, 
Cucca F, et al. Potential and active functions in the gut microbiota 
of a healthy human cohort. Microbiome 2017;5:79. 

39. DiGiulio DB, Romero R, Amogan HP, Kusanovic JP, Bik EM, 
Gotsch F, et al. Microbial prevalence, diversity and abundance in 
amniotic fluid during preterm labor: a molecular and cul-
ture-based investigation. PLoS One 2008;3:e3056 

40. Perez-Munoz ME, Arrieta MC, Ramer-Tait AE, Walter J. A critical 
assessment of the “sterile womb” and “in utero colonization” hy-
potheses: implications for research on the pioneer infant microbi-
ome. Microbiome 2017;5:48. 

41. Milani C, Duranti S, Bottacini F, Casey E, Turroni F, Mahony J, et 
al. The first microbial colonizers of the human gut: composition, 

https://doi.org/10.5808/GI.2019.17.3.e246 / 8

Lee HS • The role of gut microbiome in nutrition through epigenetic mechanisms



activities, and health implications of the infant gut microbiota. 
Microbiol Mol Biol Rev 2017;81:e00036-17. 

42. Kristensen K, Henriksen L. Cesarean section and disease associ-
ated with immune function. J Allergy Clin Immunol 2016; 
137:587-590. 

43. Huh SY, Rifas-Shiman SL, Zera CA, Edwards JW, Oken E, Weiss 
ST, et al. Delivery by caesarean section and risk of obesity in pre-
school age children: a prospective cohort study. Arch Dis Child 
2012;97:610-616.  

44. Schlinzig T, Johansson S, Gunnar A, Ekstrom TJ, Norman M. 
Epigenetic modulation at birth - altered DNA-methylation in 
white blood cells after Caesarean section. Acta Paediatr 
2009;98:1096-1099. 

45. Almgren M, Schlinzig T, Gomez-Cabrero D, Gunnar A, Sundin 
M, Johansson S, et al. Cesarean delivery and hematopoietic stem 
cell epigenetics in the newborn infant: implications for future 
health? Am J Obstet Gynecol 2014;211:502. 

46. Arboleya S, Binetti A, Salazar N, Fernandez N, Solis G, Hernan-
dez-Barranco A, et al. Establishment and development of intesti-
nal microbiota in preterm neonates. FEMS Microbiol Ecol 2012; 
79:763-772. 

47. Rossi M, Amaretti A, Raimondi S. Folate production by probiotic 
bacteria. Nutrients 2011;3:118-134. 

48. Tamburini S, Shen N, Wu HC, Clemente JC. The microbiome in 
early life: implications for health outcomes. Nat Med 2016; 
22:713-722. 

49. Hullar MA, Fu BC. Diet, the gut microbiome, and epigenetics. 
Cancer J 2014;20:170-175. 

50. Gerhauser C. Impact of dietary gut microbial metabolites on the 
epigenome. Philos Trans R Soc Lond B Biol Sci 2018;373: 
20170359. 

51. Krautkramer KA, Dhillon RS, Denu JM, Carey HV. Metabolic 
programming of the epigenome: host and gut microbial metabo-
lite interactions with host chromatin. Transl Res 2017;189:30-50. 

52. Yoshii K, Hosomi K, Sawane K, Kunisawa J. Metabolism of di-
etary and microbial vitamin B family in the regulation of host im-
munity. Front Nutr 2019;6:48. 

53. Dalile B, Van Oudenhove L, Vervliet B, Verbeke K. The role of 
short-chain fatty acids in microbiota-gut-brain communication. 
Nat Rev Gastroenterol Hepatol 2019;16:461-478. 

54. Thorburn AN, McKenzie CI, Shen S, Stanley D, Macia L, Mason 
LJ, et al. Evidence that asthma is a developmental origin disease 
influenced by maternal diet and bacterial metabolites. Nat Com-
mun 2015;6:7320. 

55. Shimazu T, Hirschey MD, Newman J, He W, Shirakawa K, Le 
Moan N, et al. Suppression of oxidative stress by beta-hydroxybu-
tyrate, an endogenous histone deacetylase inhibitor. Science 

2013;339:211-214. 
56. Luu M, Pautz S, Kohl V, Singh R, Romero R, Lucas S, et al. The 

short-chain fatty acid pentanoate suppresses autoimmunity by 
modulating the metabolic-epigenetic crosstalk in lymphocytes. 
Nat Commun 2019;10:760. 

57. Vazquez-Gomez M, Garcia-Contreras C, Torres-Rovira L, Pesan-
tez JL, Gonzalez-Anover P, Gomez-Fidalgo E, et al. Polyphenols 
and IUGR pregnancies: maternal hydroxytyrosol supplementa-
tion improves prenatal and early-postnatal growth and metabo-
lism of the offspring. PLoS One 2017;12:e0177593. 

58. Wu S, Tian L. Diverse phytochemicals and bioactivities in the an-
cient fruit and modern functional food pomegranate (Punica gra-
natum). Molecules 2017;22:E1606. 

59. Tomas-Barberan FA, Selma MV, Espin JC. Interactions of gut mi-
crobiota with dietary polyphenols and consequences to human 
health. Curr Opin Clin Nutr Metab Care 2016;19:471-476. 

60. Selma MV, Beltran D, Luna MC, Romo-Vaquero M, Garcia-Vil-
lalba R, Mira A, et al. Isolation of human intestinal bacteria capa-
ble of producing the bioactive metabolite isourolithin A from el-
lagic acid. Front Microbiol 2017;8:1521. 

61. Thakur VS, Gupta K, Gupta S. Green tea polyphenols increase 
p53 transcriptional activity and acetylation by suppressing class I 
histone deacetylases. Int J Oncol 2012;41:353-361. 

62. Lee HS, Barraza-Villarreal A, Hernandez-Vargas H, Sly PD, Biessy 
C, Ramakrishnan U, et al. Modulation of DNA methylation states 
and infant immune system by dietary supplementation with 
omega-3 PUFA during pregnancy in an intervention study. Am J 
Clin Nutr 2013;98:480-487. 

63. Robertson RC, Kaliannan K, Strain CR, Ross RP, Stanton C, 
Kang JX. Maternal omega-3 fatty acids regulate offspring obesity 
through persistent modulation of gut microbiota. Microbiome 
2018;6:95. 

64. Whitt J, Woo V, Lee P, Moncivaiz J, Haberman Y, Denson L, et al. 
Disruption of epithelial HDAC3 in intestine prevents diet-in-
duced obesity in mice. Gastroenterology 2018;155:501-513. 

65. Hsu CN, Hou CY, Lee CT, Chan JY, Tain YL. The interplay be-
tween maternal and post-weaning high-fat diet and gut microbio-
ta in the developmental programming of hypertension. Nutrients 
2019;11:E1982. 

66. Parlee SD, MacDougald OA. Maternal nutrition and risk of obesi-
ty in offspring: the Trojan horse of developmental plasticity. Bio-
chim Biophys Acta 2014;1842:495-506. 

67. Turnbaugh PJ, Hamady M, Yatsunenko T, Cantarel BL, Duncan 
A, Ley RE, et al. A core gut microbiome in obese and lean twins. 
Nature 2009;457:480-484. 

68. Connor KL, Chehoud C, Altrichter A, Chan L, DeSantis TZ, Lye 
SJ. Maternal metabolic, immune, and microbial systems in late 

Genomics & Informatics 2019;17(3):e24

7 / 8https://doi.org/10.5808/GI.2019.17.3.e24



pregnancy vary with malnutrition in mice. Biol Reprod 2018; 
98:579-592. 

69. Stanislawski MA, Dabelea D, Wagner BD, Sontag MK, Lozupone 
CA, Eggesbo M. Pre-pregnancy weight, gestational weight gain, 
and the gut microbiota of mothers and their infants. Microbiome 
2017;5:113. 

70. Vatanen T, Kostic AD, d’Hennezel E, Siljander H, Franzosa EA, 
Yassour M, et al. Variation in microbiome LPS immunogenicity 
contributes to autoimmunity in humans. Cell 2016;165:1551. 

71. Wankhade UD, Zhong Y, Kang P, Alfaro M, Chintapalli SV, 
Thakali KM, et al. Enhanced offspring predisposition to steato-
hepatitis with maternal high-fat diet is associated with epigenetic 
and microbiome alterations. PLoS One 2017;12:e0175675. 

72. Soderborg TK, Clark SE, Mulligan CE, Janssen RC, Babcock L, Ir 
D, et al. The gut microbiota in infants of obese mothers increases 
inflammation and susceptibility to NAFLD. Nat Commun 
2018;9:4462. 

73. Chu DM, Antony KM, Ma J, Prince AL, Showalter L, Moller M, 
et al. The early infant gut microbiome varies in association with a 
maternal high-fat diet. Genome Med 2016;8:77. 

74. Aagaard-Tillery KM, Grove K, Bishop J, Ke X, Fu Q, McKnight R, 
et al. Developmental origins of disease and determinants of chro-
matin structure: maternal diet modifies the primate fetal epig-
enome. J Mol Endocrinol 2008;41:91-102. 

75. Sugino KY, Paneth N, Comstock SS. Michigan cohorts to deter-
mine associations of maternal pre-pregnancy body mass index 
with pregnancy and infant gastrointestinal microbial communi-
ties: late pregnancy and early infancy. PLoS One 2019;14: 
e0213733.  

76. Mendez-Salazar EO, Ortiz-Lopez MG, Granados-Silvestre ML, 
Palacios-Gonzalez B, Menjivar M. Altered gut microbiota and 
compositional changes in firmicutes and proteobacteria in Mexi-
can undernourished and obese children. Front Microbiol 
2018;9:2494. 

77. Prescott SL, Wickens K, Westcott L, Jung W, Currie H, Black PN, 
et al. Supplementation with Lactobacillus rhamnosus or Bifido-
bacterium lactis probiotics in pregnancy increases cord blood in-
terferon-gamma and breast milk transforming growth factor-beta 
and immunoglobin A detection. Clin Exp Allergy 2008;38:1606-
1614. 

https://doi.org/10.5808/GI.2019.17.3.e248 / 8

Lee HS • The role of gut microbiome in nutrition through epigenetic mechanisms



1 / 6

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.
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Introduction 

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 ar-
chived in the GitHub repository as GNI version 1.0 [1,2]. As of July, 2018, 499 part-of-
speech–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 proce-
dures 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 publi-
cation 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 ana-
lyzed 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 reflec-
tion 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 struc-
ture, function, or location of a human gene or the protein it en-
codes. Sorting through the records, we compiled a list of the 
most-studied genes in the journal. This list shows trends in re-
search, revealing how concerns about specific diseases or health is-
sues 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 men-
tioned 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 remark-
able frequency differences may reflect differences in the impor-
tance of genes. In line with this reasoning, the most-studied hu-
man genes are related to human diseases. Almost all the most-stud-
ied genes are highly related to cancer, with the exception of GAP-
DH, 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 muta-
tions 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 re-
cent 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 ob-
served dynamics may result from a simple process—namely, au-
thors naturally publish on genes that have already appeared in oth-
er publications. This might be a rewarding strategy for authors, be-
cause there is a positive correlation between the frequency of a 
gene in scientific publications and the impact of related publica-
tions 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-

Fig. 1. The top 10 most-studied human genes in Genomics &  Informatics.
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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 ap-
peared in the journal included: Hepacivirus C, Rattus norvegicus, 
Chlamydomonas reinhardtii, Mus musculus, Schizosaccharomyces 
pombe, Danio rerio, Mycoplasma pneumoniae, Takifugu rubripes, Dic-
tyostelium discoideum, Xenopus laevis, Plasmodium falciparum, Zea 
mays, and many others. 

However, it is less clear how the genes of these species were cho-
sen 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 neces-
sarily 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 appro-
priate categories. By classifying articles in Genomics &  Informatics, 
we aimed to assign one or more classes or categories to a docu-
ment, making it easier to manage and sort. As an interdisciplinary 

scientific journal, Genomics &  Informatics combines biology, com-
puter science, information engineering, mathematics, medicine, 
and statistics to analyze and interpret biological data. Thus, the re-
search articles of Genomics &  Informatics may be classified into dif-
ferent groups based on specialty. 

Document clustering involves the use and extraction of descrip-
tors, 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 (TF-
IDF) [9] to give different weighting to words based on their im-
portance 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 ap-
pears 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 

Fig. 2. The temporal dynamics of the top 10 most-studied genes in Genomics &  Informatics: APC (blue), BRCA1 (red), BRCA2 (green), EGFR 
(purple), FTO (light blue), GAPDH (orange), PIK3CA (dark blue), PTEN (dark red), TNF (dark green), and TP53 (dark purple).
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presumed to belong to association studies (keywords: SNPs, poly-
morphism, and association). Publications in cluster 2 are presumed 
to belong to microarray and expression studies (keywords: cell, ex-
pression, 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 in-
teraction (keywords: protein, domains, and interaction). The key-
words 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, ex-
pression, and DNA. The keywords for cluster 4 were DNA, data-
base, and species. The keywords for cluster 5 were SNPs, associa-
tion, 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-relat-
ed genes appeared more often in later volumes of the journal. 

There were some overlapping keywords between different clus-
ters. 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 top-
ic groups because of the complexity of natural language. The pro-
cess 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 gen-
erate 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 key-
word metadata, where the importance of each tag is shown with 
font size or color. 

Summary 

We analyzed developments in the reporting of research in 499 arti-
cles 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 algo-
rithms 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 strate-
gies 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 computa-
tion 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, transcrip-
tome sequencing
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Introduction 

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 myeloge-
nous leukemia [1], TMPRSS2-ERG fusion in prostate cancer [2], EML4-ALK and CD74-
NRG1 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 junc-
tion, 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 preci-
sion, 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 (Fusion-
Map, FusionHunter, and deFuse) still produced tens to hundreds 
of false-positives, unacceptable number for experimental confirma-
tion, 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 ex-
tend the short reads [15]. Similarly, BreakFusion combined the tar-
geted 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 data-
sets. Two programs are notable exceptions even though they have 
not been tested on public datasets. SOAPfuse used a library of fu-
sion junction sequences by partial exhaustion algorithm and a se-
ries 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 im-
plemented 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 fil-
tering 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 

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 lon-
ger in the human genome). Furthermore, with the advances in se-
quencing 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. Us-
age 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 Universi-
ty 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 RNA-
Seq 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 remov-
ing reads mapped to the intronic or intergenic regions. Paired-
end 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 pro-
duce unique unmapped reads only. 

(3) Remapping unmapped reads was achieved by SSAHA2 align-
ment software [22]. We have tested several alignment tools for 
sensitive remapping including GMAP v.2013-11-27 [23], SSA-
HA2 v.2.5, Bowtie2 v.2.1.0, BWA v.0.7.5a [24], BLAT v.34, To-
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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 ge-
nome using various alignment tools. The number of fusion cas-
es recovering correct alignments (i.e., identifying split reads 
successfully at the known fusion exons) was the highest in SSA-
HA2 by a narrow margin over Bowtie2 (Table 1). After exten-
sive testing, we recommend using SSAHA2 with the option of 

‘-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 multi-
thread 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 En-
cyclopedia of DNA Elements (ENCODE) project. Final num-
ber 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. 

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
No. of correct alignments out of 269 known fusion transcriptsa

50 bp 75 bp 100 bp
GMAP 59 28 3
SSAHA2 237 248 252
Bowtie2 242 245 248
BWA 1 238 244
BLAT 218 225 226
TopHat2 227 228 226

All alignment tools were run with default options.
RNA-Seq, RNA sequencing.
aTwo hundred sixty-nine known fusion transcripts were collected from TICdb and ChimerDB 2.0.
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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 en-
sure 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 con-
tiguous 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 tran-
scriptome. Co-transcription and intergenic splicing (CoTIS) cre-
ates chimeric transcripts connecting exons of two neighboring 
genes [29]. Thus, we removed the read-through transcripts be-
tween two consecutive genes on the same strand with 5′ and 3′ ends 
accordant to the genome annotation. It should be noted that re-
moving 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 un-
duly 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 perfor-
mance. In an effort to enhance the precision of the prediction (i.e., 
small number of false-positives), we have implemented several fil-
tering 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 origi-
nal sequences of two participating genes. Bl2seq was used to 

detect homology with the word size of 10. 
(2) Filters for repeat regions, paralogs, and pseudo-genes were im-

plemented as well. We discarded the seed reads that were 
aligned within the repeat regions obtained from the Re-
peat-Masker [31] track in the UCSC genome browser. Similar-
ly, gene fusions with paralogous genes obtained from the Dupli-
cated 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 ob-
served many cases where the split read had alternative align-
ment 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 de-
veloped 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 til-
ing 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 in-
dicates the gene fusion or alternative splicing events. Fusion-
Scan 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 fu-
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sion event. Testing many RNA-Seq data, we found that this 
abrupt change applied well for most well-known cases, especial-
ly 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 cas-
es 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 re-
sult is reported with the number of seed reads or used in the fu-
sion 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 sup-
port reads as shown in Fig. 2A. 

Results 

Since a number of fusion detection programs are already available 

in public, it is critical to compare the performance of programs ob-
jectively. 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-Fu-
sion-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 RNA-
Seq data from the FusionSeq website [7], which included 6.5 mil-
lion paired-end reads of 51 bp long. 

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.

A

B

C

Fusion alignment view

Genome alignment view

Coverage plot
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Table 2. Identification of known fusion genes by various fusion detection tools

Sample Known (Gold) fusion genes FS SF dF FH FM THF

NCI-H660 (2) TMPRSS2-ERG ● ● ● ● ● ●

EEF2-SLC25A42 ● ● ● ● -　 ●

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

K562 (3) BCR-ABL1 ● ● ● -　 ● ●

NUP214-XKR3 ● ● ○ ● ● ●

BAT3-SLC44A4 ● ● ○ - ● ●

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

MCF-7 (23) 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

Overall 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

BWA

Transcriptome RefGene Ensembl Ensembl RefGene RefGene Ensembl

‘●’ 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. Sin-
gle-end RNA-Seq data for long polyA cytosol mRNAs was down-
loaded from the Caltech RNA-seq group at the UCSC ENCODE 
web site. The data includes 12.8 million reads of paired-end se-
quencing 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 in-
cludes 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] inde-
pendently studied gene fusions in the MCF-7 cell line using 80 mil-
lion reads produced by SOLiD paired-end sequencing. They vali-
dated 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 repre-
sent 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 RNA-
Seq 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 re-
call 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 posi-
tives. TopHat-Fusion showed fairly good performance mainly be-
cause 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 Fusion-
Scan 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 perfor-

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 genu-
ine fusion cases. FusionScan showed the most common hits from 
more than three programs (28 out of 31 cases). Importantly, Fu-
sionScan had only one singleton prediction, which strongly sup-
ports 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 ref-
Gene, we have generated 10,000 fusion cases to sample diverse se-
quence 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 se-
lected 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 mod-
el (e.g., RefGene or Ensembl) and run a simulator for producing 
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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 charac-
ters of fusion gene sequences. Weakness of not taking imbalanced 
sequencing depth or sequencing errors into account can be alleviat-
ed by the comparison test using real datasets as previously de-
scribed. The list of 10,000 fusion cases and simulated paired-end 
sequencing data are available at the website. 

Performance comparison 
The precision and recall curves from six different programs for fu-
sion 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 consis-
tently but its recall rate was close to 50%. FusionScan was the sec-
ond 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 prac-
tice 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-

proved in all programs. FusionMap and FusionHunter showed sub-
stantial variation. The precision rates, however, were fairly indepen-
dent of sequencing depth and read length. 

Overall, the simulated test showed that three programs (Fusion-
Scan, SOAPfuse, and deFuse) achieved comparable performance 
with a slight advantage to FusionScan in the precision. TopHat-Fu-
sion’s prediction is reliable, but it misses many true positives as well. 

Implementation and computational resources 
FusionScan algorithm was developed using Java (JDK1.7) and Py-
thon 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 envi-
ronment with the Java Runtime Environment 1.7 or later. 

We measured the CPU time and memory usage the K562 RNA-
Seq 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 pre-
processing and mapping took almost half of the total CPU time. 
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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.

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 Fu-
sionScan 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 reali-
ty (e.g., coverage imbalance, sequencing errors, and sequence poly-
morphisms). 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 Ta-
ble 1 may do better with extensive adjustment of optional pa-
rameters. We provide the full set of known fusion cases for test-
ing 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 mini-
mum 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-Fu-
sion to build the ChimerDB 3.0 update [36]. Fusion gene candi-
dates were obtained by analyzing RNA-Seq data from The Cancer 
Genome Atlas (TCGA). Of note, STAR-Fusion was recently re-
leased in bioRxiv and GitHub. It achieved comparable performance 
to FusionScan in terms of precision and recall rate. JAFFA is anoth-
er 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 condi-
tions with large number of high quality reads. But its performance 

decreased rapidly in bad conditions where misassembles led to 
many false-positives and negatives. A latest benchmark test was car-
ried 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 be-
tween precision and recall rates, achieving 60% and 79%, respec-
tively, 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 clini-
cal 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) differ-
ent 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 sec-
ond 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 an-
nealing 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 tem-
perature (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 repre-
sented 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
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Introduction 

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 ana-
lyzed from a single pooled culture. In principle, the change in the number of cells of inter-
est within the pooled library is visualized by the hybridization between fluorescence-la-
beled PCR amplicons of unique  molecular bar-codes and their cognate probes on the ar-
ray. 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 re-
duced to 8 µm with a capacity of ~100,000 (100K). Furthermore, 
mismatch pairs and antisense-strand probes of each tag were re-
moved, 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 in-
formation from earlier budding yeast arrays [8-10]. The optimiza-
tion process of the array can reduce the inevitable defects caused by 
the innate hybridization bias. This study will provide a solid plat-
form for fitness profiling using microarray technology. 

Methods 

Oligonucleotides, medium, and DNA samples 
All the synthetic DNA oligonucleotides were obtained from Bi-
oneer (Daejeon, Korea). Yeast cells were cultivated in YES medium 
(0.5% yeast extract, 3% glucose, and appropriate amino acid sup-
plements) at 30°C unless otherwise stated, following the manufac-
turer’s instructions [11]. Genomic DNA from the fission yeast gene 
deletion library was extracted using the Quick-DNA Fungal/Bacte-
rial 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 re-
ported [4]. In brief, for each strain the open reading frame was re-
placed 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). 

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 re-
fer to Fig. 3). The length of the four chosen primers was a 20/19-
mer and a 17/18-mer for U1/U2 and D1/D2, respectively. For flu-
orescence 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 bar-
codes 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 ex-
periments, 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 prim-
ers (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 per-
formed through 30 cycles consisting of denaturation at 94°C, an-
nealing at 55°C, and extension at 72°C for 30 s for each step in a to-
tal volume of 100 µL (2.5 mM MgCl2, 0.2 mM dNTP, and 1 µM 
each primer mix). Hybridization was carried out using the Affyme-
trix 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 sense-
strand 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 prevent-
ed 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 
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No. 520506),” by following the guidelines of the GeneChip Custo-
mExpress Array Program. 

Ideally, the first version (array format 100-3660) could represent 
4,800 different probes by 11 probe pairs (perfect match and mis-
match) 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 repre-
sent 47,721 probe pairs in three separate sectors, consisting of 
43,721 probe pairs (~10,000 tags in triplicate or quadruplicate, posi-
tive controls included) and a single set of 4,000 unique negative con-
trols, 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 qua-
druplicate, 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. Se-
quence information about each probe was represented in the sense 

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, in-
cluding .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, im-
plemented 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 rela-
tive 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, 

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.

A B
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the optimal annealing temperature of bar-code PCR was empirical-
ly determined using the criteria of maximizing yield and minimiz-
ing extra bands (Fig. 3). PCR amplifications for both the up-tags 
and down-tags were performed at the indicated annealing tempera-
tures 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 opti-
mal concentrations of blocking oligonucleotides, a set of samples 
were hybridized with the indicated concentrations of blocking oli-
gonucleotides 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 up-
tags (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 reso-
lution 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 up-
per and lower filled rectangles in Fig. 5, a 1:1 mix ratio between up- 
and 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 ar-
ray analysis.  

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 (DN3-
F-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 har-
bored a recessive temperature-sensitive (ts) mutation unrelated to 
the gene deletion. Even though the entire set of essential heterozy-
gous 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 pan-
el). However, the deviation of the growth profile returned to nor-
mal when cultured at 25°C (right panel). Taken together, cell cul-
ture 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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1.0

0.75

0.5
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0 2 4 6 8 10 
Tag intensity (x1,000)

0.5x blocking oligos

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).
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screening of target genes affected by drugs, a single vial was cultivat-
ed and treated with a drug. Cells were collected every five genera-
tions until 20 generations, and their genomic DNA was extracted 
for further microarray analysis. It was determined whether the fro-
zen 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 in-
tensity 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 op-
timization process. However, the bar-codes of 85 strains were elimi-
nated due to the possibility of cross-hybridization, because they 

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 
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Fig. 5. Optimization of the tag mix between up- and down-tags. For the best resolution of tag intensity, up- and down-tags were mixed 
at the indicated ratios with various concentrations of blocking oligonucleotides (shown as insets), and subjected to intensity analysis. A 1:1 
mix between up- and down-tags resulted in the best resolution of tag intensity.

Fig. 6. Optimization of culture temperature. To check the effects of temperature-sensitive mutants (ts-mutants) from a subset of the 
library on the growth profile, it was determined whether 25°C or 30°C would be optimal for cell cultivation. The relative growth rate of the 
deletion strains harboring extra ts-mutations (shown as blue dots) returned to normal compared to the normal deletion strains (shown as 
red dots) when cultured at 25°C.
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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 opti-
mized the hybridization processes of the array in order to reduce 

the inevitable defects originating from dozens of rounds of each hy-
bridization step. 

The universal primer pairs to amplify molecular tags were theo-
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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 em-
pirically 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 perfor-
mance 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 pe-
culiar. Regarding blocking oligonucleotides, an intriguing observa-
tion 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 mis-
take 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 down-
tags. At first glance, a 95% success rate appears good, but there 

might exist ~250 false-positive tags supposing a 5% detection error 
among ~5,000 deletions in fission yeast. To circumvent this prob-
lem that arises from both yeast collections, the problematic bar-
code probes were corrected in the second version of the array as re-
ferred to earlier, as far as sequence data of the tags were available. 
However, the array technology still requires an upgrade to com-
pletely eliminate potential defects, which promises to make the fis-
sion yeast gene deletion library a reliable tool for understanding 
molecular gene function in a systematic way. In this regard, a plat-
form based on next-generation sequencing (NGS) analysis would 
be innovative and would avoid potential errors, because each bar-
code could be counted by direct sequencing irrespective of the in-
evitable defects caused by array hybridization. The results of this 
study serve as a basis for an innovative upgrade of the present mi-
croarray technology to a future NGS technology. 
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We sought the novel concept, transcript capacity (TC) and analyzed TC. Our approach to 
estimate TC was through an in silico method. TC refers to the capacity that a transcript ex-
erts in a cell as enzyme or protein function after translation. We used the genome-wide 
association study (GWAS) beta effect and transcription level in RNA-sequencing to esti-
mate TC. The trait was body fat percent and the transcript reads were obtained from the 
human protein atlas. The assumption was that the GWAS beta effect is the gene’s effect 
and TC was related to the corresponding gene effect and transcript reads. Further, we sur-
veyed gene ontology (GO) in the highest TC and the lowest TC genes. The most frequent 
GOs with the highest TC were neuronal-related and cell projection organization related. 
The most frequent GOs with the lowest TC were wound-healing related and embryo devel-
opment related. We expect that our analysis contributes to estimating TC in the diverse 
species and playing a benevolent role to the new bioinformatic analysis. 

Keywords: fat, genome-wide association study, in silico method, transcript capacity, RNA-
seq 

In silico approach to calculate the 
transcript capacity 
Young-Sup Lee, Kyung-Hye Won, Jae-Don Oh*, Donghyun Shin** 

Department of Animal Biotechnology, Chonbuk National University, Jeonju 54896, Korea 

Introduction 

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 be-
cause it does not contain in vivo situations. Our approach was to introduce transcript ca-
pacity (TC) concept and this concept has both resemblance and difference in compari-
son to the enzyme activity estimation. It can be considered that TC plays a role like en-
zyme 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 im-
portant 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 asso-
ciation 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 ex-
periments. 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 car-
diometabolic disease risk genomic factors. For TC estimation, we used BF% as the pheno-
type and performed GWAS. The beta effect in GWAS denotes the coefficient of the regres-
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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 tran-
script 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) be-
tween 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-An-
seong 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, Har-
dy-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 cover-
ing 48 different human tissues and organs, including adipocytes, 
the kidney and the liver [14,15]. Among these organs, we used ad-
ipocyte’s transcript reads data. The TPM data of the Human Pro-
tein 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 com-
plex trait analysis) to estimate the beta effects [9,16]. The follow-
ing model was: 

(1)

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 

(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)

Eq. (2) uses the gene effect and transcript reads (TPM) to de-
termine the TC. We assumed that the effect of the gene was pro-
portional to the transcript reads and TC. The gene effect is pro-
portional 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 tran-
scripts influences 10-fold to the traits in comparison to the B tran-
scripts. 

Gene ontology analysis 
The gene ontology (GO) analysis was performed using DAVID 
(Database for Annotation, Visualization and Integrated Discov-
ery) [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 proce-
dure 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, aver-
age, 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 

y= a+ bx+ g+ e

TC=
transcript eads
effect of gene
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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.

Gene Ontology

TA calculation (TA=Gene effect/TPM)

GWAS 
(phenotype 
as body fat 
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TPM in 
normal 

adipcytes 
(RNA-seq)

Beta effect of 
SNPs
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Gene matech

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.

5% genes in TC value). The neuronal genes including neuronal-ac-
tivity 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 devel-
opment. 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%). 

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 microbio-
ta composition using eQTL analysis. In our analysis, the accurate 
beta effect estimation accompanied by p-value are crucial and thus 

Table 1. Summary statistics of beta effect, TPM, and TC in our 
analysis

Min Max Average SD
Beta –0.9378 1.326 0.004 0.387
TPM 0.1 1864.5 19.855 70.551
TC 0.000146 7.483 0.371 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 SNP Position Beta p-value Gene TPM TC
1 SNP_A-2261105 56496439 –0.49 0.00000569 PLPP3 147.9 0.003
1 SNP_A-2137301 77704683 0.39 0.00000908 USP33 45 0.009
4 SNP_A-4203089 134200024 0.4 0.0000107 PABPC4L 1.6 0.25
5 SNP_A-1821378 75406064 0.43 0.0000138 COL4A3BP 37.7 0.01
1 SNP_A-1848974 56496993 –0.46 0.0000169 PLPP3 147.9 0.003
1 SNP_A-2302611 56520770 –0.38 0.0000176 PLPP3 147.9 0.003
1 SNP_A-2276931 235264645 0.38 0.0000191 ARID4B 12.7 0.03
5 SNP_A-4258112 75370070 0.43 0.0000201 COL4A3BP 37.7 0.01
5 SNP_A-4193701 75413307 0.42 0.0000233 COL4A3BP 37.7 0.01

14 SNP_A-2203004 32144721 0.54 0.0000247 ARHGAP5 26.9 0.02
5 SNP_A-2111116 171218237 –0.42 0.0000335 RANBP17 0.2 2.12

22 SNP_A-2212209 42624987 0.7 0.0000391 CYB5R3 337.7 0.002
11 SNP_A-1946877 114585252 0.36 0.000041 NXPE4 0.1 3.6
14 SNP_A-2203008 32145585 0.41 0.0000533 ARHGAP5 26.9 0.015
10 SNP_A-4304897 77131018 –0.46 0.0000558 KCNMA1 11.1 0.04
16 SNP_A-2161617 78907824 –0.45 0.0000603 WWOX 10.5 0.04
6 SNP_A-4211857 96568889 0.58 0.0000811 FHL5 41.6 0.014
2 SNP_A-2266417 75681594 –0.35 0.0000813 MRPL19 35 0.01
2 SNP_A-2266417 75681594 –0.35 0.0000813 GCFC2 10.1 0.03
2 SNP_A-4257172 46029907 0.38 0.000082 PRKCE 5 0.08
5 SNP_A-1943727 75381858 0.4 0.0000879 COL4A3BP 37.7 0.01
5 SNP_A-2283204 75433640 0.39 0.0000927 COL4A3BP 37.7 0.01
1 SNP_A-1827525 216928377 –0.34 0.0000937 ESRRG 0.4 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 Count p-value Gene Fold enrichment
GO:0007399~nervous system development 29 0.000000124 OPRM1, RP1, DPF3, GRIK1, GRIP1, SYT2, CTNND2, RP1L1, RIMS2, 

BDNF, BARX2, KIRREL3, RFX4, MDGA2, GRIN2A, ARMC4, RPGRIP1, 
ELAVL4, ALK, GRHL2, PPP1R17, CTNNA2, EPHA7, HYDIN, CHRM3, 
RASGRF1, CHRM2, CHST8, ATP8A2

2.89

GO:0048858~cell projection morphogenesis 16 0.00000257 RP1, RFX4, SYT2, RP1L1, CTNND2, ARMC4, ELAVL4, RIMS2, DNAH7, 
NME8, CTNNA2, EPHA7, BDNF, HYDIN, ATP8A2, KIRREL3

4.34

GO:0032990~cell part morphogenesis 16 0.00000349 RP1, RFX4, SYT2, RP1L1, CTNND2, ARMC4, ELAVL4, RIMS2, DNAH7, 
NME8, CTNNA2, EPHA7, BDNF, HYDIN, ATP8A2, KIRREL3

4.23

GO:0030030~cell projection organization 20 0.00000418 RP1, MYO1A, RFX4, GRIP1, SYT2, RP1L1, CTNND2, ARMC4, ACTN2, 
ELAVL4, RIMS2, DNAH7, NME8, CTNNA2, BDNF, EPHA7, HYDIN, 
RASGRF1, ATP8A2, KIRREL3

3.32

GO:0032989~cellular component morpho-
genesis

18 0.000075 RP1, RFX4, SYT2, RP1L1, CTNND2, ARMC4, ACTN2, ELAVL4, RIMS2, 
DNAH7, NME8, GRHL2, CTNNA2, BDNF, EPHA7, HYDIN, ATP8A2, 
KIRREL3

2.95

GO:0035082~axoneme assembly 5 0.0000991 RP1, HYDIN, RP1L1, ARMC4, DNAH7 20.4
GO:0048666~neuron development 15 0.000104 RP1, GRIP1, SYT2, RP1L1, CTNND2, RPGRIP1, ELAVL4, RIMS2, ALK, 

CTNNA2, EPHA7, BDNF, RASGRF1, ATP8A2, KIRREL3
3.36

GO:0000902~cell morphogenesis 17 0.000123 RP1, RFX4, SYT2, RP1L1, CTNND2, ARMC4, ELAVL4, RIMS2, DNAH7, 
NME8, GRHL2, CTNNA2, BDNF, EPHA7, HYDIN, ATP8A2, KIRREL3

2.96

GO:0022008~neurogenesis 18 0.000227 OPRM1, RP1, GRIP1, SYT2, MDGA2, GRIN2A, RP1L1, CTNND2, RP-
GRIP1, ELAVL4, RIMS2, ALK, CTNNA2, BDNF, EPHA7, RASGRF1, AT-
P8A2, KIRREL3

2.69

GO:0048699~generation of neurons 17 0.000346 OPRM1, RP1, GRIP1, SYT2, MDGA2, RP1L1, CTNND2, RPGRIP1, 
ELAVL4, RIMS2, ALK, CTNNA2, BDNF, EPHA7, RASGRF1, ATP8A2, 
KIRREL3

2.71

GO:0042384~cilium assembly 7 0.000355 RP1, HYDIN, RFX4, RP1L1, ARMC4, DNAH7, NME8 7.35
GO:0030182~neuron differentiation 16 0.00037 RP1, GRIP1, SYT2, MDGA2, RP1L1, CTNND2, RPGRIP1, ELAVL4, 

RIMS2, ALK, CTNNA2, EPHA7, BDNF, RASGRF1, ATP8A2, KIRREL3
2.82

GO:0010927~cellular component assembly 
involved in morphogenesis

8 0.000385 RP1, HYDIN, RFX4, RP1L1, ARMC4, ACTN2, DNAH7, NME8 5.88

GO:0048468~cell development 21 0.000399 OPRM1, RP1, IL5, GRIP1, SYT2, RP1L1, CTNND2, ACTN2, RPGRIP1, 
ELAVL4, RIMS2, ALK, GRHL2, CTNNA2, BDNF, EPHA7, HYDIN, 
RASGRF1, ATP8A2, NUP210L, KIRREL3

2.31

GO:0007268~chemical synaptic transmission 11 0.000405 OPRM1, CDH8, KCNQ5, CHRM3, GRIK1, RASGRF1, CHRM2, SYT2, 
GRIN2A, RIMS2, OPRD1

3.94

GO:0098916~anterograde trans-synaptic 
signaling

11 0.000405 OPRM1, CDH8, KCNQ5, CHRM3, GRIK1, RASGRF1, CHRM2, SYT2, 
GRIN2A, RIMS2, OPRD1

3.94

GO:0099536~synaptic signaling 11 0.000405 OPRM1, CDH8, KCNQ5, CHRM3, GRIK1, RASGRF1, CHRM2, SYT2, 
GRIN2A, RIMS2, OPRD1

3.94

GO:0099537~trans-synaptic signaling 11 0.000405 OPRM1, CDH8, KCNQ5, CHRM3, GRIK1, RASGRF1, CHRM2, SYT2, 
GRIN2A, RIMS2, OPRD1

3.94

GO:0001578~microtubule bundle formation 5 0.000443 RP1, HYDIN, RP1L1, ARMC4, DNAH7 13.86
GO:0044782~cilium organization 7 0.000593 RP1, HYDIN, RFX4, RP1L1, ARMC4, DNAH7, NME8 6.67
GO:0030031~cell projection assembly 9 0.000636 RP1, MYO1A, HYDIN, RFX4, RP1L1, ARMC4, ACTN2, DNAH7, NME8 4.64
GO:0060271~cilium morphogenesis 7 0.000922 RP1, HYDIN, RFX4, RP1L1, ARMC4, DNAH7, NME8 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 infor-
mation contains the mRNA expression level. 

GWAS p-value and accuracy of TC calculation 
In GWASs, the significance is guaranteed by the p-value. The 

p-value is the criteria to dissect the significant variants and those 
genes from insignificant ones. Although genes’ effects were dis-
sected by the p-value, only the beta effect was used for TC calcula-
tion. The gene’s GWAS p-value and beta effect can be varied with 
respect to analyzed phenotypes. The highly accurate TC calcula-
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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 gen-
erally 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 asso-
ciated with body fat but the TC quantity only mirrors the tran-
script 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. De-
spite 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 bet-
ter be obtained from the similar sample to the GWAS dataset. 

The neuronal and cell projection organization genes were en-
riched in the GO analysis (Table 2). These genes have low p-val-
ues 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 cal-
culation 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 calcu-
late TC, but also to calculate other annotated ones including tran-

scription factor whose activity cannot be easily measured experi-
mentally. 
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The Wellcome Trust Case Control Consortium (WTCCC) study was a large genome-wide as-
sociation 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 ge-
nomic 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-map-
ping analysis based on HLA imputation. 
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Introduction 

Genome-wide association studies (GWAS) have identified many genetic variations influ-
encing 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 in-
crease 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, be-
cause they can be used as controls for many different diseases. 

One of the popular publicly available datasets is the Wellcome Trust Case Control Con-
sortium (WTCCC) dataset [4]. The WTCCC study aimed to identify associations of ge-
netic variations with seven diseases across the genome. The dataset consists of the geno-
type 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 Brit-
ish 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 per-
formed tests to check differences in the allele frequencies of genome-wide single-nucleo-
tide 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. 
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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 locat-
ed on chromosome 6 (Chr. 6p21.1-6p21.3), is the most polymor-
phic 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 de-
terminants of histocompatibility. Large-scale HLA association anal-
yses 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 avail-
able 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 exam-
ine potential differences in HLA between the 58C and UKBS con-
trols in the WTCCC dataset. Although the WTCCC project re-
ported 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 sug-
gest that these combined controls can be used as additional con-
trols for HLA fine-mapping association studies. For this purpose, 
we imputed HLA information for the two control datasets using re-
cently developed HLA imputation technology [5] with a large Eu-
ropean 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 dia-
betes, 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 De-

velopment Study) consists of all births in England, Wales, and Scot-
land in 1958. The second control group consists of 1,500 blood do-
nors 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 great-
er than 0.05, SNPs with a minor allele frequency (MAF) <  5%, 
and SNPs with an HWE p <  0.00001. After applying these QC cri-
teria 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 ge-
nome-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 princi-
pal components (PCs) that explained the most variance in the gen-
otype 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 Euro-
pean [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 genom-
ic region was restricted to the MHC complex region (chr6:29-
34Mb, 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 posi-
tion 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 be-
tween 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 informa-
tion on the samples, which was used in similar analyses in the 
WTCCC study, we controlled for possible population stratifica-
tion by including the top 20 PCs as additional covariates. For the 
HLA analysis, we tested all imputed markers, including HLA al-
leles, amino acids, and SNPs in the MHC region. Similar to the ge-
nome 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) us-
ing 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 individu-
als 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 co-
horts, 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 co-
horts 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 differ-
ences. 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

UKBS MAF 58C MAF Absolute MAF difference
Min 0.05 0.05 0
1st quantile 0.145 0.1448 0.0033
Median 0.2507 0.251 0.0072
3rd quantile 0.3709 0.3709 0.0125
Max 0.5 0.5 0.0616
Mean 0.2592 0.2597 0.0008

MAF, minor allele frequency; UKBS, UK Blood Services.
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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 co-

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 be-
tween the two control groups. They showed that their samples did 
not show a clear population structure in multidimensional scaling 

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).

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.
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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 ori-
gin 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. More-
over, even if a researcher were to obtain the geographical region in-
formation 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 co-
horts 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 con-
trols (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 ex-
ceeded 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 fil-
tered to remove any SNPs with p <  5.7 ×  10-7 in the MAF differ-

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 (genom-
ic 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 resi-
dues, 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 analy-
sis. 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 HLA-
DPB1, 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 al-
lele frequencies are listed in Supplementary Table 1. Table 2 pro-

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.
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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 per-
formed the K-S test for each HLA gene, and the results are present-
ed in Fig. 4C. All the HLA genes showed non-significant p-values 
in the K-S test, demonstrating that there was no significant differ-
ence in the imputed HLA allele frequencies between the two con-
trol 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 differ-
ences among the samples. Again, we set one cohort as cases (58C) 
and the other cohort as controls (UKBS). We then performed asso-
ciation tests to identify associations between markers in the MHC 
region (including both the imputed binary markers and the geno-
typed SNPs) and the cohort identifier. Fig. 5A shows the Manhattan 

plot of associations. We did not find any binary marker that exceed-
ed 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 re-
gion of chromosome 6. In both the association analysis of the ge-
nome-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. 

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.

Table 2. Summary statistics of HLA AF

UKBS AF 58C AF Absolute AF difference
Min 0 0 0
1st quantile 0.001 0.001 0.0001
Median 0.0036 0.0033 0.0003
3rd quantile 0.0141 0.0139 0.0008
Max 0.1025 0.1033 0.0034
Mean 0.0098 0.0098 0.0005

HLA, human leukocyte antigen; AF, allele frequencies; UKBS, UK Blood Services.
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These results suggest that the two control cohorts are genetically ho-
mogeneous in HLA, and that the combined controls of the WTC-
CC 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 chromo-
somes 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 differ-
entially expressed genes were involved in cellular processes including the cell cycle, chro-
mosome 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 tran-
scriptomic changes and evolution of plant B chromosomes and deliver an informative da-
tabase for future study of B chromosome transcriptomes in the Korean lily. 
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Introduction 

B chromosomes are supernumerary chromosomes that are present in addition to the stan-
dard 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 dif-
fer 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 num-
ber 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 chro-
mosomes can be detrimental to the host, as observed in rye which more than 8 B chromo-
somes results in low fertility [4]. 

Although the mechanism of de novo B chromosome occurrence is unclear, recent studies 
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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 ge-
nomic 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 chromo-
somes were often regarded as “selfish” chromosomes, containing 
highly repetitive heterochromatic elements without functional 
genes [3]. Indeed, sequences of maize B chromosomes were en-
riched with highly repetitive DNA sequences that showed no ho-
mology 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 chromo-
somes were shown to be filled with a variety of transposable ele-
ments and simple repeats, with low complexity sequences consti-
tuting 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 transcrip-
tional 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 (Eypre-
pocnemis plorans) [10,11]. Huang et al. [9] conducted transcrip-
tome 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 tran-
scriptome 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, de-
pending on the genetic background [12]. Lin et al. [13] analyzed 
transcript profiles from inbred maize strains by cDNA-AFLP (am-
plified fragment length polymorphism) and found that B chromo-
somes contained transcriptionally active genes and altered A chro-
mosome 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 japoni-

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 ama-
bile (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 acrocen-
tric; one large, acrocentric that differs in arm index from other large 
B chromosomes; one small, acrocentric; and one small, metacen-
tric chromosome. There are 12 cytotypes of L. amabile, depending 
on B chromosome composition [17]. Currently, there are no re-
ports 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 con-
firmed from root-tip cells. We selected three plants with long acro-
centric B chromosomes (Fig. 1). Root-tip collection and chromo-
some preparation were followed as previously described by Nguy-
en 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 chromo-
some–containing plants, respectively. All samples were immediate-
ly frozen in liquid nitrogen and then used to extract RNA. Three 
biological replicates for each sample were mixed together to re-
duce inter-individual variations. Total RNA was isolated using 
QIAGEN plant RNA extraction kit according to the manufactur-
er’s instructions (Qiagen, Hilden, Germany). The quality and con-
centration of RNA were assessed using the Agilent 2100 Bioana-
lyzer (Agilent Technologies, Santa Clara, CA, USA) and Nano-
drop 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 li-
brary size of 500 bp. Samples were sequenced on an Illumina His-
eq3000 with paired-end method. Raw data were deposited in the 
NCBI Short Read Archive (SRA) under the following accession 
numbers: SRR8316493 and SRR8316494. 
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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 En-
cyclopedia 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 se-
quencing (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 sta-
tistically 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 

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 Biosys-
tems, 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 fol-
lows: 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 follow-
ing 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 qRT-
PCR data were analyzed using 2-ΔΔCt method. Mean and standard 
deviations were calculated with triplicate data from three indepen-
dent 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 tran-

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.
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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 ex-
pressed 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 po-
tentially 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-regu-
lated and 22 were down-regulated (Supplementary Table 6). The 
overall DEGs listed in significant GO terms are listed in Supple-
mentary 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 

qRT-PCR results and one gene (Cyclin C1) showed opposite ex-
pression patterns in RNA-seq vs. qRT-PCR (Fig. 4). The raw ex-
pression 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 seg-
regation were affected by the presence of B chromosomes. 

Discussion 

B chromosomes are supernumerary chromosomes in eukaryotes. 
The current report contains differential transcriptome profiles be-
tween 0B and 1B chromosome plants of L. amabile, an endemic lily 
in Korea. Transcriptome profiles were reported from the Lilium ge-
nus [19-22], but not from the L. amabile. Therefore, de novo assem-
bly was conducted with L. amabile transcriptomes derived from ful-
ly expanded leaves. Our results are comparable to profiles from oth-
er 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 Uni-
Gene clusters from 229,128 transcripts were reported. Thus, our 
volume of data from 154,810 transcripts of 77,087 genes falls be-
tween 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 differenc-
es between 0B and 1B chromosome plants, and there were 16 puta-
tive B chromosome-associated transcripts. Chromosome imbal-
ance usually exhibits deleterious phenotypic consequences in A 
chromosome aneuploids; however, B chromosomes do not affect 
phenotype unless attaining certain numbers [4,25]. Disrupted ge-
netic 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 multi-
ple B chromosome plants, may provide explanation for the mor-
phological indifferences. Presence of B chromosomes can disturb 
the expression of genes in A chromosomes. In maize, transcription 

Table 1. Number of up- and down-regulated genes in 1B 
chromosome plant

Total log2FC >  |2| log2FC >  |10|
Up-regulated 15794 11644 552
Up (FDR <  0.05) 4157 4059 552
Down-regulated 16513 12320 490
Down (FDR <  0.05) 3891 3794 490

FDR, false discovery rate.
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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 down-
regulated 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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of A chromosome genes was altered in the presence of B chromo-
somes, and the extent of alteration coincided with the number of B 
chromosomes [9]. Because most genetic material of B chromo-
somes is derived from A chromosomes [5,6], genes in B chromo-
somes 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–in-
duced RNAi degradation [8]. The proteins originated from B chro-
mosomes can also act as an enhancer or suppressor of A chromo-
some 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 be-
cause the gene map or chromosome substitution are not available 
for Lilium. Also, low-copy gene detection by fluorescent in situ hy-
bridization is not a readily available technique for Lilium due to the 
huge genome size (36.5 pg) [28]. Nonetheless, the differentially ex-
pressed transcripts may mostly be products of genes on A chromo-
somes, 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-de-
pendent 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]. Con-
trol of chromosome segregation is essential for chromosome ploidy 

and stability in both somatic and meiotic cells [30]. Kinesins are 
motor proteins that move along microtubule filaments and are crit-
ically involved in chromosome segregation during mitosis and meio-
sis [30]. Interestingly, we found 31 KIN genes that were differential-
ly 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 en-
sure 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. Re-
verse genetic approaches remain a challenge but may provide an-
swers 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 chro-
mosomes are found in numerous species in the Lilium genus. Prior 
to the current report, no molecular or genomic studies were con-
ducted 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 de-
tected, 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 

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.
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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 sequenc-
ers, 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 per-
formance 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 com-
pared the sequencing quality and expression values. The data produced from the MGIS-
EQ-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 MGIS-
EQ-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. 
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Introduction 

Next-generation sequencing (NGS) technology has had a major impact on the field of ge-
nomics 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 se-
quencing 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 cur-
rently 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 Illumi-
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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], sin-
gle-cell transcriptome [2,7,8], metagenome [9], and small RNA se-
quencing [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 sequenc-
ing platform for whole-transcriptomics studies with high perfor-
mance 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 li-
brary construction with the Illumina TruSeq Stranded mRNA Li-
brary Prep Kit (San Diego, CA, USA). Next, paired-end sequencing 
was performed using the Illumina HiSeq4000 sequencing instru-
ment, 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 se-
quencing 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 gener-
ated 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 Gene-
Counts 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 interac-
tive Venn diagram viewer (http://jvenn.toulouse.inra.fr/app/in-
dex.html) [12].  

Results and Discussion 

Comparison of sequencing and mapping data quality 
We sequenced four human colon tumor tissue samples with Illumi-
na’s HiSeq 4000 and the MGISEQ-2000, and checked the quality of 
the sequences by running the FastQC program. Overall, the se-
quence 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 MGIS-
EQ-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

Total read bases (bp) Q20 (%) Q30 (%) Uniquely mapped reads (%)
Illumina MGI Illumina MGI Illumina MGI Illumina MGI

P1 7.45×109 2.44×1010 97.9 98.23 94.75 92.65 93.65 95.74
P2 7.36×109 2.46×1010 97.87 98.26 94.67 92.85 89.8 91.8
P3 8.71×109 2.40×1010 97.72 98.09 94.36 92.25 93.75 96.6
P4 9.35×109 1.99×1010 97.88 98.23 94.73 92.65 92.75 94.65
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(PCA) of the eight samples, and pairwise correlation analysis (Sup-
plementary 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 HiS-
eq 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) be-
tween the MGISEQ-2000 and HiSeq 4000 platforms (Supple-
mentary Tables 1-4), but most of them were random DEGs with-
out systematic bias (Fig. 3). Among the four pairs of samples (P1, 
P2, P3, and P4), there were 409, 838, 477, and 1152 downregulat-
ed DEGs, and 171, 390, 167, and 414 upregulated DEGs, respec-
tively. 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) 

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 no-
ticed that P2 and P4 shared a substantial proportion of upregulat-
ed 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 necessi-
tate the use of sequencing technology with lower costs. In this re-
gard, sequencing instruments such as the BGI-500, MGIS-
EQ-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 se-
quencing [9], as well as plant-tissue transcriptomics [5] and sin-
gle-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 re-
cent study also reported that the MGISEQ-2000 platform per-
formed consistently better than the NextSeq 500 platform in a sin-
gle-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 plat-
form that produces high-quality sequencing data at lower costs and 
can be used in many NGS applications. 

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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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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Neuroblastoma is a major cause of cancer death in early childhood, and its timely and cor-
rect diagnosis is critical. Gene expression datasets have recently been considered as a pow-
erful 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 pa-
tients. Despite a small patient population (n = 280), stage 1 and 4 patients were well dis-
tinguished. 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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Introduction 

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, nu-
merous 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 de-
veloped using traditional machine learning methods. However, AI-based deep neural net-
works (DNNs) can be developed using classification models with data matrices of con-
tinuous 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 re-
quired [7]. Although data can be obtained individually, it is possi-
ble to secure a sufficiently large dataset to build a model through 
the Gene Expression Omnibus (GEO) [8] and The Cancer Ge-
nome Atlas (TCGA) [9]. 

In addition to furnishing genomic data, these sources also pro-
vide data indicating patients’ medical status, allowing us to exam-
ine the correlations between clinical variables and specific genom-
ic data of interest [8,9]. 

Neuroblastoma is an extracranial solid tumor that most com-
monly occurs in childhood [10,11]. The specific traits of neuro-
blastoma include its early age of onset, a tendency for spontaneous 
regression of the tumor in infancy, and the high frequency of met-
astatic 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 ex-
plore whether a correlation exists between INSS stages and genom-
ic 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 neuroblasto-
ma clinical data and the data matrix includes INSS stage and ex-
pression 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 con-
sidered 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 architec-
ture. 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].  

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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We chose tf.contrib.learn.DNNClassifier for model construc-
tion. For the hyperparameters of our model, we set the dropout 
rate at 0.15, we chose the Adam optimizer, and we fixed the learn-
ing 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 num-
ber 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 character-
istic curves and the area under the curve (AUC) were obtained by 
the roc-curve function in the scikit-learn package. 

Results 

After 5,000 iterations with the training set, the accuracy was calcu-
lated 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 classifica-
tion 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. 

Fig. 2. Deep neural network architecture of our model.

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.
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Discussion 

From these results, we could distinguish stages 1 and 4 in neuro-
blastoma 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 bio-
logical problems [7,17]. 

ORCID 

Aron Park: https://orcid.org/0000-0003-0203-6069 
Seungyoon Nam: https://orcid.org/0000-0002-0966-7915 

Authors’ Contribution 

Conceptualization: SN. Data curation: AP. Formal analysis: AP. 
Funding acquisition: SN. Methodology: AP. Writing – original 
draft: AP. Writing – review & editing: AP, SN. 

Conflicts of Interest 

No potential conflict of interest relevant to this article was report-
ed. 

Acknowledgments 

This research was supported by Basic Science Research Program, 
through the National Research Foundation of Korea (NRF), fund-
ed by the Ministry of Education (NRF-2016R1D1A1B03933145 
to SN). 

References 

1. Fass L. Imaging and cancer: a review. Mol Oncol 2008;2:115-
152.  

2. Asri H, Mousannif H, Moatassime HA, Noel T. Using machine 
learning algorithms for breast cancer risk prediction and diagno-
sis. Proc Comput Sci 2016;83:1064-1069. 

3. Agrawal S, Agrawal J. Neural network techniques for cancer pre-
diction: a survey. Proc Comput Sci 2015;60:769-774. 

4. Jakimovski G, Davcev D. Using double convolution neural net-
work for lung cancer stage detection. Appl Sci 2019;9:427. 

5. Levine AB, Schlosser C, Grewal J, Coope R, Jones SJM, Yip S. 
Rise of the machines: advances in deep learning for cancer diag-
nosis. Trends Cancer 2019;5:157-169. 

6. Kourou K, Exarchos TP, Exarchos KP, Karamouzis MV, Fotiadis 
DI. Machine learning applications in cancer prognosis and pre-
diction. Comput Struct Biotechnol J 2015;13:8-17. 

7. Zou J, Huss M, Abid A, Mohammadi P, Torkamani A, Telenti A. 
A primer on deep learning in genomics. Nat Genet 2019;51:12-
18. 

8. Barrett T, Wilhite SE, Ledoux P, Evangelista C, Kim IF, Toma-
shevsky M, et al. NCBI GEO: archive for functional genomics 
data sets: update. Nucleic Acids Res 2013;41:D991-D995. 

9. Tomczak K, Czerwinska P, Wiznerowicz M. The Cancer Ge-
nome Atlas (TCGA): an immeasurable source of knowledge. 
Contemp Oncol (Pozn) 2015;19:A68-A77. 

10. Matthay KK, Maris JM, Schleiermacher G, Nakagawara A, Mack-
all CL, Diller L, et al. Neuroblastoma. Nat Rev Dis Primers 
2016;2:16078. 

11. Nakagawara A, Li Y, Izumi H, Muramori K, Inada H, Nishi M. 
Neuroblastoma. Jpn J Clin Oncol 2018;48:214-241. 

12. Salazar BM, Balczewski EA, Ung CY, Zhu S. Neuroblastoma, a 
paradigm for big data science in pediatric oncology. Int J Mol Sci 
2016;18:E37. 

13. Brisse HJ, McCarville MB, Granata C, Krug KB, Wootton-Gorg-
es SL, Kanegawa K, et al. Guidelines for imaging and staging of 
neuroblastic tumors: consensus report from the International 
Neuroblastoma Risk Group Project. Radiology 2011;261:243-
257. 

14. Pugh TJ, Morozova O, Attiyeh EF, Asgharzadeh S, Wei JS, Auclair 
D, et al. The genetic landscape of high-risk neuroblastoma. Nat 
Genet 2013;45:279-284. 

15. Rajbhandari P, Lopez G, Capdevila C, Salvatori B, Yu J, Rodri-
guez-Barrueco R, et al. Cross-cohort analysis identifies a TEAD4-
MYCN positive feedback loop as the core regulatory element of 
high-risk neuroblastoma. Cancer Discov 2018;8:582-599. 

16. Abadi M, Barham P, Chen J, Chen Z, Davis A, Dean J, et al. Ten-
sorFlow: a system for large-scale machine learning. In: Proceed-
ings of the 12th USENIX Symposium on Operating Systems De-
sign and Implementation (ODSI ’16), 2016 Nov 2-4, Savannah, 
GA, USA. Berkeley: The Advanced Computing Systems Associ-
ation, 2016. pp. 265-283. 

17. Kautz T, Eskofier BM, Pasluosta CF. Generic performance mea-
sure for multiclass-classifiers. Pattern Recognit 2017;68:111-125. 

https://doi.org/10.5808/GI.2019.17.3.e304 / 4

Park A et al. • Deep learning in neuroblastoma



1 / 3

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.

Direct-to-consumer genetic testing: 
advantages and pitfalls 
Bermseok Oh* 
Department of Biochemistry and Molecular Biology, Kyung Hee University School of 
Medicine, Seoul, Korea 

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 com-
panies by their own choice. If conventional genetic testing is a clinician-centric frame-
work, 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 op-
erational characteristics of the company. 

Conventional clinician-centric tests are aimed at diagnosing and treating patients’ dis-
eases, 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-re-
lated concerns, such as obesity, nutrition, skin, hair loss, ancestry, and life cycle. There-
fore, the aim of DTC genetic testing is to determine consumers’ propensity for such phe-
notypes 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? 

The advantages of DTC genetic testing can be described as follows [1,2]. First, DTC genet-
ic testing may provide an opportunity for consumers to recognize the importance of genet-
ics 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 com-
panies. 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 ge-
netic 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 re-
sults on whether the consumer will develop a disease or not. Most 
genetic tests performed by DTC companies are limited to few ma-
jor 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 envi-
ronmental and lifestyle factors including age, sex, race, nutrition, ex-
ercise, and stress. Thus, DTC genetic testing itself does not guaran-
tee that a consumer with a high genetic risk score will suffer from a 
certain disease. Instead, it only indicates that one has a genetic pro-
pensity for that disease. If one is affected by favorable environmen-
tal 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 con-
ducts 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 de-
velop Alzheimer disease, and having the APOE e2 gene, which con-
fers resistance to Alzheimer disease, is likewise not a guarantee that 
one will never get Alzheimer disease. Consumers sometimes expe-
rience 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 exam-
ined 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 Ad-
ministration approval. However, as many as 1,000 mutations of 
BRCA1 and BRCA2 are known to affect the risk of breast and ovar-
ian 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 car-
ried out by DTC companies, and consumers’ genetic information 

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 dis-
ease. 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 varia-
tions as a consequence of using an increased number of samples, 
and recently developed predictive models take into account ge-
nome-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 ge-
netic 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 ill-
ness 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-de-
terministic 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 provid-
ed by the American College of Medical Genetics and Genomics for 
DTC genotyping are as follows [7]. First, genetic testing and the in-
terpretation 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 provi-
sion of test results. They will protect consumers from improper in-
formed consent procedures, a lack of pre-test descriptions, incorrect 
genetic test items, and inappropriate precautions or medical prac-
tices resulting from the misinterpretation of test results. Second, 
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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, re-
sults may come from genotyping. Consumers should also be in-
formed that these unforeseen consequences can affect not only 
themselves, but also their family members. Fourth, the DTC com-
pany 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 in-
formation protection: who will see the results of a consumer’s ge-
netic test, what measures will be taken to protect the genetic infor-
mation, how the sample will be processed after it is used, how the 
genetic test results will subsequently affect life insurance or disabili-
ty 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 genet-
ic testing remain pending. While DTC companies should try to 
compensate for these shortcomings themselves to the extent possi-
ble, 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 Govern-
ment is considering to expand DTC genetic testing. Preventing the exaggeration and abus-
ing 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 re-
ported 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. 
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Direct-to-Consumer Genetic Testing Definition and Current 
Situation 

Direct-to-consumer (DTC) genetic testing is a method of marketing genetic tests to con-
sumers 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 ge-
netic testing. Those phenotypes include traits of body mass index, cholesterol, blood pres-
sure 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 

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]. Per-
sons with high “novelty seeking” are described as “impulsive, exploratory, excitable, disor-
derly 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 behav-
ior [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, Tan-
dy-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 polymor-
phisms (SNPs) for predictive models among genome-wide associ-
ation study (GWAS) results from the relevant literatures. In case of 
single SNPs for complex disease or trait, its predictive performanc-
es would be almost meaningless because odds ratio of most vali-
dated 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 rela-
tive risks of the each validated SNPs between Caucasian and Kore-
an subjects do not show same values. Therefore, the established 
models for each trait need to be validated for Korean patients pro-
spectively at least. But the most company-run or company-plan-to-

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 ex-
tremely rarely show the method and performance of their predic-
tive model from Korean population. 

They demand to the government authorities to allow disease pre-
diction 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 resourc-
es. Currently the facility and human resources in DTC genetic test-
ing company are not regulated by law. There is no penalty to their re-
jection 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 valida-
tion 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 rel-
evant 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 guide-
lines not to cause any harm or negative effect to the consumers in-
cluding psychological distress or waste of medical resources. 

New genomic technologies and knowledges expand our view 
and their applications would improve human health. Medical diag-
nosis 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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separate title that describes the entire figure without citing specific 
panels. The manuscript should be submitted with a set of figures 
of sufficient quality for reviewers to judge the data. All figures may 
be provided in color for the electronic version of the journal, even 
if the print version is in black and white. Figures will be printed in 
color only when in the reviewers' opinions the color is essential.

Photographs and illustrations should be of professional quality. 
Images should be provided as TIFF files. JPEG is also acceptable 
when the original format is JPEG. Each figure must be of 300 
dpi or higher resolution with good contrast and sharpness. If a 
figure is to be reduced, all elements, including labels, should be 
able to withstand reduction and remain legible. Electron and 
light microscopic figures must be original or scanned copies 
from the original. The magnification should be indicated on each 
micrograph with a scale bar.

Tables are to be organized in portrait view and may run, if 
necessary, to subsequent pages in the vertical direction only. Tables 
should be designed for printing within two (17.5 cm) columns of 
width in no less than 10-point font and should not exceed more 
than the width of a journal page. If a table does not fit into this 
format, consider shortening row or column labels, using more 
than one table to display the data, eliminating unnecessary data, or 
converting table data into a figure or transferring part of the table 

data to the supplement.

Scientific names 
The full formal Latin name for a taxon (e.g., Homo sapiens ) 
should be provided the first time that the taxon is mentioned and 
should be italicized. In subsequent sentences, the scientific name 
of all taxa in the same genus should be abbreviated to the first 
initial of the generic name and the species name (e.g., H. sapiens), 
except where this usage creates confusion or ambiguity. When 
common names are used, the scientific name should be provided 
the first time the taxon is mentioned in the abstract and again the 
first time that taxon is mentioned in the main manuscript [e.g., 
“red pine (Pinus densiflora)...”]. Other taxonomic designations 
(e.g., family names) should not be italicized, and common names 
should not be capitalized.

Units and equations 
Standard metric units should be used for describing length, 
height, weight, and volume. The unit of temperature is given in 
degrees Celsius (°C). All others are in terms of the International 
System of Units (SI). All unit symbols must be preceded by one 
space except percentage (%) and temperature (°C). All equations 
should be numbered in Arabic numerals.

Abbreviations 
Abbreviations must be used as an aid to the reader, rather than 
as a convenience of the author, and therefore, their use should be 
limited. Generally, avoid abbreviations that are used less than 3 
times in the text, including the tables and figure legends. In addition 
to abbreviations for SI units, common molecular, chemical, 
immunological, and hematological terms can be used without 
definition in the title, abstract, text, tables, and figure legends—
e.g., bp, kb, kDa, DNA, cDNA, RNA, mRNA, and PCR. Other 
common abbreviations are as follows (the same abbreviations are 
used for plural forms): h (hour; use 0-24:00 h for time), s (second), 
min (minute), day (not abbreviated), week (not abbreviated), 
month (not abbreviated), year (not abbreviated), L (liter), mL 
(milliliter), μL (microliter), g (gram), kg (kilogram), mg (milligram), 
μg (microgram), ng (nanogram), pg (picogram), g (gravity; not 
×g), n (sample size), SD (standard deviation of the mean), and SE 
(standard error of the mean).

Supplementary materials 
Supplementary materials can be provided to support and enhance 
scientific information. Supplementary files offer additional 
possibilities for publishing supporting applications, sequence 
alignment, background datasets, microarray hybridization 



experiments, high-resolution images, movies, sound clips, and 
more. Supplementary files will be published alongside the online 
version of the article on the Genomics & Informatics web site. This 
material will not be edited or formatted; thus, the authors are 
responsible for the accuracy and presentation of all such material.

Accepted file formats for supplementary materials:
• Quick Time files (.mov)
• Graphical image files (.gif)
• HTML files (.html)
• MPEG movie files (.mpg)
• JPEG image files (.jpg)
• Sound files (.wav)
• Plain ASCII text (.txt)
• Acrobat files (.pdf)
• MS Word documents (.doc)
• Postscript files (.ps)
• MS Excel spreadsheet documents (.xls)
• PowerPoint (.ppt)
• TeX and LaTeX

File sizes must be as small as possible, for quick downloading. 
Recommended specifics are:

• Videos
- File size: <150 MB
- Frame rate: 30 frames per second
- Field order: none (progressive, not interlaced)
- Aspect ratio: widescreen 16:9
- Video codec: H.264
- Video bitrate: 2 Mbps
- Audio codec: AAC
- Audio bitrate: 128 kbps

• Images
- Frame size: 300 dpi in resolution
- Frame rate: 300 dpi in resolution and 10-15cm in width

Please seek advice from the editorial office before sending files 
larger than our recommended size to avoid delays in publication.

Accession numbers 
Please provide accession numbers for any new data (SNPs, 
gene sequences, protein sequences, CNVs, microarray data, or 
structures), which must be deposited in the appropriate genome- 
or locusspecific database, in a separate section entitled “Accession 
Numbers,” following the Web Resources section (or the 
Acknowledgments section if no online resources or appendices 
have been used), directly above the reference list. Please use 

the following format to list accession numbers: “The accession 
number(s) for the _______ sequence(s) reported in this paper 
is/are [database]: [accession number].”

Gender equity (Described according to ICMJE recommendation 
available from
http://www.icmje.org/recommendations/browse/manuscript-
preparation/preparing-for-submission.html) 

Selection and Description of Participants 
Clearly describe the selection of observational or experimental 
participants (healthy individuals or patients, including controls), 
including eligibility and exclusion criteria and a description of the 
source population. Because the relevance of such variables as age, 
sex, or ethnicity is not always known at the time of study design, 
researchers should aim for inclusion of representative populations 
into all study types and at a minimum provide descriptive data for 
these and other relevant demographic variables. Ensure correct 
use of the terms sex (when reporting biological factors) and 
gender (identity, psychosocial or cultural factors), and, unless 
inappropriate, report the sex and/or gender of study participants, 
the sex of animals or cells, and describe the methods used to 
determine sex and gender. If the study was done involving an 
exclusive population, for example in only one sex, authors should 
justify why, except in obvious cases, (e.g., prostate cancer).” 
Authors should define how they determined race or ethnicity and 
justify their relevance.

Submission of Manuscript

The manuscript should be submitted in MS Word file format. The 
recommended font is Times New Roman with a 11-point font size. 
All manuscripts must be submitted online through the Genomics 
& Informatics e-submission system at http://submit.genominfo.
org. Any questions concerning manuscript submission should 
be directed to: Editor, Genomics & Informatics, Korea Genome 
Organization, The Korean Federation of Science and Technology 
Societies, Room number 1011, 22, Teheran-ro 7-gil, Gangnam-
gu, Seoul, 06130, Korea (http://www.kogo.or.kr, Tel: +82-2-558-
9394, Fax: +82-2-558-9434, E-mail: kogo@kogo.or.kr).

Peer review and revision of manuscripts

Peer review
A manuscript is generally reviewed by at least two peer reviewers 
qualified to evaluate the manuscript. It is a single blind peer review. 
An initial decision will normally be made within one month of 



receipt of a manuscript. A manuscript that has been published or of 
which a substantial portion has been published elsewhere will not 
be accepted. The Editor-in-Chief is responsible for final decisions 
regarding the acceptance of a peer-reviewed paper.

Manuscript revision
When a manuscript is returned to the corresponding author for 
revision, the reviewed manuscript must be re-submitted within 
one month, unless the authors request an extension. A galley proof 
and reprint order form will be sent to the corresponding author. 
The corresponding author is responsible for communicating with 
the other authors about revisions and final approval of the proofs. 
The first proofreading is the author’s responsibility, and the proof 
should be returned within three days from the date of receipt.

Copyrights, open access policy and open data policy

Copyright
The regulations for acceptance of a manuscript for publication 
automatically include the consent of the author(s) to transfer 
the copyright or license to KOGO. Authors should complete a 
Copyright Agreement Form (CAF) at the time of proofreading. 
The corresponding author can sign on behalf of any co-authors. 
The CAF can be obtained from the editorial office. Acceptance 
of the agreement will ensure full copyright protection and help to 
disseminate the article to the widest possible readership in print 
and electronic formats. The authors are responsible for obtaining 
permission to reproduce copyrighted material from other sources 

Open access policy
Genomics & Informatics is an open access journal. Articles are 
distributed under the terms of the Creative Commons Attribution 
license (http://creativecommons.org/licenses/by-nc/4.0/), 
which permits unrestricted use, distribution, and reproduction in 
any medium, provided the original work is properly cited for non-
commercial purposes. To use the tables or figures of Genomics 
& Informatics in other periodicals, books, or media for scholarly, 
educational, or even commercial purposes, the process of permission 
request to the Publisher is not necessary. This is in accordance with 
the Budapest Open Access Initiative definition of open access. It 
also follows the open access policy of PubMed Central at the United 
States National Library of Medicine (http://www.ncbi.nlm.nih.
gov/pmc/). All of the content of the journal is available immediately 
upon publication without an embargo period. 

Archiving policy
It is accessible without barrier from Korea Citation Index (https://

kci.go.kr), National Library of Korea (http://nl.go.kr), or PubMed 
Central (https://www.ncbi.nlm.nih.gov/pmc/journals/1928/) in 
the event a journal is no longer published.

Deposit policy (Self-archiving policy) according to Sherpa/
Romeo
(http://www.sherpa.ac.uk/): Author can not archive pre-print 
(i.e., pre-refereeing). Author can archive post-print (i.e., final draft 
post-refereeing).
Author can archive publisher’s version/PDF.

Open data policy
Data sharing is recommended. If the data are already public, 
the URL site or sources should be disclosed. If data can not be 
publicized, it can be negotiated with the editor. If there are any 
inquiries on depositing data, author s should contact the editorial 
office. 

Clinical data sharing policy
This journal follows the data sharing policy described in “Data 
Sharing Statements for Clinical Trials: A Requirement of the 
International Committee of Medical Journal Editors” (https://
doi.org/10.3346/jkms.2017.32.7.1051). As of July 1, 2018, 
manuscripts submitted to ICMJE journals that report the results 
of clinical trials must contain a data sharing statement as described 
below. Clinical trials that begin enrolling participants on or after 
January 1, 2019 must include a data sharing plan in the trial's 
registration. The ICMJE's policy regarding trial registration 
is explained at www.icmje.org/recommendations/browse/
publishingand-editorial-issues/clinical-trial-registration.html. If the 
data sharing plan changes after registration, this should be reflected 
in the statement submitted and published with the manuscript 
and updated in the registry record. Data sharing statements must 
indicate the following: whether individual deidentified participant 
data (including data dictionaries) will be shared; what data in 
particular will be shared; whether additional, related documents 
will be available (e.g., study protocol, statistical analysis plan, etc.); 
and when the data will become available and for how long; by what 
access criteria data will be shared (including with whom, for what 
types of analyses, and by what mechanism). Illustrative examples of 
data sharing statements that would meet these requirements are in 
Table 1.

Detailed Description of Use of Articles of Genomics & Informatics
Reader benefit
Publisher applies the Creative Commons Attribution Non-
Commercial license to works it publishes and allows free immediate 



access to, and unrestricted reuse of, original works of all types.

Reuse benefit
Publisher applies the Creative Commons Attribution Non-
Commercial license to works it publishes and allows free immediate 
access to, and unrestricted reuse of, original works of all types.

Copyrights
Publisher applies the Creative Commons Attribution Non-
Commercial license to works it publishes. Under this license, 
although publisher retains ownership of the copyright for content, 
it allows anyone to download, reuse, reprint, modify, distribute, 
and/or copy the content.

Author posting benefit:
Publisher applies the Creative Commons Non-Commercial 
Attribution license to works it publishes. Under this license, 
although publisher retains ownership of the copyright for content, 

Table 1. Examples of data sharing statements that fulfill ICMJE requirementsa

Element Example 1 Example 2 Example 3 Example 4

Will individual participant 
data be available (including 
data dictionaries)?

Yes Yes Yes No

What data in particular will 
be shared?

All of the individual participant 
data collected during the trial, 
after deidentification.

Individual participant data 
that underlie the results 
reported in this article, after 
deidentification (text, tables, 
figures, and appendices).

Individual participant data that underlie 
the results reported in this article, after 
deidentification (text, tables, figures, and 
appendices).

Not available

What other documents will 
be available?

Study protocol, statistical 
analysis plan, informed 
consent form, clinical study 
report, analytic code

Study protocol, statistical 
analysis plan, analytic code

Study protocol Not available

When will data be available 
(start and end dates)?

Immed ia te l y  fo l l ow ing 
publication. No end date.

Beginning 3 months and ending 
5 years following article 
publication.

Beginning 9 months and ending 36 months 
following article publication.

Not applicable

With whom? Anyone who wishes to access the 
data.

Researchers who provide a 
methodologically sound 
proposal.

Investigators whose proposed use of the 
data has been approved by an independent 
review committee (“learned intermediary”) 
identified for this purpose.

Not applicable

For what types of analyses? Any purpose To achieve aims in the approved 
proposal.

For individual participant data meta-analysis. Not applicable

By what mechanism will 
data be made available?

Data are available indefinitely at 
(link to be included).

Proposals should be directed to 
xxx@yyy. To gain access, data 
requestors will need to sign a 
data access agreement.

Proposals may be submitted up to 36 months 
following article publication. After 36 months, 
the data will be available in our University's 
data warehouse but without investigator 
support other than deposited metadata.

Not applicable

Information regarding submitting proposals and 
accessing data may be found at (link to be 
provided).

Data are available for 5 years at 
a third-party website (link to 
be included).

ICMJE, International Committee of Medical Journal Editors.
aThese examples are meant to illustrate a range of, but not all, data sharing options. 

it allows anyone, including author, to download, reuse, reprint, 
modify, distribute, and/or copy the content.

Automatic Posting:
Publisher immediately deposits the accepted articles in PubMed 
Central (http://pubmedcentral.org/) and journal homepage 
(https://genominfo.org/) upon publication.

Machine readability:
Genomics & Informatics articles can be accessed programmatically 
through PubMed Central or Europe PMC's RESTful Web Service 
(https://europepmc.org/RestfulWebService). For inquiries, please 
contact editorial office, as below:

Article processing charge

Neither page charge, article processing fee nor submission fee will 
be applied since 2019. It is the platinum open access journal 
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For the policies on research and publication ethics that are not 
stated in these instructions, the Good Publication Practice 
Guidelines for Medical Journals (http://kamje.or.kr/intro.
php?body=publishing_ethics) and the Guidelines on Good 
Publication(http://publicationethics.org/resources/guidelines) 
can be applied. The Editor-in-Chief reserves the right to reject 
manuscripts that do not comply with the below requirements. The 
author will be held responsible for false statements or failure to 
fulfill the below requirements.

Statement of Informed Consent 

Copies of written informed consent and Institutional Review 
Board (IRB) approval for clinical research should be kept. If 
necessary, the editor or reviewers may request copies of these 
documents to resolve questions about IRB approval or study 
conduct.

Statement of Human and Animal Rights 

All human investigations must be conducted according to the 
principles expressed in the Declaration of Helsinki. All studies 
involving animals must state that the guidelines for the use and 
care of laboratory animals of the authors’ institution, or of any 
national law, were followed. Registration of clinical trial research: 
Any research that deals with a clinical trial should be registered 
with the primary national clinical trial registry site, such as the 
Korea Clinical Research Information Service (CRiS, http://cris.
nih.go.kr), other primary national registry sites accredited by the 
World Health Organization (http://www.who.int/ictrp/network/
primary/en/), or ClinicalTrials.gov (http://clinicaltrials.gov/), a 
service of the United States National Institutes of Health.

Authorship
 
Authorship credit should be based on 1) substantial contributions 
to conception and design, acquisition of data, and/or analysis and 
interpretation of data; 2) drafting the article or revising it critically 
for important intellectual content; 3) final approval of the version 
to be published; and 4) agreement to be accountable for all aspects 
of the work in ensuring that questions related to the accuracy or 
integrity of any part of the work are appropriately investigated and 
resolved. Every author should meet all of these four conditions. 

Publication ethics
After the initial submission of a manuscript, any changes 
whatsoever in authorship (adding author(s), deleting author(s), or 
re-arranging the order of authors) must be explained by a letter to 
the editor from the authors concerned. This letter must be signed 
by all authors of the paper. Copyright assignment must also be 
completed by every author.

Corresponding author and first author 
It does allow multiple corresponding authors for one article. Only 
one author should correspond with the editorial office. It does 
accept notice of equal contribution for the first author when the 
study was clearly performed by co-first authors.

Correction of authorship after publication 
It does not correct authorship after publication unless a mistake 
has been made by the editorial staff. Authorship may be changed 
before publication but after submission when an authorship 
correction is requested by all of the authors involved with the 
manuscript.

Conflict of Interest Statement 

The corresponding author must inform the editor of any potential 
conflicts of interest that could influence the authors’ interpretation 
of the data. Examples of potential conflicts of interest are financial 
support from or connections to pharmaceutical companies, 
political pressure from interest groups, and academically related 
issues. In particular, all sources of funding applicable to the study 
should be explicitly stated. As a guideline, any affiliation associated 
with a payment or financial benefit exceeding $10,000 per annum 
or 5% ownership of a company or research funding by a company 
with related interests would constitute a conflict that must be 
declared. This policy applies to all submitted research manuscripts 
and review material.

Originality and Duplicate Publication 

No part of the accepted manuscript should be duplicated in any 
other scientific journal without the permission of the Editorial 
Board. If duplicate publication or plagiarism related to the papers 
of this journal is detected, the authors will be announced in the 
journal, their institutes will be informed, and the authors will be 
penalized. All submitted manuscripts are screened by CrossCheck 



(Similarity Check), a plagiarism detection program provided by 
iThenticate. The authors assure that no substantial part of the 
work has been published or is being considered for publication 
elsewhere. When any of the results is to appear in another journal, 
details must be submitted to the Editor-in-Chief, together with a 
copy of the other paper(s) and the expected date(s) of publication.

Secondary Publication 

It is possible to republish manuscripts if the manuscripts satisfy the 
condition of secondary publication of the Uniform Requirements 
for Manuscripts Submitted to Biomedical Journals by the 
International Committee of Medical Journal Editors (ICMJE), 
available from http://www.icmje.org/. These are:

• The authors have received approval from the editors of both 
journals (the editor concerned with the secondary publication 
must have access to the primary version).

• The priority for the primary publication is respected by a 
publication interval negotiated by editors of both journals and 
the authors.

• The paper for secondary publication is intended for a different 
group of readers; an abbreviated version could be sufficient.

• The secondary version faithfully reflects the data and interpretations 
of the primary version.

• The secondary version informs readers, peers, and documenting 
agencies that the paper has been published in whole or in part 
elsewhere—for example, with a note that might read, "This 
article is based on a study first reported in the [journal title, with 
full reference]"—and the secondary version cites the primary 
reference.

• The title of the secondary publication should indicate that it is 
a secondary publication (complete or abridged republication 
or translation) of a primary publication. Of note, the United 
States National Library of Medicine (NLM) does not consider 
translations to be "republications" and does not cite or index 
them when the original article was published in a journal that is 
indexed in MEDLINE.

Process to manage research and publication misconduct: When 
the Journal faces suspected cases of research and publication 
misconduct, such as a redundant (duplicate) publication, 
plagiarism, fabricated data, changes in authorship, undisclosed 
conflicts of interest, an ethical problem discovered with the 
submitted manuscript, a reviewer who has appropriated an 
author's idea or data, complaints against editors, and other issues, 
the resolving process will follow a flowchart provided by the 
Committee on Publication Ethics (http://publicationethics.org/
resources/flowcharts). The discussion and decision on suspected 
cases are done by the Editorial Board of Genomics & Informatics.
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