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Editor’s introduction to this issue (G&I 
17:4, 2019) 
Taesung Park* 

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

In this issue, there are 13 articles: four Review Articles, five Original Articles, and one ar-
ticle each in the categories of Application Notes, Clinical Genomics, Genome Archive, 
and Opinion. The first review, by Seo et al. (Korea National University of Education, Ko-
rea), deals with the contribution of long non-coding RNA to cancer development. The 
authors provide a thorough review of the oncogenic role of linc00152 in tumorigenesis, 
as well as an overview of recent clinical studies on the effects of linc00152 expression in 
human cancers. 

The second review article, by M. Kim (Korea Research Institute of Bioscience & Bio-
technology, Korea), presents a thorough review of the role of DNA methylation as a po-
tential biomarker of type 2 diabetes (T2D), via a summary of case-control studies on the 
DNA methylome of T2D and a discussion of the possibility of DNA methylation as both 
a cause and consequence of T2D. 

The third review, by S. Lee (Sejong University, Korea), is about statistical methods for 
survival analysis using genomic data. She provides an excellent review of more advanced 
survival analysis models for high-dimensional omics data, including regularization. She 
also reviews modern machine learning approaches to survival analysis, which fit nonlin-
ear and complex interaction effects between predictors, resulting in more accurate predic-
tions of the probability of individual survival. 

The fourth review is by Y. Chung (Kyonggi University, Korea), and deals with recent 
advances in Bayesian inference of isolation-with-migration (IM) models for explaining 
population divergence in the presence of migrations. She presents an informative review 
of the Bayesian methods commonly used to estimate IM models and compares differenc-
es among these inference methods. 

This issue also contains five original articles. First, Lee et al. (Hanyang University, Ko-
rea) present an analysis of unmapped regions (UMRs) associated with long deletions in 
Korean whole genome sequences based on short read data. The authors developed a pro-
gram to select UMR long deletion candidates from short read sequencing data. Testing 
40 Korean genomes, the authors could detect about 80% of UMR long deletions by com-
paring the candidates with the long deletion breakpoints contained in the genomes avail-
able from the 1000 Genomes project. Their approach could be useful for practical pur-
poses in studies on long deletions utilizing short read data. 

Lee and Hong (Seoul National University College of Medicine, Seoul) performed a 
functional annotation of germline de novo variants (DNVs) from healthy individuals. Us-
ing a large number of DNVs identified from the whole-genome sequencing of 1,902 
healthy trios from the SFARI study and 20 healthy Korean trios, the authors showed that 
nonpathogenic DNVs were enriched in functional elements of the genome, but relatively 
depleted in regions of common copy number variants. 

Park et al. (Seoul National University, Korea) present a method to determine the pure 
additive contribution of genetic variants such as single-nucleotide polymorphisms 
(SNPs) in prediction models for various diseases. Since most prediction models include 

*Corresponding author: 
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both demographic variables and SNPs, it is difficult to evaluate the 
pure additive contribution of genetic variants. Using propensity 
score matching, the authors successfully evaluated the pure addi-
tive contribution of SNPs to T2D in the Korean population. 

Choi et al. (Center for Genome Science, Korea) performed vali-
dation studies for 422 variants associated with glycemic indices, 
liver enzyme levels, and T2D in 125,872 samples from the Korean 
population. Among 422 independently associated variants, 284, 
320, and 361 variants were replicated in the Korean population, 
the European population, and either of the two populations, re-
spectively. However, 61 variants were replicated in neither Koreans 
nor Europeans. The effect sizes in Koreans and Europeans were 
shown to be modestly correlated. The authors emphasized that 
these differences in effect sizes and statistical significance among 
ancestry groups should be well accounted for when constructing 
polygenic risk scores for prediction. 

The final research article is by M. Daoud, who presents an ex-
tension of the largest generalized-eigenvalue based distance metric 
in arbitrary feature spaces to classify composite data points, such 
as heterogeneous sets of biosequences. The author analyzed the 
impact of linear and non-linear transformation functions on classi-
fying and clustering collections of heterogeneous sets of biose-
quences. 

In this issue, there is one application note. Mok and Park (Seoul 
National University, Korea) present the hierarchical structural 
component model for pathway analysis of gene expression data 
(HisCoM-PAGE) software for performing pathway analysis of 

gene expression data using hierarchical structural component 
models. The HisCoM-PAGE software can be applied to various 
types of gene expression data, such as microarray or RNA-seq 
data. 

The article on clinical genomics by Min et al. (The Catholic 
University of Korea, Korea) presents a validation study showing 
that the KRAS mutations identified from colorectal cancer tumor 
tissues were consistently detected in plasma cell-free DNA samples 
from three colorectal cancer patients by digital polymerase chain 
reaction. 

The article in the Genome Archives section by Sulthana et al. 
(Genome Valley, Telangana, India) provides a high-quality draft 
genome and characterization of the commercially potent probiotic 
lactobacillus strains Lactobacillus acidophilus UBLA-34, L. paracas-
ei UBLPC-35, L. plantarum UBLP-40, and L. reuteri UBLRU-87. 

Finally, the opinion article by H. Kim (Korea Research Institute 
of Bioscience and Biotechnology, Korea) discusses the significance 
of artificial intelligence technology and big data in the biosciences 
and ubiquitous robotic companions in the fourth industrial revo-
lution. The author concludes that the introduction of automated 
robots in this field is not just for our convenience, but is a prereq-
uisite for artificial intelligence in the real sense and the consequent 
accumulation of basic scientific knowledge.  

ORCID 

Taesung Park: https://orcid.org/0000-0002-8294-590X
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The incidence and mortality rate of cancer continues to gradually increase, although con-
siderable research effort has been directed at elucidating the molecular mechanisms un-
derlying biomarkers responsible for tumorigenesis. Accumulated evidence indicates that 
the long non-coding RNAs (lncRNAs), which are transcribed but not translated into func-
tional proteins, contribute to cancer development. Recently, linc00152 (an lncRNA) was 
identified as a potent oncogene in various cancer types, and shown to be involved in can-
cer cell proliferation, invasiveness, and motility by sponging tumor-suppressive microRNAs 
acting as a competing endogenous RNA, binding to gene promoters acting as a transcrip-
tional regulator, and binding to functional proteins. In this review, we focus on the onco-
genic role of linc00152 in tumorigenesis and provided an overview of recent clinical studies 
on the effects of linc00152 expression in human cancers. 

Keywords: linc00152, long non-coding RNA, oncogene, tumorigenesis  

Long non-coding RNA linc00152 
acting as a promising oncogene in 
cancer progression 
Danbi Seo1, Dain Kim1, Wanyeon Kim1,2* 

1Department of Science Education, Korea National University of Education, Cheongju 
28173, Korea 

2Department of Biology Education, Korea National University of Education, Cheongju 
28173, Korea 

Introduction 

Cancers are diseases caused by abnormal cell growth. Unlike benign tumors where cells 
grow abnormally but do not spread, malignant tumors can migrate to other parts of the 
body. Cancers occur when genes are mutated and cell growth is abnormally regulated. 
Currently, oncogenes that cause cell cycle progression and contribute to cell proliferation, 
and tumor suppressor genes that participate in cell cycle arrest are subjects of active re-
search. Typical examples are ERBB2 encoding oncogene HER2/neu [1], and TP53 en-
coding tumor suppressor gene p53 [2]. Recent studies have reported that genes not en-
coding a specific protein, such as long non-coding RNAs (lncRNAs) also affect the de-
velopment of cancer. 

LncRNAs are RNA transcripts that are longer than 200 nucleotides and are not trans-
lated into proteins. Many efforts have been made to identify the biological roles of ln-
cRNAs in nuclei and cytoplasm. In nuclei, lncRNAs recruit chromatin- modifying en-
zymes and act as transcriptional guides. LncRNAs can also bind to mRNA and splicing 
factors and participate in splicing processes [3,4]. Other lncRNAs can bind to promoters 
of specific genes and facilitate or suppress their transcription. In addition, lncRNAs may 
also target RNA polymerase and transcription factors and regulate the transcriptions and 
expressions of genes [5]. For example, lncRNA YY1 directly interacts with transcription 
factor YY1 in muscle cells to activate gene expression by removing YY1 and polycomb re-
pressive complex (PRC2) from the promoters of target genes [6]. In cytoplasm, ln-
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cRNAs may serve as competing endogenous RNAs (ceRNAs) 
that target microRNAs (miRNAs) [5], and interactions between 
lncRNA and miRNA targets, disrupts binding between the miR-
NA and its target mRNA, and leads to the induction of mRNA 
translation. In addition, lncRNAs can interact with proteins pos-
sessing RNA binding motifs and increase their stability and activi-
ty [7,8]. Such lncRNAs participate in gene regulation at the tran-
scriptional and translational levels and in protein activation at the 
post-translational levels. Recently, several studies have reported 
that based on their biological activities, lncRNAs are highly associ-
ated with various diseases including cancer [9,10]. When cancer 
cells with counterpart normal cells were compared in various types 
of cancer, abnormal lncRNA expressions were observed in cancer 
cells. In addition, lncRNAs were found to regulate cell growth and 
proliferation during cancer development. Moreover, it was recent-
ly reported that long non-coding RNA linc00641 can sponge miR-
424-5p in non-small cell lung cancer cells and act as a tumor sup-
pressor [11]. 

Linc00152 (also known as cytoskeleton regulator RNA [CY-
TOR]) is an lncRNA located at 2p 11.2. Studies have shown that 
linc00152 is overexpressed in cancer cells and promotes cancer 
cell proliferation and metastasis. For example, it was found that the 
upregulation of linc00152 is associated with enhanced cell inva-
sion in gastric adenocarcinoma cells [12]. In general, linc00152 is 
involved in the sponging of miRNAs or in the transcriptional si-
lencing of tumor suppressor genes; activities that lead to cell prolif-
eration and epithelial-mesenchymal transition. Here, we focus on 
the role of linc00152 during cancer development and summarize 
the findings of recent studies on the effects of linc00152 expres-
sion on cancer progression and on the molecular mechanisms of 
linc00152 in human cancers. 

Biological Functions of linc00152 in Cancer 
Cells 

Linc00152 acting as a ceRNA (miRNA sponging) 
One of the roles of linc00152 is to function as a ceRNA of miR-
NA. The ceRNA activity of linc00152 may be associated with the 
upregulations of various counterpart mRNAs (originally targeted 
by miRNAs) involved in cell proliferation, survival, protection 
from apoptosis, invasion, and migration (Table 1). It has been re-
ported that linc00152 might directly bind to miR-125b, up-regu-
late Mcl-1 (myeloid cell leukemia-1), and protect ovarian adeno-
carcinoma cells from apoptosis [13]. Linc00152 might also 
sponge miR-193a-3p, and thus, contribute to the upregulation of 
Mcl-1 expression [14]. In addition, linc00152 may promote cell 
proliferation and increase cell migration in gastric adenocarcinoma 
cells by sponging miR-193b-3p, and thus, upregulating ETS1 [15]. 
In another study, it was found that sponging of miR-139-5p by 
linc00152 up-regulated Notch1, which promoted cell prolifera-
tion, cell invasion, and migration in colorectal carcinoma cells 
[16]. Linc00152 might also promote cell proliferation by sponging 
miR-216b-5p, and thus, up-regulate the expression of homeobox 
A1 [17]. In addition, linc00152 might enhance the invasion and 
migration capacities of cancer cells by sponging miR-138 and up-
regulating hypoxia-inducible factor-1α (HIF-1α) expression [18]. 
Linc00152 may also interact directly with miR-139-5p, which is 
associated with the expressional upregulation of protein kinase 
AMP-activated catalytic subunit alpha 1, which is involved in the 
promotion of aerobic glycolysis for metabolic reprogramming 
[19]. These results suggest the associations between linc00152 
and HIF-1α activation and increased aerobic glycolysis might be 
linked to cancer cell survival against intratumoral hypoxia, and 
contribute to tumor aggressiveness and malignant development. 

Table 1. Linc00152-sponged miRNAs and their target genes, biological consequences in cancer cells

Target miRNA Target gene of miRNA Biological consequences Cancer type Reference
miR-125b Mcl-1 Inhibition of apoptosis Ovarian adenocarcinoma [13]
miR-193a-3p Cell proliferation Gastric adenocarcinoma [14]
miR-193b-3p ETS1 Cell proliferation and migration Gastric adenocarcinoma [15]
miR-139-5p PRKAA1 Glycolytic phenotype Gastric adenocarcinoma [19]

Notch1 Cell proliferation, cell invasion and migration Colorectal carcinoma [16]
miR-193a CDK9 Cell cycle progression, cell proliferation, and inhibition of 

apoptosis
Acute monocytic leukemia, acute pro-

myelocytic leukemia
[21]

miR-612 Akt2 Tumor growth, cell invasion, and inhibition of apoptosis Glioblastoma [23]
miR-138 HIF-1α Cell invasion and migration Gallbladder carcinoma [18]
miR-216b-5p HOXA1 Cell proliferation Cervix epidermoid carcinoma [17]
miR-153-3p Fyn Cell proliferation and inhibition of apoptosis Esophageal squamous cell carcinoma [24]
miR-1182 CDK14 Cell proliferation and migration Osteosarcoma [20]

https://doi.org/10.5808/GI.2019.17.4.e362 / 6
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Several studies have reported that linc00152 might be involved in 
cell cycle regulation through its miRNA-sponging activities. In 
one study conducted using osteosarcoma cells, it was suggested 
that linc00152 transcriptionally activated by TCF3 (a transcrip-
tion factor) might bind to miR-1182, up-regulate CDK14, and 
promote cell proliferation and migration [20]. In another study, 
linc00152 was found to up-regulate cyclin D1 and cyclin-depen-
dent kinase 9 by sponging miR-193a [21,22]. Furthermore, it was 
reported that linc00152 increased the expressions of several pro-
to-oncogenes by sponging their counterpart miRNAs in various 
types of cancer. It was suggested that linc00152 might down-regu-
late miR-612, be involved in the overexpression of Akt2, contrib-
ute to the activation of the nuclear factor kappa-light chain-en-
hancer of activated B cells (NF-κB) pathway, and consequently in-
hibit glioblastoma cell apoptosis [23]. In another study, results in-
dicated that linc00152-dependent miR-153-3p down-regulation 
up-regulated Fyn (a proto-oncogene) and led to the induction of 
cell proliferation and the suppression of apoptosis in esophageal 
squamous cell carcinoma cells [24]. Thus, many studies have 
shown that linc00152 might be responsible for upregulations of 
several genes by direct binding miRNAs and disrupting their inter-
actions with target mRNAs. Consequently, gene products up-reg-
ulated by the ceRNA activity of linc00152 may be involved in the 
promotions of cell proliferation, survival, and cell motility and in 

the suppression of apoptosis, which suggests linc00152 is a poten-
tial oncogenic ceRNA that promotes cancer progression. 

Linc00152 acting as a transcriptional regulator 
Linc00152 can bind to the promoter regions of specific genes and 
regulate their transcriptions (Fig. 1). One study presented that 
linc00152 can bind to the promoter of epithelial adhesion molecule 
(EpCAM) gene, and thus, induce cell proliferation and tumor 
growth by inducing the transcriptional upregulation of EpCAM 
and activation of the mammalian target of rapamycin pathway [25]. 
In addition, linc00152 may participate in the transcriptional repres-
sion of interleukin 24 (IL24) caused by the recruitment of enhancer 
of zeste homolog 2 (EZH2) to IL24 promoter. EZH2 as a histone 
methyltransferase participate in trimethylation of histone H3 Lys 
27 at the IL24 promoter region, and thereby, facilitated lung adeno-
carcinoma cell growth [26]. Linc00152 also recruited EZH2 to p15 
and p21 promoters, and thus, inhibited the transcriptions of p15 
and p21, which increased cell cycle progression and cell prolifera-
tion [27]. In addition, linc00152 caused the proliferation of bladder 
carcinoma cells by upregulating β-catenin expression and directly 
activating the Wnt/β-catenin pathway [28]. Several studies on the 
roles of linc00152 in cancer cells have reported that linc00152 was 
involved in the transcriptional activations of oncogenes by directly 
binding to gene promoters and in the transcriptional repressions of 

Fig. 1. Linc00152 can participate in gene transcription. Linc00152 bound to gene promoters and up-regulated expression of epithelial 
adhesion molecule (EpCAM) and β-catenine, contributing to cell proliferation and cancer development through the activation of mammalian 
target of rapamycin (mTOR) and Wnt/β-catenine pathways, respectively. In addition, linc00152 recruited enhancer of zeste homolog 2 (EZH2) 
to the promoter of p15, p21 and interleukin 24 (IL24) responsible for down-regulated expression of these genes, leading to promotion of cell 
proliferation and inhibition of apoptosis.
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tumor suppressors by interacting with other transcription factors. 
These findings indicate that linc00152 functions as an oncogenic 
transcriptional regulator. 

Linc00152 and regulation of protein activity 
In addition to the involvement of linc00152 in transcription regu-
lation via binding to the promoter regions of genes or miRNAs, 
linc00152 can also promote cell proliferation by directly binding 
to specific proteins and regulating their activities (Fig. 2). One 
study showed that linc00152 is capable of complex formation with 
two RNA binding proteins, NCL (nucleolin) and Sam68 (KH-
DRBS1, the src-associated substrate in mitosis of 68kDa), which 
are responsible for the development of colorectal cancer via NF-
κB pathway activation [29]. Another study presented that 
linc00152 directly bound to epidermal growth factor receptor 
(EGFR) and increased the activity of EGFR to promote the 
EGFR/phosphoinositide 3-kinase/Akt pathway, which contribut-
ed to the inductions of tumorigenic features (e.g., cell cycle pro-
gression, cell proliferation, and migration) [30,31]. Moreover, 

linc00152 might be involved in the ubiquitin-dependent degrada-
tions of phosphatase and tensin homolog (PTEN) through the ac-
tivation of NEDD4-1 (neural precursor cell expressed develop-
mentally down-regulated protein 4-1) in breast adenocarcinoma 
[32]. It has also been reported that interaction between linc00152 
and DNA methyltransferase (DNMT) may result in DNMT acti-
vation, the inhibitions of BRCA1 (breast cancer type 1 susceptibil-
ity protein) and PTEN, and increased cell proliferation and inva-
siveness in triple-negative breast adenocarcinoma and breast duc-
tal carcinoma [33]. These studies show that proteins affected by 
linc00152 are involved in signaling pathways that contribute to cell 
survival, proliferation, and apoptosis, and suggest that linc00152 
might facilitate malignant progression by activating cell survival/
proliferation pathways and inhibiting of apoptotic pathways by in-
teracting with specific proteins and by upregulating the transcrip-
tional expressions of oncogenes. 

Clinical Implication of linc00152 Expression 
in Human Cancer 

Several studies have addressed relations between linc00152 expres-
sion and malignant development. These studies revealed that 
linc00152 was overexpressed in various cancer types, including liver 
cancer, gastric cancer, lung cancer, and breast cancer [14,24,30,33]. 
Moreover, clinical studies have shown that high linc00152 expres-
sion in tumor tissues is associated with poor survival and dis-
ease-free survival [17,21,23,29,34]. Linc00152 expression has also 
been shown to be significantly correlated with tumor progression 
stage. Among cancer patients of TNM stage III or greater, the pro-
portion of patients with high linc00152 expression was significant-
ly higher than among patients with low linc00152 expression 
[13,16,25-27,31,35]. In a study of esophageal squamous cell carci-
noma, patients with TNM stage I/II/III had higher linc00152 ex-
pressions [36]. Furthermore, linc00152 expression was also 
shown to be positively correlated with tumor size. Among patients 
with a tumor larger than 5 cm, the proportion of patients with high 
linc00152 expression was significantly greater than among patients 
with low expression [25-27,31,35], and in a study on osteosarco-
ma, a significantly greater proportion of patients with a tumor size 
of > 3 cm exhibited ‘high’ linc00152 expression [20]. These re-
sults demonstrate that the expression of linc00152 is higher in tu-
mor tissues than in normal tissues, that its expression is positively 
associated with tumor progression, and that high linc00152 ex-
pression is associated with poor prognosis in cancer patients. Fur-
thermore, they indicate that linc00152 might act as a promising di-
agnostic and prognostic oncogene. 

Fig. 2. Linc00152 is involved in protein activation. Linc00152 bound 
directly to epidermal growth factor receptor (EGFR). The activated 
EGFR/phosphoinositide 3-kinase (PI3K)/AKT pathway promoted cell 
proliferation and migration. In addition, the complex of linc00152 
and Sam68 promoted tumor progression through the activation of 
nuclear factor kappa-light chain-enhancer of activated B cells (NF-
κB) pathway. DNA methyltransferase (DNMT) and NEDD4-1 (neural 
precursor cell expressed developmentally down-regulated protein 
4-1) activated by linc00152 promoted cancer cell proliferation 
through inhibition of breast cancer type1 susceptibility protein 
(BRCA1) and phosphatase and tensin homolog (PTEN).
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Conclusion 

Many studies have investigated the association between linc00152 
and human cancers. Linc00152 expression has been shown to be 
greater in tumor tissues than in normal tissues and to function as an 
oncogene by promoting cell proliferation, tumor growth, and me-
tastasis in vivo. Linc00152 acts on cancer cells in three major ways: 
by acting as a ceRNA and sponging miRNAs, by binding to pro-
moter regions of specific genes to activate or inhibit transcription, 
or by directly binding to and regulating the activities of proteins. In 
cancers (e.g., ovarian, gastric, and colorectal cancer), linc00152 acts 
as a ceRNA and sponges various miRNAs, especially miR-125b, 
miR-193a, miR193b, miR-612, miR-138, miR-216b-5p, miR-153-
3p, miR-1182 or miR-497, in cancer cells, and thus, increase the ex-
pressions of downstream genes targeted by miRNAs, and conse-
quently, these increases promote cell proliferation, metastasis, and 
tumor development. Linc00152 might also participate in the tran-
scriptional activations or repressions of specific genes (e.g., Ep-
CAM, IL24, p15, and p21) and activate oncogenic signaling path-
ways by interacting with several proteins (e.g., EGFR and NCL/
Sam68 complex). Accordingly, linc00152 facilitates cancer cell de-
velopment by directly or indirectly controlling the expressions and 
activities of many genes involved in the cell cycle and cell prolifera-
tion. By integrating and analyzing the biological roles of linc00152 
during cancer progression, linc00152 may prove to be a useful diag-
nostic and prognostic biomarker for human cancers. 

ORCID 

Danbi Seo: https://orcid.org/0000-0002-9996-922X 
Dain Kim: https://orcid.org/0000-0003-2512-2365 
Wanyeon Kim: https://orcid.org/0000-0002-7611-5248 

Authors’ Contribution 

Conceptualization: WK. Data curation: DS, WK. Formal analysis: 
DS, DK, WK. Methodology: DS, DK, WK. Writing - original 
draft: DS, WK. 

Conflicts of Interest 

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

References 

1. Gschwind A, Fischer OM, Ullrich A. The discovery of receptor 

tyrosine kinases: targets for cancer therapy. Nat Rev Cancer 
2004;4:361-370.  

2. Surget S, Khoury MP, Bourdon JC. Uncovering the role of p53 
splice variants in human malignancy: a clinical perspective. Onco 
Targets Ther 2013;7:57-68. 

3. Nobili L, Ronchetti D, Taiana E, Neri A. Long non-coding RNAs 
in B-cell malignancies: a comprehensive overview. Oncotarget 
2017;8:60605-60623. 

4. Do H, Kim W. Roles of oncogenic long non-coding RNAs in 
cancer development. Genomics Inform 2018;16:e18. 

5. Ransohoff JD, Wei Y, Khavari PA. The functions and unique fea-
tures of long intergenic non-coding RNA. Nat Rev Mol Cell Biol 
2018;19:143-157. 

6. Zhou L, Sun K, Zhao Y, Zhang S, Wang X, Li Y, et al. Linc-YY1 
promotes myogenic differentiation and muscle regeneration 
through an interaction with the transcription factor YY1. Nat 
Commun 2015;6:10026. 

7. Paraskevopoulou MD, Hatzigeorgiou AG. Analyzing miRNA-ln-
cRNA interactions. Methods Mol Biol 2016;1402:271-286. 

8. Zhu J, Fu H, Wu Y, Zheng X. Function of lncRNAs and ap-
proaches to lncRNA-protein interactions. Sci China Life Sci 
2013;56:876-885. 

9. Ma L, Cao J, Liu L, Du Q, Li Z, Zou D, et al. LncBook: a curated 
knowledgebase of human long non-coding RNAs. Nucleic Acids 
Res 2019;47:D128-D134. 

10. Chen X, Yan CC, Zhang X, You ZH. Long non-coding RNAs and 
complex diseases: from experimental results to computational 
models. Brief Bioinform 2017;18:558-576. 

11. Li Y, Zhao L, Zhao P, Liu Z. Long non-coding RNA LINC00641 
suppresses non-small-cell lung cancer by sponging miR-424-5p 
to upregulate PLSCR4. Cancer Biomark 2019;26:79-91. 

12. Pang Q, Ge J, Shao Y, Sun W, Song H, Xia T, et al. Increased ex-
pression of long intergenic non-coding RNA LINC00152 in gas-
tric cancer and its clinical significance. Tumour Biol 2014;35: 
5441-5447. 

13. Chen P, Fang X, Xia B, Zhao Y, Li Q, Wu X. Long noncoding 
RNA LINC00152 promotes cell proliferation through competi-
tively binding endogenous miR-125b with MCL-1 by regulating 
mitochondrial apoptosis pathways in ovarian cancer. Cancer Med 
2018;7:4530-4541. 

14. Huang Y, Luo H, Li F, Yang Y, Ou G, Ye X, et al. LINC00152 
down-regulated miR-193a-3p to enhance MCL1 expression and 
promote gastric cancer cells proliferation. Biosci Rep 2018;38: 
BSR20171607. 

15. Wang H, Chen W, Yang P, Zhou J, Wang K, Tao Q. Knockdown 
of linc00152 inhibits the progression of gastric cancer by regulat-
ing microRNA-193b-3p/ETS1 axis. Cancer Biol Ther 2019;20: 

Genomics & Informatics 2019;17(4):e36

5 / 6https://doi.org/10.5808/GI.2019.17.4.e36

https://doi.org/10.1038/nrc1360
https://doi.org/10.1038/nrc1360
https://doi.org/10.1038/nrc1360
https://doi.org/10.2147/OTT.S53876
https://doi.org/10.2147/OTT.S53876
https://doi.org/10.2147/OTT.S53876
https://doi.org/10.18632/oncotarget.17303
https://doi.org/10.18632/oncotarget.17303
https://doi.org/10.18632/oncotarget.17303
https://doi.org/10.5808/GI.2018.16.4.e18
https://doi.org/10.5808/GI.2018.16.4.e18
https://doi.org/10.1038/nrm.2017.104
https://doi.org/10.1038/nrm.2017.104
https://doi.org/10.1038/nrm.2017.104
https://doi.org/10.1038/ncomms10026
https://doi.org/10.1038/ncomms10026
https://doi.org/10.1038/ncomms10026
https://doi.org/10.1038/ncomms10026
https://doi.org/10.1007/978-1-4939-3378-5_21
https://doi.org/10.1007/978-1-4939-3378-5_21
https://doi.org/10.1007/s11427-013-4553-6
https://doi.org/10.1007/s11427-013-4553-6
https://doi.org/10.1007/s11427-013-4553-6
https://doi.org/10.1093/nar/gky960
https://doi.org/10.1093/nar/gky960
https://doi.org/10.1093/nar/gky960
https://doi.org/10.1093/bib/bbw060
https://doi.org/10.1093/bib/bbw060
https://doi.org/10.1093/bib/bbw060
https://doi.org/10.3233/CBM-190142
https://doi.org/10.3233/CBM-190142
https://doi.org/10.3233/CBM-190142
https://doi.org/10.1007/s13277-014-1709-3
https://doi.org/10.1007/s13277-014-1709-3
https://doi.org/10.1007/s13277-014-1709-3
https://doi.org/10.1007/s13277-014-1709-3
https://doi.org/10.1002/cam4.1547
https://doi.org/10.1002/cam4.1547
https://doi.org/10.1002/cam4.1547
https://doi.org/10.1002/cam4.1547
https://doi.org/10.1002/cam4.1547
https://doi.org/10.1042/BSR20171607
https://doi.org/10.1042/BSR20171607
https://doi.org/10.1042/BSR20171607
https://doi.org/10.1042/BSR20171607
https://doi.org/10.1080/15384047.2018.1529124
https://doi.org/10.1080/15384047.2018.1529124
https://doi.org/10.1080/15384047.2018.1529124


461-473. 
16. Bian Z, Zhang J, Li M, Feng Y, Yao S, Song M, et al. Long 

non-coding RNA LINC00152 promotes cell proliferation, me-
tastasis, and confers 5-FU resistance in colorectal cancer by inhib-
iting miR-139-5p. Oncogenesis 2017;6:395. 

17. Zheng JJ, Du XJ, Wang HP, Zhou LY, Wang YJ, Zhang L, et al. 
Long non-coding RNA 00152 promotes cell proliferation in cer-
vical cancer via regulating miR-216b-5p/HOXA1 axis. Eur Rev 
Med Pharmacol Sci 2019;23:3654-3663. 

18. Cai Q, Wang Z, Wang S, Weng M, Zhou D, Li C, et al. Long 
non-coding RNA LINC00152 promotes gallbladder cancer me-
tastasis and epithelial-mesenchymal transition by regulating HIF-
1α via miR-138. Open Biol 2017;7:160247. 

19. Sun K, Hu P, Xu F. LINC00152/miR-139-5p regulates gastric 
cancer cell aerobic glycolysis by targeting PRKAA1. Biomed 
Pharmacother 2018;97:1296-1302. 

20. Zheng L, Hu N, Zhou X. TCF3-activated LINC00152 exerts on-
cogenic role in osteosarcoma through regulating miR-1182/
CDK14 axis. Pathol Res Pract 2019;215:373-380. 

21. Ma P, Wang H, Sun J, Liu H, Zheng C, Zhou X, et al. LINC00152 
promotes cell cycle progression in hepatocellular carcinoma via 
miR-193a/b-3p/CCND1 axis. Cell Cycle 2018;17:974-984. 

22. Zhang X, Tao W. Long noncoding RNA LINC00152 facilitates 
the leukemogenesis of acute myeloid leukemia by promoting 
CDK9 through miR-193a. DNA Cell Biol 2019;38:236-242. 

23. Cai J, Zhang J, Wu P, Yang W, Ye Q, Chen Q, et al. Blocking 
LINC00152 suppresses glioblastoma malignancy by impairing 
mesenchymal phenotype through the miR-612/AKT2/NF-κB 
pathway. J Neurooncol 2018;140:225-236. 

24. Liu D, Gao M, Wu K, Zhu D, Yang Y, Zhao S. LINC00152 facili-
tates tumorigenesis in esophageal squamous cell carcinoma via 
miR-153-3p/FYN axis. Biomed Pharmacother 2019;112: 
108654. 

25. Ji J, Tang J, Deng L, Xie Y, Jiang R, Li G, et al. LINC00152 pro-
motes proliferation in hepatocellular carcinoma by targeting Ep-
CAM via the mTOR signaling pathway. Oncotarget 2015;6: 
42813-42824. 

26. Chen QN, Chen X, Chen ZY, Nie FQ, Wei CC, Ma HW, et al. 
Long intergenic non-coding RNA 00152 promotes lung adeno-

carcinoma proliferation via interacting with EZH2 and repressing 
IL24 expression. Mol Cancer 2017;16:17. 

27. Chen WM, Huang MD, Sun DP, Kong R, Xu TP, Xia R, et al. 
Long intergenic non-coding RNA 00152 promotes tumor cell 
cycle progression by binding to EZH2 and repressing p15 and 
p21 in gastric cancer. Oncotarget 2016;7:9773-9787. 

28. Xian-Li T, Hong L, Hong Z, Yuan L, Jun-Yong D, Peng X, et al. 
Higher expression of Linc00152 promotes bladder cancer prolif-
eration and metastasis by activating the Wnt/β-catenin signaling 
pathway. Med Sci Monit 2019;25:3221-3230. 

29. Wang X, Yu H, Sun W, Kong J, Zhang L, Tang J, et al. The long 
non-coding RNA CYTOR drives colorectal cancer progression 
by interacting with NCL and Sam68. Mol Cancer 2018;17:110. 

30. Zhang Y, Xiang C, Wang Y, Duan Y, Liu C, Jin Y, et al. lncRNA 
LINC00152 knockdown had effects to suppress biological activi-
ty of lung cancer via EGFR/PI3K/AKT pathway. Biomed Phar-
macother 2017;94:644-651.  

31. Zhou J, Zhi X, Wang L, Wang W, Li Z, Tang J, et al. Linc00152 
promotes proliferation in gastric cancer through the EGFR-de-
pendent pathway. J Exp Clin Cancer Res 2015;34:135. 

32. Shen X, Zhong J, Yu P, Zhao Q, Huang T. YY1-regulated 
LINC00152 promotes triple negative breast cancer progression 
by affecting on stability of PTEN protein. Biochem Biophys Res 
Commun 2019;509:448-454. 

33. Wu J, Shuang Z, Zhao J, Tang H, Liu P, Zhang L, et al. Linc00152 
promotes tumorigenesis by regulating DNMTs in triple-negative 
breast cancer. Biomed Pharmacother 2018;97:1275-1281. 

34. Yu T, Xu Z, Zhang X, Men L, Nie H. Long intergenic non-protein 
coding RNA 152 promotes multiple myeloma progression by 
negatively regulating microRNA-497. Oncol Rep 2018;40:3763-
3771. 

35. Zhang PP, Wang YQ, Weng WW, Nie W, Wu Y, Deng Y, et al. 
Linc00152 promotes cancer cell proliferation and invasion and 
predicts poor prognosis in lung adenocarcinoma. J Cancer 
2017;8:2042-2050. 

36. Yang Y, Sun X, Chi C, Liu Y, Lin C, Xie D, et al. Upregulation of 
long noncoding RNA LINC00152 promotes proliferation and 
metastasis of esophageal squamous cell carcinoma. Cancer 
Manag Res 2019;11:4643-4654. 

https://doi.org/10.5808/GI.2019.17.4.e366 / 6

Seo D et al. • Oncogenic roles of linc00152

https://doi.org/10.1080/15384047.2018.1529124
https://doi.org/10.1038/s41389-017-0008-4
https://doi.org/10.1038/s41389-017-0008-4
https://doi.org/10.1038/s41389-017-0008-4
https://doi.org/10.1038/s41389-017-0008-4
https://doi.org/10.26355/eurrev_201905_17789
https://doi.org/10.26355/eurrev_201905_17789
https://doi.org/10.26355/eurrev_201905_17789
https://doi.org/10.26355/eurrev_201905_17789
https://doi.org/10.1098/rsob.160247
https://doi.org/10.1098/rsob.160247
https://doi.org/10.1098/rsob.160247
https://doi.org/10.1098/rsob.160247
https://doi.org/10.1016/j.biopha.2017.11.015
https://doi.org/10.1016/j.biopha.2017.11.015
https://doi.org/10.1016/j.biopha.2017.11.015
https://doi.org/10.1016/j.prp.2018.12.031
https://doi.org/10.1016/j.prp.2018.12.031
https://doi.org/10.1016/j.prp.2018.12.031
https://doi.org/10.1080/15384101.2018.1464834
https://doi.org/10.1080/15384101.2018.1464834
https://doi.org/10.1080/15384101.2018.1464834
https://doi.org/10.1089/dna.2018.4482
https://doi.org/10.1089/dna.2018.4482
https://doi.org/10.1089/dna.2018.4482
https://doi.org/10.1007/s11060-018-2951-0
https://doi.org/10.1007/s11060-018-2951-0
https://doi.org/10.1007/s11060-018-2951-0
https://doi.org/10.1007/s11060-018-2951-0
https://doi.org/10.1016/j.biopha.2019.108654
https://doi.org/10.1016/j.biopha.2019.108654
https://doi.org/10.1016/j.biopha.2019.108654
https://doi.org/10.1016/j.biopha.2019.108654
https://doi.org/10.18632/oncotarget.5970
https://doi.org/10.18632/oncotarget.5970
https://doi.org/10.18632/oncotarget.5970
https://doi.org/10.18632/oncotarget.5970
https://doi.org/10.1186/s12943-017-0581-3
https://doi.org/10.1186/s12943-017-0581-3
https://doi.org/10.1186/s12943-017-0581-3
https://doi.org/10.1186/s12943-017-0581-3
https://doi.org/10.18632/oncotarget.6949
https://doi.org/10.18632/oncotarget.6949
https://doi.org/10.18632/oncotarget.6949
https://doi.org/10.18632/oncotarget.6949
https://doi.org/10.12659/MSM.913944
https://doi.org/10.12659/MSM.913944
https://doi.org/10.12659/MSM.913944
https://doi.org/10.12659/MSM.913944
https://doi.org/10.1186/s12943-018-0860-7
https://doi.org/10.1186/s12943-018-0860-7
https://doi.org/10.1186/s12943-018-0860-7
https://doi.org/10.1016/j.biopha.2017.07.120
https://doi.org/10.1016/j.biopha.2017.07.120
https://doi.org/10.1016/j.biopha.2017.07.120
https://doi.org/10.1016/j.biopha.2017.07.120
https://doi.org/10.1186/s13046-015-0250-6
https://doi.org/10.1186/s13046-015-0250-6
https://doi.org/10.1186/s13046-015-0250-6
https://doi.org/10.1016/j.bbrc.2018.12.074
https://doi.org/10.1016/j.bbrc.2018.12.074
https://doi.org/10.1016/j.bbrc.2018.12.074
https://doi.org/10.1016/j.bbrc.2018.12.074
https://doi.org/10.1016/j.biopha.2017.11.055
https://doi.org/10.1016/j.biopha.2017.11.055
https://doi.org/10.1016/j.biopha.2017.11.055
http://www.ncbi.nlm.nih.gov/pubmed/30272368
http://www.ncbi.nlm.nih.gov/pubmed/30272368
http://www.ncbi.nlm.nih.gov/pubmed/30272368
http://www.ncbi.nlm.nih.gov/pubmed/30272368
https://doi.org/10.7150/jca.18852
https://doi.org/10.7150/jca.18852
https://doi.org/10.7150/jca.18852
https://doi.org/10.7150/jca.18852
https://doi.org/10.2147/CMAR.S198905
https://doi.org/10.2147/CMAR.S198905
https://doi.org/10.2147/CMAR.S198905
https://doi.org/10.2147/CMAR.S198905


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.

DNA methylation is a relatively stable epigenetic modification that can regulate and stabi-
lize gene expression patterns and hence establish cell identity. Because metabolic interme-
diates are key factors of DNA methylation and demethylation, perturbations in metabolic 
homeostasis can trigger alterations in cell-specific patterns of DNA methylation and con-
tribute to disease development, including type 2 diabetes (T2D). During the past decade, 
genome-wide DNA methylation studies of T2D have expanded our knowledge of the mo-
lecular mechanisms underlying T2D. This review summarizes case-control studies of the 
DNA methylome of T2D and discusses DNA methylation as both a cause and consequence 
of T2D. Therefore, DNA methylation has potential as a promising T2D biomarker that can 
be applied to the development of therapeutic strategies for T2D. 
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Introduction 

Type 2 diabetes (T2D) is the most common type of diabetes and is a consequence of both 
downregulated insulin secretion and increased insulin resistance. T2D prevalence is in-
creasing rapidly worldwide, and approximately 5 million people die from T2D-associated 
cardiovascular disease, cancers, and other liver and kidney diseases every year [1]. Both ge-
netic and environmental factors contribute to T2D development. Large-scale, ge-
nome-wide association studies have identified genetic loci associated with T2D; however, 
genetic risk variants explain less than 20% of T2D heritability [2-4]. Indeed, environmen-
tal factors such as diet, exercise, age, and the gut microbiome contribute to the etiology of 
T2D because these aspects can alter the epigenetic landscape that lead to changes in chro-
matin structure and gene expression [5]. Epigenetic modifications are reversible yet herita-
ble, and they do not result in an altered DNA sequence. The main epigenetic mechanisms 
are DNA methylation, histone modifications, and the action of noncoding RNAs and 
hence may mediate the effects of environmental factors on T2D. 

DNA methylation is the best-studied epigenetic mechanism, entailing the addition of a 
methyl group to cytosine—mostly in the context of CpG dinucleotides. [6]. DNA meth-
ylation can suppress gene expression by interacting with histone deacetylases or interfering 
with transcription-factor binding [7]. DNA methylation plays an important role in devel-
opment and disease because of its potential to alter gene expression. Therefore, the analy-
sis of the DNA methylome at single-base resolution is a promising means for determining 
human disease etiology [8]. In this regard, both whole-genome bisulfite sequencing and 
Infinium methylation microarrays are efficient high-throughput methods for analyzing the 
methylation status of human DNA [9]. 
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Genome-wide DNA methylation analysis has provided informa-
tion concerning T2D-associated changes in DNA methylation. 
However, it has been argued that methylation changes are simply a 
secondary event that occurs at the chromatin level during disease 
progression [10]. This review posits that DNA methylation is both 
a possible cause and consequence of T2D. The first section intro-
duces the role of metabolism in DNA methylation and the second 
section summarizes DNA methylation changes that drive T2D de-
velopment. 

Metabolism Regulates DNA Methylation 

Metabolism plays a central role in DNA methylation [11]. The 
methyl group required for DNA methylation is derived from S-ade-
nosylmethionine [12], which is synthesized through the methi-
onine cycle from several nutrients such as methionine, folate, cho-
line, betaine and vitamins B2, B6, and B12 [12]. In rats, a diet defi-
cient in S-adenosylmethionine leads to hypomethylation of liver 
DNA [13]. This dietary limitation affects not only global methyla-
tion but also the methylation of specific genes [14]. 

The rate of DNA demethylation is also affected by metabolic 
fluctuations. Demethylation is regulated by ten-eleven transloca-
tion (TET) family enzymes, which utilize the TCA cycle interme-
diate α-ketoglutarate to remove methyl groups [15]. Each of fuma-
rate and succinate acts as a competitor of α-ketoglutarate to inhibit 
TET activity [16]. Therefore, the cellular metabolic environment 
regulates the activity of enzymes involved in the balance between 
DNA methylation and demethylation (Fig. 1). 

Metabolic perturbations can lead to epigenetic changes of im-
mune cells, which may contribute to altered immune-cell function 
in metabolic diseases. Epigenomic alterations in immune cells are 
frequently observed in obesity and T2D [17]. For example, meth-
ylation of the two genes UBASH3B and TRIM3, which help regu-
late T-cell and macrophage proliferation and function, leads to im-
paired immune function in obese subjects [18]. Macrophages ex-
posed to excess saturated fatty acids in vitro were found to express 
higher levels of DNA methyltransferase (Dnmt) 3B, resulting in en-
hanced M1 polarization and adipose-tissue inflammation [19]. Al-
terations in DNA methylation accumulate during the course of im-
mune-system remodeling that occurs with metabolic disease, and 

Fig. 1. The role of metabolism in DNA methylation. DNA methyltransferases (DNMTs) catalyze the transfer of methyl group derived from 
S-adenosylmethionine (SAM), which is synthesized through the methionine cycle from several nutrients. Ten-eleven translocations (TETs) 
utilize the TCA cycle intermediate α-ketoglutarate (αKG) to remove methyl group. B2, vitamin B2; B6, vitamin B6; B12, vitamin B12; DHF, 
dihydrofolate; mTHF, 5-methyltetrahydrofolate; SAH, S-adenosylhomocysteine; THF, tetrahydrofolate.
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therefore monitoring DNA methylation changes in immune cells 
could be a useful means of detecting metabolic complications [20]. 

DNA Methylation Changes That Drive T2D 
Development 

It has been suggested that accumulated errors in DNA methylation 
lead to altered gene expression, which can affect the response to ex-
ternal stimuli and contribute to T2D development [21]. Emerging 
data show that epigenetics plays a key role in the pathogenesis of 
T2D [22-24]. Genome-wide studies have identified altered DNA 
methylation patterns in pancreatic islets, adipose tissue, liver, and 
skeletal muscle from subjects with T2D compared with tissues of 
nondiabetic controls. In this section, I describe DNA methylation 
changes that may drive T2D development. 

The pancreatic islets of Langerhans play central roles in the de-
velopment of T2D. Blood glucose level increases after a meal, 
which triggers the secretion of insulin from pancreatic islet β-cells 
into the circulation; this is a fundamental means of controlling glu-
cose homeostasis. β-cell failure impairs glucose tolerance and re-
sults in T2D [25]. Volkmar et al. [26] found that aberrantly meth-
ylated genes in T2D islets are associated with β-cell dysfunction 
and apoptosis. Genes for which DNA methylation (and therefore 
expression) is altered in human T2D islets (such as CDKN1A, 
PDE7B, and SEPT9) contribute to the perturbation of insulin and 
glucagon secretion [27]. Genome-wide analysis of DNA-methyla-
tion quantitative trait loci revealed that DNA methylation at single 
nucleotide polymorphism–CpG pairs in human islets underlies the 
observed genetic associations that affect gene expression. Function-
al studies revealed that genes such as GPX7, GSTT1, and SNX19 
directly affect β-cell proliferation and apoptosis, among other im-
portant biological processes [28]. 

Adipose tissue plays a central role in regulating whole-body ener-
gy metabolism. Adipose tissue stores energy in the form of lipids 
and acts as an endocrine organ that produces adipokines that con-
trol energy intake and energy consumption by other tissues [29]. 
In T2D, the dysregulation of normal adipose-tissue function leads 
to elevated levels of circulating lipids and increased lipid storage in 
alternative tissues such the liver, muscle, and pancreas [30]. Ge-
nome-wide DNA methylation analysis of subcutaneous adipose 
tissue of monozygotic twins discordant for T2D revealed that 
CIDEC, CDKN2B, DUSP9, HNF4A, KCNQ1, TSPAN8, and 
VGLL1 were differentially methylated between the twins [31]. You 
et al. [32] demonstrated that overexpression of Dnmt3a is both 
necessary and sufficient for insulin resistance in adipocytes derived 
from mice or humans. These researchers also found that adi-
pose-specific Dnmt3a knockout in mice protected the animals from 

diet-induced insulin resistance and glucose tolerance. They found 
that Dnmt3a mediates insulin resistance by methylating the Fgf21 
promoter; FGF21 hypermethylation was evident in human subjects 
with T2D and correlated negatively with FGF21 expression in hu-
man adipose tissue [32]. 

The liver is central for maintaining glucose homeostasis during 
both the fed and fasted states. During the fed state, insulin receptors 
on hepatocytes bind insulin, which induces glycogen synthesis/stor-
age. During fasting, glucagon binding to hepatocytes leads to gluco-
neogenesis and glucose release [33]. This balance is lost in T2D, 
however, and insulin resistance in the liver contributes to hypergly-
cemia. Genes relevant to the development of T2D, such as GRB10, 
ABCC3, MOGAT1, and PRDM16, were found to be aberrantly 
methylated in the liver of T2D patients [33]. Interestingly, most of 
the liver-specific CpG sites in T2D patients are methylated to a less-
er degree than in healthy controls. The hypomethylation found in 
the T2D liver may be explained by reduced folate levels in erythro-
cytes [33]. Kirchner et al. [34] reported decreased methylation of 
several genes controlling glucose metabolism within the ATF-motif 
regulatory site in the liver of severely obese nondiabetic and T2D 
patients, suggesting that obesity eventually leads to alterations of the 
liver epigenome, resulting in the upregulation of glycolysis and lipo-
genesis that may exacerbate insulin resistance. Metformin is the 
most common drug for treating T2D. Metformin decreases the 
DNA methylation of metformin transporter genes (SLC22A1, 
SLC22A3, and SLC47A1) in the human liver, thereby countering 
the increased methylation of these genes seen for T2D patients with 
hyperglycemia and obesity [35]. Abderrahmani et al. [36] found 
that decreased methylation and increased expression of PDGFA are 
associated with increased risk of both T2D and steatohepatitis. 

Skeletal muscle is the primary site of insulin-induced glucose up-
take and defects in skeletal-muscle metabolism contribute to insulin 
resistance [37]. Barres et al. [38] found increased methylation of 
genes involved in mitochondrial function, such as PPARγ and PGC-
1α, using whole-genome promoter methylation analysis of skeletal 
muscle from normal subjects (i.e., glucose tolerant) and T2D pa-
tients. They provided evidence suggesting that PGC-1α methylation 
controls PGC-1α expression, a finding that is consistent with the re-
duced number of mitochondria found in cells of T2D patients; this 
links DNMT3B to the acute, fatty acid–induced, non-CpG methyl-
ation of the PGC-1α promoter [39]. Alibegovic et al. [40] observed 
increased methylation of PPARGC1A for T2D patients on bed rest, 
suggesting that physical inactivity promotes the establishment and 
maintenance of epigenetic marks that may increase T2D risk [40]. 
In a study of skeletal muscle of people with a family history of T2D, 
Nitert et al. [41] found differentially methylated DNA in genes of 
certain pathways, including the mitogen-activated protein kinase 
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(MAPK), insulin, and calcium signaling pathways (e.g., MAPK1, 
MYO18B, HOXC6, and PRKAB1). Results from a DNA methyla-
tion analysis of skeletal muscle from healthy men before and after in-
sulin exposure revealed increased DAPK3 methylation, which is re-
duced in T2D patients [42]. Insulin and glucose modulate skele-
tal-muscle DAPK3 methylation reciprocally, suggesting that a feed-
back mechanism controls DAPK3 expression. [42]. Taken together, 
studies utilizing genome-wide methylation analysis of T2D patients 
as well as functional validation of target genes have identified many 
previously unknown DNA methylation changes that may promote 
T2D development. 

Aging can be described as a time-dependent decline in multiple 
biological functions, such as a decline in resting metabolism and a 
reduction in epigenome stability [43]. In humans, age-related 
changes in DNA methylation patterns have been documented in 
blood, liver, brain, skeletal muscle, adipose tissue, and pancreatic is-
lets [44]. Moreover, aging is associated with impaired pancreatic is-
let function [45] and therefore is a primary risk factor for T2D 
[46]. In general, the age of global epigenetic marks in certain genes 
correlates with upregulation of both the proinflammatory and in-
terferon pathways and downregulation of the basal transcriptional 
machinery, DNA-damage response, and mitochondrial signatures 
[47]. Given that the number of older individuals is increasing dra-

matically worldwide and that aging is the greatest risk factor for the 
majority of chronic diseases including T2D, it is critical to under-
stand the molecular-genetic basis of how aging promotes the devel-
opment of chronic diseases and to develop novel multi-disease pre-
ventative and therapeutic approaches [48]. 

Conclusion 

Dissecting the molecular mechanisms of T2D development is re-
quired for developing appropriate therapeutic strategies. Epigenome 
studies of T2D have identified T2D-specific changes in DNA meth-
ylation patterns. To determine whether such changes are drivers or 
passengers of T2D development, functional validation is needed 
[22]. In theory, driver DNA methylation changes should correlate 
with changes in the expression of T2D driver genes, and this correla-
tion could inform the development of therapeutic drugs. Although 
changes in passenger DNA methylation are a consequence of T2D 
progression, such changes could be utilized as biomarkers for pre-
dicting T2D risk after clinical validation (Fig. 2). In addition to pro-
moter regions, distal gene-regulatory elements such as enhancers 
and insulators should also be included when considering the poten-
tial impact of driver methylation changes on T2D. Analysis of long-
range chromatin interactions using chromosome conformation cap-

Fig. 2. Environmental factors contribute to type 2 diabetes (T2D) development through epigenetic mechanisms including DNA methylation. 
Changes in driver methylation lead to changes in driver gene expression. Knowledge of DNA methylation changes can inform the 
development of biomarkers for T2D and enhance the prediction of T2D risk.
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ture–based techniques could elucidate the role, if any, that DNA 
methylation changes in distal regulatory elements play in T2D. The 
contribution of methylation at specific CpG sites to T2D develop-
ment could be validated by targeted editing of DNA methylation 
sites using the CRISPR dCas9-Dnmt3a/Tet1 system [49,50]. Ow-
ing to the cellular heterogeneity of pancreatic islets, liver, and adipose 
tissue, T2D-specific DNA methylation changes may vary widely 
among different cell types. Recent advances in technologies such as 
single-cell transcriptomics and epigenomics could potentially en-
hance our knowledge of T2D development and its complications. 
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Survival analysis mainly deals with the time to event, including death, onset of disease, and 
bankruptcy. The common characteristic of survival analysis is that it contains “censored” 
data, in which the time to event cannot be completely observed, but instead represents the 
lower bound of the time to event. Only the occurrence of either time to event or censoring 
time is observed. Many traditional statistical methods have been effectively used for ana-
lyzing survival data with censored observations. However, with the development of 
high-throughput technologies for producing “omics” data, more advanced statistical meth-
ods, such as regularization, should be required to construct the predictive survival model 
with high-dimensional genomic data. Furthermore, machine learning approaches have 
been adapted for survival analysis, to fit nonlinear and complex interaction effects be-
tween predictors, and achieve more accurate prediction of individual survival probability. 
Presently, since most clinicians and medical researchers can easily assess statistical pro-
grams for analyzing survival data, a review article is helpful for understanding statistical 
methods used in survival analysis. We review traditional survival methods and regulariza-
tion methods, with various penalty functions, for the analysis of high-dimensional genom-
ics, and describe machine learning techniques that have been adapted to survival analysis. 
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Introduction 

Survival analysis arises in many applied fields such as medicine, biology, engineering, epi-
demiology and economics. Survival time is defined as a time to event of interest such as 
death, relapse of disease, unemployment and completion of a task. The main characteris-
tic of survival time is that it is censored due to the end of study or withdrawal during the 
period of study because we cannot follow-up the exact survival time for those who are 
still alive at the end of the study, or who are lost to follow-up during the period of study. 
However, it is known that the survival time of censored individuals is at least longer than 
the censoring time. There are many different types of censoring such as right-, left-, and 
interval-censoring. The most popular censoring mechanisms are right censoring, in 
which the lower limit of the exact survival time is observed, while the upper limit is ob-
served for left censoring, and both lower and upper limits are used for interval-censoring. 
More details about censoring mechanism are described [1,2]. 

Many statistical methods have been developed for estimating survival functions, com-
paring survival curves between two groups, and modeling the survival data by regression, 
for association with risk factors, such as demographic and clinical predictors. In survival 
analysis, nonparametric statistical inference is more extensively used to estimate the sur-
vival function, and compare survival curves between two or more groups. For example, 
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both the Kaplan-Meier (KM) estimator [3], for a survivor func-
tion, and a log-rank test [4], for comparison of survivor functions, 
are derived by a nonparametric approach. However, if the appro-
priate distribution for survival data is assumed or pre-specified, the 
parametric approach is more appropriate. When the association of 
survival time with various risk factors is the main interest, the most 
popular model is a Cox regression [5], based on a semiparametric 
approach, since the effect of predictors on the hazard rate is para-
metrically specified, while the baseline hazard function is unspeci-
fied. A variety of parametric approaches are also available under 
the assumed survival distributions, such as an accelerated failure 
time (AFT) model. Overall, all survival analysis approaches 
should take into account a censoring mechanism, when a statistical 
inference is made [1,2]. 

In the early 21st century, DNA microarrays for characterizing 
gene expression patterns have been used to more distinctly classify 
diseases, including cancer subtypes [6,7]. For example, diffuse 
large B-cell lymphoma (DLBCL) is regarded as a clinically hetero-
geneous disease, in which 40% of patients respond well to current 
therapy, having prolonged survival, with the remaining 60% being 
mostly unresponsive, with low survival rates [7]. It was further 
found that DLBCL survival rates differ significantly between ger-
minal center B-like DLBCL and activated B-cell DLBCL. As a re-
sult, genome-scale views of gene expression provide a new ap-
proach for identifying and classifying cancers more clearly, by 
comparing gene-specific survival curves. Since the amount of gene 
expression data is extraordinarily large, relative to sample sizes, sig-
nificance difference testing of gene expression levels between nor-
mal and cancer patients, for a single gene, yields multiple testing 
problems. Early on, Bonferroni correction was applied to address 
the multiple testing problem in most cases, but only a few, among 
thousands, of genes were detected, due to extremely conservative 
Bonferroni correction [8]. Alternatively, the false discovery rate 
[9] was proposed to adjust for multiple testing, using criteria that 
was less conservative than Bonferroni correction. Such large 
amounts of genomic data yielded the problem of “curse of dimen-
sionality,” due to the dimensionality of microarrays being much 
larger than the sample sizes (p >> n), unlike traditional (“pre-ge-
nomic era”) cases (p << n). This translated the analysis of gene ex-
pression data into regression modeling, as related to a variable se-
lection problem in the fields of statistics and bioinformatics. In the 
frame of the regression model, many penalized functions have 
been proposed to fit high-dimensional genomic data, such as lasso 
[10], ridge [11], and elastic-net [12]. 

The human genome was determined to possess a sequence of 3 
billion nucleotides, as determined by Human Genome Project in 
2003 [13]. With the development of high-throughput technolo-

gies, such as microarrays, single nucleotide polymorphism arrays, 
proteomics and RNA sequencing (RNA-seq), biological data col-
lected from the same individual is referred to as ‘omics’ data. Infor-
mation from omics data can be used as diagnostic markers, by 
physicians, to predict the health status of individual patients, and 
the accruement of such data will progressively increase in the fu-
ture. Based on these considerations, it is very important to precise-
ly identify significant disease biomarkers from such huge amounts 
of complex omics data. Machine learning (ML) techniques are 
widely used to model nonlinear and complicated gene-to-gene in-
teractions, and improve predictability, in various practical do-
mains. For survival analysis, ML methods have been adapted to ef-
fectively handle censored information, and accurately construct 
prediction models, using high-dimensional data. 

Since many clinicians can easily assess statistical programs such 
as SAS, SPSS, and R for analyzing survival data, a review article is 
helpful for understanding statistical methods used in survival analy-
sis. We will briefly review the basic concepts and theories in survival 
analysis by explaining a KM estimator for the survival function, a 
log-rank test for comparing two-sample survival curves, and a Cox 
model for studying association with risk factors. Then the most 
widely used regularization methods will be described for high-di-
mensional genomic data analysis. Finally, a comprehensive review 
of omics ML methods will be given, with a short conclusion.  

Traditional Survival Methods  

Basic functions 
Three functions are used to characterize the distribution of sur-
vival time, namely, the survival function, hazard function, and 
probability density function [1,2]. Let T be a non-negative ran-
dom variable representing the survival time, and let f(t) and F(t) 
be the probabilities of density function and cumulative distribu-
tion function of T, respectively. Then, the survival function, S(t), 
the hazard function, h(t), and the cumulative hazard function, 
H(t) are specified as: 

In addition, the following relationship is easily derived, and if 
any one of these functions is known, then the other functions can 
be uniquely determined.
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In survival analysis, h(t) is more useful than f(t) in estimating 
S(t), because it is the conditional probability of experiencing a spe-
cific event instantaneously, given that the survival remains up to 
that time. It also uses information from the censored observations 
by considering the conditional probability that they are survived 
up to that time, through censoring. 

KM estimator 
For estimating the survival function, the KM [3] estimator has 
been most widely used in many clinical studies. The KM estimator 
is a nonparametric estimator, in the sense that no assumption for 
the survival distribution is needed, and uses the conditional prob-
abilities at each distinct death time, given those subjects at risk just 
prior to that time, which include all the information about both 
death and censoring. 

Let T and C be the survival and censoring times, respectively. 
Then, the observed time is defined as                               and an indi-
cator for uncensored observation is δ = I(T ≤ C). The survival data 
are represented as (    i , δi ), i = 1, … , n. Let 0 =  t0 <  t1 <  t2 < … <   
td(d ≤ n) be the ordered distinct death times. Let di be the number 
of deaths at time ti and let Yi be the number of subjects at risk at 
time ti-, which only counts the subjects still surviving to just prior 
to time ti. Suppose that pi denotes the conditional probability that 
a death occurs at time ti, given those still alive just prior to ti. Then 
the estimate of pi is given as               , and the estimator for the con-
ditional survival probability is                              . Using the condition-
al survival probability, the survival function at time ti can be repre-
sented as follows:

From this, the KM estimator is given as                                  , 
which is the sequential product of the reverse hazard function, 
which is easily estimated by       , at each distinct death time. Unlike 
the complete data, the KM estimator is obtained as the product of 
the reverse hazard rates, by taking proper account of censoring into 
the risk set, Yi. Many results about the properties of the KM esti-
mator have been studied, relating to its asymptotic distribution, 
self-consistency, and efficiency [14,15]. 

Log-rank test 
For clinical trials, it is common to assess the efficacy of a new drug 
or treatment compared to a placebo group. If the response variable 
is completely observed, either a t-test or Wilcoxon test is most suit-
able to solve this two-sample testing problem. However, neither of 
these is suitable for censored survival data. A log-rank test was 
originally proposed for one-sample problems [16], but was easily 

extended to the nonparametric two-sample comparisons of cen-
sored data [4,17]. The main idea of the log-rank test is to sum up 
the difference between the observed and expected number of 
deaths, across a time duration, and standardize it by its standard 
deviation. The expected number of deaths is calculated under the 
null hypothesis of equal survival function. The asymptotic distri-
bution of the log-rank test is derived from the conditional distribu-
tion of the occurrence of a death, given that an individual survives 
just prior to each observed time. Under the null hypothesis of 
equal survival functions, this conditional distribution of the occur-
rence of a death is hypergeometric, and its expectation and vari-
ance are easily derived. To calculate the log-rank test, consider a 2 
× 2 table at each distinct death time ti (Table 1 ).  

Here, di and Yi denote the number of deaths and individuals at 
risk at time ti, respectively, and dji and Yji, (j = 1,2) denote the num-
ber of deaths and individuals at risk for the corresponding group, 
respectively. Then, the conditional distribution of d1i, given Yi, is 
hypergeometric, under the null hypothesis of equal survival func-
tions. The log-rank test is then given as follows:  

where d is the total number of distinct deaths from the two 
groups. Assuming the independence of d1i across times, it is known 
that the log-rank test has an asymptotic chi-square distribution, 
with one degree of freedom, under the null hypothesis. As shown 
in the equation above, the log-rank test is powerful when the two 
hazard rates are proportional across times, since it takes the sum of 
the differences between the observed and expected number of 
events. However, if the two hazard rates cross or are not propor-
tional, the log-rank test yields lower power and other tests, such as 
Kolmogorov-Smirnov, Cramer-von Mises type tests, or median 
tests, are preferred [18-20]. 

Cox regression model 
Most statistical methods of survival analysis have focused on find-
ing risk factors among many possible demographic, environmen-
tal, and clinical variables, and predicting the survival probability of 
the patient with a certain disease. For censored survival data, a Cox 

1- =1-

)

Table 1. 2×2 table at time ti for calculating the log-rank test statistic

Group Dead Alive Risk set
Treatment d1i Y1i-d1i Y1i

Placebo d2i Y2i-d2i Y2i

Total di Yi-di Yi

1-

i=1

d

-
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regression model [5] has been most widely used to study the asso-
ciation of risk factors with survival time, in much of clinical and 
biomedical research. It was proposed, on the basis of the hazard 
rates, as follows: h(t│X) =  h0 = (t)exp(xβ)

Here, X represents the vector of risk predictors, and h(t│X) is 
the hazard function with covariate X, while h0(t) is a baseline haz-
ard function with X = 0. By dividing both sides by the baseline haz-
ard function and taking the logarithm, the Cox model can be re-
written as the following linear regression model: log                           

Then, the regression coefficient, β, can be interpreted as the rel-
ative hazard rate between two individuals as one unit of X changes. 
For example, if X = 1, for the treatment group, and X = 0, for the 
placebo group, the hazard rate of those who take treatment is β 
times those in the placebo group. For β < 0, the treatment is con-
sidered beneficial, whereas for β > 0, it is considered deleterious. 

For the estimation of β, the partial likelihood function of a Cox 
model was proposed [21], in which only β is involved in both 
score function and Fisher information, while the unspecified base-
line hazard function is not considered. In other words, the statisti-
cal inference for β is made on the basis of the partial likelihood, re-
gardless of the baseline hazard function. Only when one is interest-
ed in estimating the survival function from a Cox model, should 
we consider the estimation of the baseline hazard function, which 
is described by a Breslow’s estimator [16]. 

Since the log ratio of two hazard rates does not depend on time, 
as shown by the equation above, this derivation is known as a pro-
portional hazards (PH) model. This proportionality between haz-
ard functions is a strong assumption in real-life situations and re-
quires evaluation by a goodness-of-fit test. However, since the Cox 
model is a fundamental basis for association studies in survival 
analysis, it has been further generalized to the stratified Cox model 
and the time-dependent Cox model, in which the proportionality 
assumption is not valid. 

On the other hand, an AFT regression model is also widely used 
to fit the relationship between survival time and risk factors, in 
which the log survival time is specified as linear combinations of 
risk factors, with error random variable. According to the distribu-
tion of the error random variable, the parameters of the AFT mod-
el are estimated by maximum likelihood methods [1]. Compared 
to the parametric AFT model, the Cox model is considered semi-
parametric, as it consists of the baseline hazard function and eXβ, in 
which no specific distribution is assumed for h0(t). The effect of 
the regression coefficient of a Cox model is interpreted as the rela-
tive hazard rate of the corresponding risk factors, whereas the ef-
fect of the regression coefficient of an AFT model is interpreted as 
an accelerated factor of the survival time. Other types of regression 

models include Aalen’s additive model [22], and partly parametric, 
additive risk models [23]. 

Regularization Methods for Analyzing 
Genomic Data 

Penalized Cox models 
Since microarray data is used in association studies with survival 
time, a number of studies have been published regarding solutions 
to high-dimensional problems, in which there are too few observa-
tions for too many variables. To identify significant disease-associ-
ated genes, single-gene approaches were applied to circumvent the 
high-dimensional problem with adjustment of multiple testing 
problem. However, there remain limitations to the single-gene ap-
proach, because it is too simple to explain complex associations 
between genes, environments, and diseases. 

For processing high-dimensional genomic data, one solution is 
to regularize selection of significant variables, via penalized mod-
els. Such regularization may rely on an assumption of sparsity, i.e., 
that only a few genes have significant effects on diseases, among 
thousands of genes [24]. With a Cox regression model, a variety of 
penalized models have been proposed, including lasso-Cox, ridge-
Cox, and elastic-net Cox [10-12] to maximize the partial likeli-
hood under the different penalty functions. The estimates  ^ for 
the regression parameters, of the three models, are obtained by 
minimizing the negative partial log-likelihood function, subject to 
penalties, as follows: 

Here δi is an indicator for the uncensored observation, and λ is 
called a “tuning parameter” that controls the degree of regulariza-
tion. When λ = 0, there is no regularization, whereas when λ→∞, 
the coefficients tend to be more regularized. As shown above, the 
lasso imposes a L1- penalty on the regression coefficients, the ridge 
imposes a L2- penalty, and the elastic-net model combines the two 
penalties. In general, the lasso performs well in selecting significant 
genes, among many thousands, but tends to select only one gene 
from any specific group of genes, and does not care which one is 
selected when pairwise correlations, between genes, are very high. 
Furthermore, for the case of p≫n, the lasso selects at most n vari-
ables, due to the nature of the convex optimization problem. On 
the other hand, the ridge method, originally proposed to solve 

h(t│X)
h0(t) =Xβ.

Xib -log i=1

n{ cc exp (( Xib)) +m kk=1

p{ 2

Xib -log i=1

n{ cc exp (( Xib)) +m kk=1
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b
^

EN
X ib -log i=1
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multicollinearity between predictors, is not appropriate for the 
variable selection problem. Thus, when the correlation between 
genes is more of interest rather than variable selection, the ridge 
penalty is more appropriate. The elastic-net method takes the 
weighted penalties of both lasso and ridge and performs better 
than the other two methods, in the sense that it selects more vari-
ables than n, even in the instance of p≫n cases, and considers cor-
relations between genes. For example, it was shown in analysis of 
prostate cancer patient data that the elastic-net model had the 
smaller test error, with the same number of variables as the lasso 
[12]. Subsequently, other various modifications relating to regu-
larization have been proposed, such as adaptive lasso-Cox [25], 
fused lasso [26]. and least angle regression elastic net [27]. 

ML Methods for Analyzing Censored Survival 
Data 

Recently, ML techniques have been rapidly adapted to a variety of 
fields, for automatically analyzing huge amounts of data. The ba-
sic concept of ML is to make the computer “learn” from repeated 
input data, and recognize hard-to-discern patterns from large, 
noisy, or complex data. This ML approach is well-suited to con-
struct a predicted model when there are both nonlinear and com-
plex interactions, among several features. Thus, ML has been 
widely applied to cancer prognosis and prediction, for medical 
applications. Predicted survival rates are particularly interesting, 
as they are part of a growing trend toward personalized medicine. 

Although ML techniques have been developed and applied to 
artificial intelligence and data mining [28], these methods have 
also been translated into statistical ML and rapidly adapted to 
many disciplines related to statistical problems [29]. Subsequent-
ly, many good textbooks and website lectures for ML techniques 
have been disseminated [30,31], allowing many researchers to 
understand the fundamental theories and methods of statistical 
ML, as well as easily accessible (e.g., “open source”) programs. 

Many types of ML systems exist, depending on whether they 
are trained with human supervision, such as supervised, unsuper-
vised, semi-supervised, and reinforcement learning. Among 
those, the most interesting one is supervised learning, whose 
main task is classification, and predicting a target variable such as 
survival time. In this review, we will focus on the following ML 
techniques that are adapted to survival data: survival trees, sup-
port vector machines (SVMs), and ensemble methods such as 
bagging survival trees, random survival forests, Cox boosting, and 
artificial neural networks (ANNs). 

Survival trees 
Decision trees have been useful for the classification and predic-
tion of a wide range of applications, because it requires few statisti-
cal assumptions, readily handles various data structures, and pro-
vides easy and meaningful interpretation. Several studies on the 
practical and theoretical aspects of tree-based methods were devel-
oped, and the classification and regression tree (CART) software 
program has made tree-based methods popular, applied statistical 
tools [32]. Regression trees construct an optimal decision tree, by 
partitioning a set of predictors to accurately predict a dichotomous 
outcome. For example, clinicians are often interested in classifying 
small numbers of groups of patients with differing prognostics. 

Survival trees were first proposed by adapting most of the 
CART paradigm for analyzing censored survival data by minimiz-
ing the within-node variabilities in survival time. Alternatively, the 
other approach for survival tree construction has been developed 
by maximizing the difference in survival between “child nodes,” as 
measured by two-sample test statistics, such as a log-rank [33,34]. 

The components of the survival tree algorithm consist of rules 
for growing the tree, pruning the tree, and choosing a tree of the 
appropriate size. The most common rule for growing and pruning 
a tree is a log-rank test, which tests for dissimilarity in survival be-
tween two groups. More properties for measures of splitting have 
been studied in detail [33,34]. Once the tree has been split recur-
sively to pre-specifying nodes, the optimally pruned subtrees are 
found by using a measure of the tree’s performance, such as a 
split-complexity measure. Finally, the optimal tree size is selected 
by resampling or permutation procedures. The software for sur-
vival tree analysis is available at (https://CRAN.R-project.org/
package = rpart). 

Recently, survival trees have been constructed for analyzing 
multivariate survival time data, when the subjects under study are 
either naturally clustered or experience multiple events (namely, 
recurrent times) [35]. A multivariate survival tree constitutes a 
modified CART procedure, to model the correlated survival data 
by using a splitting statistic to handle the dependence between 
survival times. There are two main approaches for analyzing mul-
tivariate survival times; the marginal approach and the frailty mod-
el approach. The marginal approach uses a robust log-rank statis-
tic, while the frailty model approach is based on either the semi-
parametric gamma [36] or parametric exponential frailty models 
[37], which lessen the computational burden. The multivariate 
survival tree can be implemented via (https://CRAN.R-project.
org/package = MST). 

Support vector machines 
SVMs are powerful ML methods, capable of performing linear or 
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nonlinear classification, regression, and outlier detection. SVMs 
were first proposed for binary classification problems, and then 
subsequently extended to regression, clustering, and survival anal-
ysis. The main idea of SVMs is to maximize the margin between 
two classes and find a separating hyperplane that minimizes mis-
classification. The separating SVM hyperplane not only separates 
the two group classes, but also stays as far away from the close ob-
servations possible. The observations located on the edge of the 
separating hyperplane are known as the support vectors that fully 
determine the classification. 

Although linear SVM classifiers are efficient and perform well in 
many cases, high-dimensional datasets are often not separated by a 
linear SVM classifier. To handle both nonlinear and high-dimen-
sional datasets, the SVM classifier uses a high-dimensional kernel 
function to make the original dataset linearly separable. SVMs 
were subsequently extended to regression and censored survival 
data. By considering the penalty for censored observations, the 
SVM method for regression of censored data (namely, SVCR) was 
proposed [38], and shown to have superior performance. When 
SVCR is compared to the classical parametric models, for several 
survival analysis datasets, it has lower value of the average absolute 
errors, and has a computational run time that is favorable to other 
methods. 

The support vector regression for censored data (SVRc) was 
subsequently proposed to take into account an asymmetric penal-
ty (or loss function) for censored and non-censored data. In terms 
of the concordance index and the hazard ratio, SVRc performed 
better than the Cox PH model in five real-life survival analysis 
datasets [39]. The software for survival SVMs is available at 
https://CRAN.R-project.org/web/packages/survivalsvm/. 

Ensemble methods 
Ensemble methods are based on the wisdom of “the crowd,” i.e., a 
new classifier produced by aggregating or voting from a group of 
classifiers. For example, a group of decision tree classifiers can be 
produced from different random subsets of a training set. To make 
a prediction, we may obtain predictions of all the individual deci-
sion tree classifiers, and then predict the class with the most votes. 
Multiple classifiers often predict better than individual classifiers, 
and appropriately weigh several classifiers, to improve predictabili-
ty. In this section, we briefly review three ensemble methods: bag-
ging survival trees, random survival forests, and Cox boosting. 

Bagging survival trees 
The terminology of bagging stands for “bootstrap aggregating,” 
and the random sampling from a training set is performed repeat-
edly, with replacement known as B bootstrap samples. We then 

obtain a set of survival trees, based on B bootstrap samples, and 
define a new predictor by aggregating all predictors from a set of 
survival trees. In general, the new predictor can be a statistical 
mode for classification or an average for regression problem. It is 
known that the ensemble predictor reduces both bias and variance, 
compared to a single predictor. 

For censored survival data, the averaged point predictor, such as 
the mean or median survival time, is of minor interest, compared 
to the predicted conditional survival probability of a new observa-
tion. Based on the bagging survival trees, one single KM curve is 
calculated from the observations identified by the “leaves” of B 
bootstrap survival trees [40]. Although the predicted survival 
probabilities aggregated from multiple survival trees are not easily 
interpreted, they are based on similar observations, classified by 
repetition of learning samples, in the aggregated set. We also note 
that the bagging survival trees depend on both the number of 
bootstrap samples and the size of multiple trees. As usually shown 
in ensemble methods, bagging survival trees results in a condition-
al survival probability prediction that is better than a single surviv-
al tree, in terms of the mean integrated squared errors, even when 
the censoring proportion is 50%. The software for using bagging 
survival trees is available at (https://CRAN.R-project.org/web/
packages/ipred/).  

Random survival forests  
Like bagging survival trees, the random survival forest is based on 
random bootstrap samples from a training set, but also allows extra 
randomness when growing trees. Instead of searching for the same 
set of variables when splitting a node, random survival forests 
search for the best variables among a random subset of variables, 
and these variables are used to split the node by maximizing the 
log-rank statistic. Similar to the classification and regression prob-
lems, random survival forests are an ensemble learner formed by 
averaging a number of base learners. In survival settings, the 
base-learner is a survival tree, and the ensemble is a cumulative haz-
ard function formed by averaging individual tree’s Nelson-Aalen’s 
cumulative hazard function [41]. 

When implementing random survival forests, a primary interest 
is how to select a random subset of variables as candidates for split-
ting a node. The traditional variable selection in random forests is 
based on the variable importance (VIMP), a measurement of the 
increase (or decrease) in prediction error, for the forest ensemble, 
when a variable is randomly ‘noised up’. However, VIMP is based 
on the prediction error, and varies considerably, depending on the 
data with a high- dimensional problem. Alternatively, as described 
in Ishwaran et al.’s study [41], the minimal depth is introduced as a 
new high-dimensional variable selection measure, which assesses 
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the degree of prediction of a variable by its depth, relative to the root 
node of a tree. In a single decision tree, important variables are likely 
to appear closer to a root of the tree, while unimportant variables are 
often closer to leaves. Thus, the variable’s importance can be estimat-
ed by the average depth, at which it appears across all trees in the for-
est. A smaller value of the minimal depth corresponds to a more pre-
dictive variable, and the effective way of using the minimal depth is 
well demonstrated as a high-dimensional survival problem. The 
software for using random survival forests is at https://CRAN.
R-project.org/web/packages/randomSurvivalForest/. 

Cox boosting 
Boosting was originally based on combining multiple weak learn-
ers into one strong learner, as proposed in the ML community, es-
pecially for classification problems [42]. As a useful ensemble, 
boosting has been successfully translated into the field of statistics 
[43], and extended to statistical problems such as regression and 
survival analysis. 

The main idea of boosting is to update the predictors sequen-
tially, which at each iteration, fit a weak predictor of the previous 
version of the data, as updated by minimizing a pre-specified loss 
function. The obtained value provides a small contribution used 
to update a new predictor, and all contributions result in a final 
predictor. Unlike bagging and random survival forests, boosting is 
a sequential learning technique, implying that it cannot be paral-
lelized. Historically, the AdaBoost method was first proposed [42], 
which sequentially adds new predictors to an ensemble, by boost-
ing the misclassified cases and reweighting all the cases, at every it-
eration. This addition stops when the desired number of predic-
tors is reached, or when a perfect predictor is found. On the other 
hand, Gradient Boosting creates a new predictor based on the re-
sidual errors made by the previous predictor, and the small amount 
of updating is added sequentially, to improve prediction. For cop-
ing with the problem of analyzing high-dimensional data, compo-
nent-wise boosting has also been adapted to survival analysis. 

In survival analysis, most boosting methods have focused on the 
Cox model, by using gradient boosting, with a loss function de-
rived from the Cox partial likelihood function, as used in the pop-
ular R-packages mboost and CoxBoost [44]. Both mboost and Cox-
Boost are based on gradient boosting, but differ in the sense that 
mboost is an adaptation of model-based boosting, whereas Cox-
Boost adapts likelihood-based boosting. The mboost algorithm 
computes the direction in which the slope of the partial log-likeli-
hood is steeper, and then estimates an updated parameter, by mini-
mizing the residual sum of squares of the multivariate regression 
model, with shrinking of the penalized parameter. This procedure 
is iteratively performed until the stopping criterion is met. On the 

other hand, the CoxBoost algorithm uses a negative L2- norm pe-
nalized partial log-likelihood, and updates the estimates of the pa-
rameter by maximizing this penalized partial log-likelihood, with a 
tuning penalty. 

Furthermore, to improve the Cox model’s prediction, an off-
set-based boosting approach was adapted to allow for a flexible 
penalty structure, including unpenalized mandatory variables, 
when clinical covariates should be included with high-dimensional 
omics data [45]. Combining clinical and microarray information 
improves the predictive performance of the Cox model, compared 
to a microarray-only model. 

There are two main parameters to be considered in a boosting 
procedure: the first controls the weakness of the estimators, known 
as a penalty or boosting step. The other parameter specifies how 
many boosting iterations should be performed, which is related to 
avoiding overfitting, and in component-wise boosting, controls the 
sparsity of the model. Beside these, other approaches to survival 
analysis include L2 boosting [46], using inverse probability of cen-
soring weighting, and the boosted AFT model [47]. Recently, a 
new boosting method for nonparametric hazard estimation was 
proposed, when time-dependent covariates are present [48]. 

Artificial neural networks 
For specific detection and prediction of breast cancer risk, several 
ANN models have been developed over the last few decades 
[49,50]. Although the ANN method has been long applied to can-
cer prognosis and prediction, it has some drawbacks in that it can-
not be intuitively interpreted, unlike the decision tree. However, 
with the development of computing techniques and the genera-
tion of large amounts of omics data, ANN is becoming more wide-
ly used, and can also be extended to deep neural networks. 

In review of the literature, the ANN method was first applied to 
survival analysis [51], for modeling prostate cancer survival data 
with only four clinical predictors. Subsequently, many other re-
searchers implemented ANN methods to predict patient survival, 
using high-dimensional microarray expression data [52,53]. 

Recently, a neural network extension of the Cox regression mod-
el, “Cox-nnet,” was proposed to predict patient prognosis from 
high-throughput transcriptomics data [54]. Cox-nnet is composed 
of one hidden layer, and the output layer is used to construct the 
Cox regression model, based on the activation levels of the hidden 
layer. In Cox-nnet, high-dimensional genomic data is optimized by 
dropout regularization, and the model is trained by minimizing the 
partial log-likelihood, using back-propagation. Furthermore, Cox-
nnet reveals more information about relevant genes and pathways, 
by computing feature importance scores from the Cox regression 
model. The advantage of Cox-nnet is that it overcomes the weak-
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nesses of the ANN model, which is regarded to be a “black box,” 
with a lack of interpretable relationships between the hidden layers 
and the outcome variable. The code for Cox-nnet is available at 
http://github.com/lanagamire/cox-nnet. 

On the other hand, neural network techniques have been devel-
oped to overcome the PH assumption of the Cox model, to allow 
more general relationships between survival time and high-dimen-
sional omics data. For example, the multi-task logistic regression 
model was developed [55], in which a series of logistic regression 
models were fitted on different time intervals to estimate the sur-
vival function, without any of the aforementioned assumptions. 
However, this multi-task logistic regression model only involved 
linear relationships. Consequently, a neural multi-task logistic re-
gression model was proposed by involving a deep learning archi-
tecture to fit nonlinear dependencies [56]. For implementation of 
this model, the open-source libraries TensorFlow and Keras [31] 
may be used, with many state-of-the-art techniques of deep neural 
network methods, including initialization, optimization, activation 
functions, and miscellaneous operations such as batch normaliza-
tion and dropout regularization. Overall, a deep neural network 
approach would be more useful to cover nonlinear and complex 
dependencies between survival time and high-dimensional omics 
data, without relying on Cox PH  assumptions. However, many is-
sues remain, regarding the choice of schemes and hyper-parame-
ters, which still may yield many possible combinations for fitting 
the target output. 

Analysis of a Real Data Set 

In order to illustrate three different types of methods reviewed, we 
applied these methods to a real dataset from The Cancer Genome 
Atlas (TCGA) Genome Data Commons (GDC) portal (https://
portal.gdc.cancer.gov) [57]. This real dataset consists of 125 pancre-
atic ductal adenocarcinoma (PDAC) with the RNA-seq and clinical 
information. For the RNA-seq data, an Illumina HiSeq instrument 
(San Diego, CA, USA) was used for mRNA profiling. In the sample 
selection procedure, non-PDAC samples were removed and samples 
with a survival time less than 3 months were removed, since the 
cause of death may not be due to PDAC. As a result, we analyzed 
124 PDAC patients, among which there were 61 female and 63 male 
patients. The median survival time was 598 days, and the censoring 
proportion was 41%. The average and standard deviation of age was 
64.56 years and 10.91 years, respectively. 

We applied the preprocessing procedure to RNA-seq data of 
56,716 genes annotated. The relative log expression (RLE) nor-
malization method was adopted to control the gene length bias. 
The RLE method was implemented in R package (v3.5) 

“DESeq2” (v1.22.2) [58]. After RLE normalization, the genes 
with zero proportion larger than 80% were filtered out [59] and 
the number of remaining genes was 37,406. In addition, we fitted a 
Cox model with a single clinical variable and selected only 11 vari-
ables among 40 variables, in which 10 variables have the significant 
p-value less than 0.1 and a variable of sex is included with p-value 
of 0.312 as shown in Table 2. 

First, we applied the traditional method by fitting a Cox model 
with eleven clinical variables, in which five clinical variables were 
selected by 3-fold cross validation as shown in Fig. 1. Secondly, we 
applied the penalization method by using lasso and elastic-net 
penalties with 37,406 RNA-seq data. For the lasso penalization, 
eight genes were selected whereas eleven genes were selected for 
the elastic-net penalization. Thirdly, we applied ML methods such 
as SVMs, random survival forest and Cox boosting with five clini-
cal variables and the selected eight or eleven genes depending on 
either lasso or elastic-net, respectively. The C-index [60] is used to 
evaluate the prediction of each method and presented in Table 3. 

As shown in Tables 3 and 4, the prediction models considering 
both clinical and gene variables have the larger C-index than those 
with either clinical or gene information. Especially when only gene 
information is considered, the value of C-index is lower than the 
model with only clinical variables. When comparing two penalties 
of lasso and elastic-net, the gene variables from the lasso penalty 
seem to be more informative on the prediction of the survival time 
than those from the elastic-net penalty. When comparing the four 
methods of Cox model, SVMs, random survival forest and Cox 
boosting, both the Cox model and Cox boosting have almost iden-
tical C-index values and perform better than SVMs and random 
survival forest. The SVMs seem to be sensitive to the choice of the 
penalty function whereas the random survival forest tends to be 
robust. From this result, the lasso penalty yields better prediction 

Table 2. Result of univariate Cox model for clinical variables

Clinical variable p-valuea

Age at initial pathologic diagnosis 0.103
Maximum tumor dimension 0.001
Sex 0.312
Anatomic neoplasm subdivision 0.017
Surgery performed type <0.001
Residual tumor 0.108
T stage 0.096
N stage 0.053
Radiation therapy 0.004
Postoperative rx tx <0.001
Person neoplasm cancer status <0.001

ap-value from a univariate Cox model.
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the best prediction for all methods. Instead, many possible meth-
ods should be applied to a real data with several penalties to give 
the best prediction. 

Conclusion 

In this article, we reviewed statistical methods for survival analysis, 
focusing on the adaption of traditional methods, regularizations, 
and ML. We introduced how a KM estimator can determine a sur-
vival function, how the log-rank test can compare two survival 
curves, and use of the Cox regression model. Though there are 
many other estimators, tests, and models available for survival 
analysis, the abovementioned methods are the most popularly ap-
plied, and the Cox model in particular, is widely adapted for regu-
larization and ML techniques.  

With development of high-throughput biological data acquisi-
tion, a variety of high-dimensional omics data has rapidly accumu-
lated, allowing for more personalized information used for detec-
tion, and prediction of survival probability. Presently, many ML 
techniques have increasingly been combined with traditional sur-
vival methods, and regularization approaches, to provide more ac-
curate diagnosis and prognostic decision-making, in clinical prac-
tice (i.e., “precision medicine”). We also briefly reviewed more 
useful and applicable ML techniques such as survival trees, SVMs, 

Fig. 1. Clinical variable selection scheme.

Table 3. Comparison of C-index of using clinical and lasso gene 
variables

Method
C-index

Clinical Lasso genes Clinical + Genes
Cox model 0.75 ±  0.06 0.60 ±  0.14 0.84 ±  0.03
SVM 0.65 ±  0.12 0.50 ±  0.03 0.74 ±  0.07
RSF 0.73 ±  0.11 0.56 ±  0.08 0.78 ±  0.08
Cox boosting 0.75 ±  0.06 0.60 ±  0.13 0.84 ±  0.03

Values are presented as mean ± standard deviation.
SVM, support vector machine; RSF, random survival forest.

Table 4. Comparison of C-index using clinical and elastic net gene 
variables

Method
C-index

Clinical E-N gene Clinical + Genes
Cox model 0.75 ±  0.06 0.64 ±  0.09 0.79 ±  0.07
SVM 0.65 ±  0.12 0.54 ±  0.14 0.64 ±  0.16
RSF 0.73 ±  0.11 0.61 ±  0.07 0.77 ±  0.08
Cox boosting 0.75 ±  0.06 0.64 ±  0.09 0.80 ±  0.05

Values are presented as mean ± standard deviation.
SVM, support vector machine; RSF, random survival forest.

with less gene variables than the elastic-net penalty. However, it is 
not possible to find out the optimal penalty which always yields to 
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bagging, random survival forests, Cox boosting, and ANNs. Espe-
cially, ANNs are more powerful when the relationship between 
covariates and the outcomes are not linearly correlated and do not 
restrict any specific functional relationship between covariates and 
outcomes. By allowing more hidden layers and a variety of flexible 
open-source deep learning techniques, ANNs are increasingly 
used for detection and prediction, in biomedical fields. 

As described in this article, the classical statistical methods in 
survival analysis have been well adapted to the ML techniques, to 
improve survival predictability. This trend will continue to be sub-
stantially expanded, in conjunction with deep learning techniques, 
which are now explosively utilized in many domains (including ar-
tificial intelligence). 
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Isolation-with-migration (IM) models have become popular for explaining population diver-
gence in the presence of migrations. Bayesian methods are commonly used to estimate IM 
models, but they are limited to small data analysis or simple model inference. Recently three 
methods, IMa3, MIST, and AIM, resolved these limitations. Here, we describe the major prob-
lems addressed by these three software and compare differences among their inference 
methods, despite their use of the same standard likelihood function. 

Keywords: bayesian analysis, coalescent theory, gene flow, isolation-with-migration model, 
phylogeny 

Recent advances in Bayesian inference 
of isolation-with-migration models 
Yujin Chung* 

Department of Applied Statistics, Kyonggi University, Suwon 16227, Korea

Introduction 

Divergence between populations and species has been a major interest in population ge-
netics and evolution. Estimating divergence from genetic data is difficult because of con-
flicting evolutionary processes. Genetic drift elevates divergence between populations or 
between species, while gene flow can remove signals of divergence [1]. An isola-
tion-with-migration (IM) model is a widely used demographic model describing the two 
conflicting signals. A typical 2-population IM model with six parameters (Fig. 1) depicts 
two populations (sizes θ1 and θ2, respectively) that arise from a single ancestral population 
(size θa) at time TS in the past, while the two populations may exchange migrants at rates 
m1 and m2 ([1-3] for notations). Both population sizes and migration rates are assumed to 
be constant over time [4]. 

The challenges of inferring isolation models (with no migrations) and even phylogeny 
have been addressed by using a multispecies coalescent framework [5-11]. However, ig-
noring migrations can result in a biased estimation of splitting times of populations/spe-
cies and may lead to a wrong phylogenetic tree estimation [12-16]. Efforts to distinguish 
between isolation and migration began about 20 years ago, and many methods have em-
ployed a Markov chain Monte Carlo (MCMC) simulation to infer an IM model [2-4,17-
21]. However, most methods have a major roadblock of a long computational time of an 
MCMC simulation, which typically limits the amount of data that can be analyzed [1]. In 
addition, the joint estimation of both phylogeny and an IM model is known to be tremen-
dously difficult [16]. 

Recently, three methods have been developed to address the scalability of the data and/
or to jointly infer phylogeny in the presence of gene flow. IMa3 [16] is the most recent ver-
sion of IM/IMa series software and infers the phylogeny and IM models. MIST [1] needs 
a known (or assumed) phylogeny but is able to analyze thousands of loci. AIM [14,22] is a 
package in the popular BEAST platform and also infers phylogeny in the presence of gene 
flow. Similar to other methods, these three methods implement the standard probabilistic 
framework and employ an MCMC simulation for inference.  
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The advent of many inference methods is not commensurate to 
our skills of analysis using those programs. In order to ensure the 
use of appropriate programs and to correctly interpret results, it is 
essential to understand the inference methods used and the results 
that the programs provide. IMa3, MIST, and AIM all use similar 
standard probabilistic models and apply Bayesian inference, but 
their inference strategies and the types of results may be different. 
Therefore, users must first understand the differences in their infer-
ence methods. 

To elucidate the current state of the art in the analysis of IM mod-
els, in this review article, we compare the three methods and ac-
companying software, IMa3, MIST, and AIM (BEAST platform). 
In particular, the data type and the underlying model structures will 
be discussed, followed by a brief summary of an MCMC algorithm 
and mixing issue. Then, this review article will focus on comparison 
of the advanced methods: IMa3, MIST, and AIM. We do not in-
tend to explain the basic concepts of standard probabilistic models 
and MCMC algorithms, but extensive reviews of them are available 
elsewhere [9,23-25]. 

DNA Alignments 

One of the most common types of data used in the analysis of IM 
models and phylogeny is DNA sequence alignments. Most meth-
ods, including IMa3, MIST, and AIM, assume the alignments are 
correct, although they are estimated from models of insertions and 
deletions [26]. The relatedness of homologous DNA sequences is 
considered to the result from past branching processes, so the DNA 
sequence alignments must be orthologs [22]. Moreover, no selec-
tion but a neutral evolution is assumed to act on alignments. Since 
most methods typically assume that there is no recombination 
within a locus and free recombination between loci, alignments 

should not overlap or be closely located. Moreover, filtering using a 
four-gamete test [27] is essential to minimize potential recombina-
tion within a locus. 

Standard Model Structure 

When inferring an IM model from genetic data, the parameters of 
interest are demographic parameters of the IM model, denoted as 
a vector ψ = (θ1, θ2, θa, m1, m2, TS). The ith locus Di out of L loci are 
the observations, and the genealogy Gi of Di is a latent variable that 
we cannot observe typically (Fig. 2). Fig. 2 depicts the structure of 
the standard models. The standard models address two levels of 
uncertainty: the distribution of DNA sequences given genealogy 
and that of genealogy given an IM model [11,12,25]. We typically 
assume that there is no recombination within a locus and free re-
combination between loci. In other words, the ith locus Di out of L 
loci has as its own genealogy Gi and loci are independent. Given 
genealogy, the genetic data and demography ψ = (θ1, θ2, θa, m1, m2, 
TS) are assumed to be conditionally independent. As the distribu-
tion of DNA sequences p(Di｜Gi), diverse mutation or substitution 
models have been developed: infinite-site model [28], JC 69 mod-
el [29], HKY model [30], and GTR [31]. There are several useful 
methods for substitution model selection [25]. A coalescent pro-
cess [32-34] is a well-known stochastic process for p(Gi｜ ψ), the 
distribution of genealogy given a species tree or a demographic 
model. Most methods, including IMa3, MIST, and AIM, are based 
on this coalescent process. Based on this standard model structure, 
the likelihood function of ψ is built as follows:

(1)  

The likelihood function, so-called Felsenstein’s equation [35], 
does not have a general closed-form and is difficult to numerically 
evaluate [3]. 

Fig. 1. Isolation-with-migration model with six demographic 
parameters.

Fig. 2. Standard model structure. Each locus has its own genealogy. 
Given genealogy, the genetic data and demography are assumed to 
be independent.

L ^ h= i=1

L% p# (Di Gi)p (Gi )dGi
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of the marginal posterior density (Eq. 2) by making use of simulat-
ed values for the parameter of interest. For example, ψ1, . . .ψ n,  from 
the jointly simulated values 

approximately follow p( ψ｜ D) in Eq. (2) [38].  
A popular MCMC algorithm is a Metropolis-Hastings within 

Gibbs sampling algorithm (Fig. 3). Within each iteration, all demo-
graphic parameters and genealogies are sequentially simulated. For 
example, Fig. 4A shows the state of the (t-1)th iteration for the ge-
nealogy of one locus and all demographic parameters ψ including 
splitting time Ts

t-1. If we try to update the splitting time at the tth it-
eration, we propose a new splitting time T*s using a proposal func-
tion q and either accept the new value TS

t =  T*s with probability

or reject the new value and 
retain the previous state  T*s = Ts

t-1 with 1-α, where ψ* and ψt-1 includes 
T*s

 and Ts
t-1 , respectively.

The target density of an MCMC simulation is 

, and a typi-
cal algorithm jointly simulatesnsamples from the target density:

One of the benefits of such a simulation is an easy approximation 

MCMC Simulation and the Mixing Problem 

A feasible way to numerically evaluate the likelihood function (Eq. 
1) is an MCMC simulation. Extensive reviews of fundamental con-
cepts, diverse algorithms, and MCMC diagnosis are available else-
where [23,25,36,37]. With a prior distribution on ψ, the posterior 
density of ψ given data is  

(2) 

Fig. 3. A typical Metropolis-Hastings within Gibbs sampling algorithm.

p } D^ h\ p ^ hL ^ h= p ^ h p#
i=1

L

% Di Gi i} } } }

a= {1, p t }^ hq S
* TS^ h

p t }*^ q S
t-1

t-1

TS*^ h
t-1
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Fig. 4. An example of an Markov chain Monte Carlo step to update 
the splitting time TS. (A) The current state of genealogy and all 
demographic parameters, including TS. (B) A newly proposed splitting 
new TS, which is not compatible with the state of genealogy.

While samples via a traditional Monte Carlo method are inde-
pendent, MCMC samplers generate autocorrelated draws because 
the current value is either a different value or the same as the previ-
ous. Strong autocorrelations slow down traversing the posterior 
space and take longer to produce independent-like samples ψ1, ... , 
ψn~p(ψ｜D) [23,25]. This phenomenon is called a poor mixing of a 
Markov chain. Mixing issues affect the efficiency, and hence the 
computing time of an MCMC simulation. In the inference of IM 
models, poor mixing is a major roadblock to the analysis of genom-
ic data or the co-inference of phylogeny [1,16]. For example, the 
state of genealogy and demographic parameters are given as Fig. 
4A. If a new splitting time proposed at the next iteration is not com-
patible with the state of genealogy (Fig. 4B), then p(Gt

｜ψ*) = 0 and 
the acceptance probability is zero. Therefore, the newly proposed 
value is automatically rejected, and the previous state should be 
sampled until a compatible value is proposed. In other words, the 
acceptance rate of the splitting time is governed by the state of ge-
nealogies and can be very small if a lot of loci are considered.

Table 1. Comparison of Bayesian software MIST, AIM, and IMa3 (IM/IMa series)

Software No. pop. to analyze
Inference method

Reference
θ's and m’s Ts Ga τ

MIST 2 Density approx.b Density approx.b MCMC No [1]
AIM 2 or more MCMC MCMC MCMC MCMC [14,22]
IMa3 2 or more Density approx.c MCMC MCMCd MCMC [16]
IM 2 MCMC MCMC MCMC No [2,4]
IMa 2 Density approx.c MCMC MCMC No [3]
IMa2e 2 or more Density approx.c MCMC MCMC No [3,17]

MIST, AIM, and IMa3 are compared in terms of the number of populations to analyze and inference methods by indicating what Markov chain Monte Carlo 
(MCMC) samples and which parameters’ posterior densities are approximated rather than sampled. A similar comparison is made with IM/IMa series.
aAll methods in this table sample genealogies and other mutation/substitution parameters from MCMC; bThe joint posterior density of the 6 demographic 
parameters is approximated using MCMC samples; cThe marginal posterior densities of the parameters are approximated using MCMC samples; dHidden 
genealogies are sampled; eVariants: IMa2p [39] for parallel computation, IMGui [40] for any desktop OS.

Inference Methods

IMa3
The software series of IM/IMa were developed to infer IM models 
(Table 1) [39,40]. The first software, called IM, analyzes either a 
single locus [4] or multiple loci [2], and implements MCMC ap-
proaches to infer six demographic parameters ψ = (θ1, θ2, θa, m1, m2, 
TS) of an IM model. In other words, the IM software simulates (ψ, 
G1 , ... , GL)~P(ψ, ... , GL｜D). Software IMa and IMa2 implement 
[3]. They simulate values of splitting time and genealogies 

, but not population 
sizes and migration rate. It can be done by analytical integration of 
population sizes and migration rates:

(3)

This yields a better mixing than software IM by reducing the num-
ber of parameters to sample, but it does not resolve the fundamen-
tal barrier of the relation between genealogies and splitting time. As 
a result of an MCMC simulation, the sampled values approximate 
the marginal posterior of the splitting time: Ts

1, ... , Ts
n~p(Ts｜D). 

Then IMa2 provides the posterior mean and the maximum a poste-
riori (MAP) estimate with highest posterior density intervals of the 
splitting time based on the marginal posterior density p(Ts｜D). To 
infer population sizes and migration rates, IMa and IMa2 do not 
simulate those parameter values, but directly approximate the mar-
ginal densities, p(0I｜D) for i = 1, 2, a and p(mi｜D) for i = 1, 2, from 
sampled values of (TS, G1, ... , GL). The approximated densities 

GPast
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p(mi｜D) are employed to perform likelihood ratio tests (LRTs) 
from migration rates [3]. Software IMa infers 2-population IM 
models, but IMa2 extends IMa to infer multiple populations (see 
Table 1 for IMa2p and IMGui). 

The most recent version called IMa3 modified the MCMC pro-
cedure of IMa2 to infer an IM model parameters as well as phyloge-
ny [16], while IMa2 requires the phylogeny of multiple populations 
to be known. It is very difficult to co-estimate the phylogeny and 
IM model parameters, because sampling phylogeny together with 
IM parameters and genealogies also yields poor mixing. For exam-
ple, a newly proposed phylogeny may not be compatible with the 
current state of migrations and is therefore rejected. IMa3 introduc-
es pseudo-migrations, called “hidden migrations,” that occurred ear-
lier than the splitting time so that a newly proposed splitting time or 
phylogeny is not instantly rejected but evaluated with non-zero ac-
ceptance probability. For example, if a newly proposed splitting 
time is younger than existing migrations (Fig. 4B), the migration 
paths older than splitting time are considered hidden migration 
paths (MH) and the genealogy is the one without hidden migra-
tions and compatible with the new splitting time. In other words, 
the current genealogy, given the new splitting time, is a so-called 
“hidden genealogy” GH = (G, MH). Given phylogeny τ and demo-
graphic parameters ψ, the distribution of the hidden genealogy is 
partitioned into those of hidden migrations and the genealogy 
without hidden migrations: p(GH｜ψ,τ ) = p(G｜ψ,τ )p(mH｜ψ,τ ).  
Therefore, in the presence of incompatible migration paths, a newly 
proposed splitting time or phylogeny is not automatically rejected. 
As a result, IMa3 simulates phylogeny, splitting times and hidden 
genealogies:

Then τ1, ... , τn from the MCMC samples approximately follow 
the marginal posterior p(τ｜D). Similar to IMa2, demographic pa-
rameters are estimated based on their approximated marginal pos-
teriors.

MIST
Software MIST [1] implements a 2-step analysis. First, it simulates 
genealogies without migrations (so-called coalescent trees λ) via an 
MCMC simulation. Note that no information about a demograph-
ic model is necessary in the first step, which alleviates the mixing 
problem. Second, the joint posterior density p(ψ｜D) in Eq. (2) is 
approximated from the sampled coalescent trees, and the MAP es-
timations of all demographic parameters are found.

Although MIST does not sample migrations and the underlying 
demographic model in step 1, the same posterior density p(ψ｜D) 

in Eq. (2) is inferred. It is done by separating migration paths from 
genealogies and applying the importance sampling [38]. The sepa-
ration of migration paths enables the analytical computation of the 
density of a coalescent tree:

(4)

where the ith genealogy Gi = (λ i, Mi)and Mi is the set of all migra-
tion information. This rewrites Eq. (2) as follows:

(5)

The exact computation of p(λi｜ψ) employs a continuous time 
Markov chain representation [1]. In order to reduce the computa-
tional burden of the numerical integration in Eq. (5) p(λi｜ψ) by an 
MCMC simulation, the importance sampling method was em-
ployed. That is, MCMC samplers simulate coalescent trees from pos-
terior                                                         rather than p(λ i｜ψ), where 
and             is a flat prior. This MCMC simulation in step 1 does not 
use any information from the underlying IM model. The use of 
p(λi｜Di) rather than p(λi｜ψ) is compensated later in step 2 when 
the joint posterior density is approximated:

(6)

As a result, MIST provides the MAP of all demographic parame-
ters that maximize the joint posterior Eq. (6). 

MIST has several strengths statistically and computationally. First, 
the computational complexity linearly increases with the number of 
loci. Analyses of thousands of loci do not give rise to mixing prob-
lems. Second, similar to IMa series, the approximate p(ψ｜D) in Eq. 
(6) can be used for LRTs for migration rates. While the IM/IMa se-
ries uses the marginal densities, MIST provides the joint distribution 
of all demographic parameters (Table 2). Since the estimations of de-
mographic parameters are correlated, LRTs based on joint distribu-
tions have false-positive rates close to the expected value (e.g., 5%), 
even when very high false-positive rate occurred by LRTs based on 
marginal distributions [1,41,42]. Third, the importance sampling 
method enhances the computational efficiency for model compari-
sons. When different demographic models are compared, the simu-
lated values from an MCMC simulation in step 1 can be repeatedly 
employed to infer different demographic models in step 2. 

AIM 
AIM [14] implements a Bayesian inference of phylogeny and IM 
models in using the BEAST platform [15,43]. BEAST is a software 
platform for phylogenetic analyses, phylodynamics, and population 
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genetics. starBEAST2 [44], an extended BEAST package, was add-
ed to estimate species trees in the absence of gene flow. AIM was 
recently added to estimate the posterior density p(ψ｜D) in Eq. (2) 
and p(τ｜D), like IMa3. Similar to Chung and Hey [1], Müller et al. 
[22] drived a formula to compute the density of a coalescent tree 
p(λi｜ψ) ain Eq. (4) and additionally proposed approximations for a 
fast calculation. One approximation assumes the independence of 
lineages of the coalescent tree λ: 

where L1 and L2 are lineages of λ at time t. AIM implements this in-
dependence approximation rather than the exact density p(λi｜ψ) in 
Eq. (4). 

 AIM reparamerized migration rates as follows: migration rate be-
tween populations A and B,                                 where αA,B is a scaler 
that is estimated between every pair of coexisting populations/spe-
cies, δAB is the time to the most recent common ancestor from pop-
ulations A and B coexisted, and mtot is an estimated migration rate 
that allows for a prior distribution on the magnitude of the migra-
tion rate expected. This parameterization allows for smaller migra-
tion rates between more distant populations. Furthermore, each 
scaler αA,B~Exp(1) and all scalers are assumed to be independent. 
AIM is able to use the priors previously implemented for species 
tree estimation in starBEAST2 [44]. 

AIM performs tests for migration rates based on Bayes factors 
(BFs) [14], while IMa3 and MIST use LRTs (Table 2). A BF as the 
ratio of marginal likelihoods [37] is wildely used for model selec-
tion. Since AIM is a package in the BEAST platform, users can take 
advantage of other existing packages and MCMC diagnostic tools. 
However, most packages in BEAST were developed independently 
[15,45]. Therefore, the results provided by different packages are 
not connected, and users need to be aware of the different termi-
nologies by each package [15]. 

Discussion 

IMa3, MIST, and AIM are advanced software that estimate demo-
graphic parameters of IM models. IMa3 and AIM sample popula-
tion tree topologies and all or partial demographic parameters 
through an MCMC simulation. Therefore, their estimations are 
based on the marginal posterior distribution of parameters. MIST 
can estimate the joint posterior distribution of all parameters, there-
by providing a joint estimation. IMa3 and AIM estimate population 
tree topology and migration rates, but their scalability to genomic 
data is limited or has not been yet examined. MIST scales well with 
genomic data and can be extended to infer population tree topolo-
gies. However, the software currently supports a joint estimation of 
demographic parameters of 2-population IM models.  

While AIM uses BFs for migration rate test, IMa3 and MIST sug-
gest LRTs. While IMa3 compares marginal posterior distributions, 
MIST provides joint posterior distributions for LRTs. When split-
ting times are recent, it is important to consider using joint distribu-
tions for LRTs in order to avoid a high false-positive [1,41,42]. 

Long-standing barriers to inferring IM models have been re-
solved by IMa3, MIST, and AIM. MIST can analyze genome-scale 
data without sever mixing problems in an MCMC simulation. 
IMa3 and AIM are able to estimate IM models and phylogeny in 
the presence of migrations. Nonetheless, there are still unresolved 
questions and no software implementing sophisticated models to 
answer the questions. One of the major interests for the future is to 
relax the strong assumption of constant migration rates and popula-
tion sizes over time. Current methods that attempt to solve this 
problem are limited to small data or not capable of inferring IM 
models from real genetic data analysis [46,47]. 

ORCID 

Yujin Chung: https://orcid.org/0000-0002-3801-3961 

Table 2. Prior assumptions, migration rate tests and scalability of Bayesian software MIST, IMa3, and AIM

MIST IMa3 AIM
Priors θ’s Uniform Uniform Log-normal [44]

m’s Uniform Uniform Exponetiala

TS Uniform Uniform Various [44]
τ Uniform Various [44]

Tests for m’s LRTb LRTc Bayes factor
Scalabilityd Loci Many (≤10K [1]) Moderate (≤200 [16]) Moderate (≤50 [14])

Sequences Few (≤8 [1]) Moderate (≤40 [16]) Moderate (≤133 [22])
aThe prior for migration scalers; bLikelihood ratio test (LRT) compares the joint densities of the 6 demographic parameters; cLRT compares the marginal 
densities of migration rates; dThe numbers of loci and sequences in the parentheses are collected from the cited studies. The scalability can depend on 
computer specifications as well.

mA,B=aA,B
dAB
mtot
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While studies aimed at detecting and analyzing indels or single nucleotide polymorphisms 
within human genomic sequences have been actively conducted, studies on detecting long 
insertions/deletions are not easy to orchestrate. For the last 10 years, the availability of 
long read data of human genomes from PacBio or Nanopore platforms has increased, 
which makes it easier to detect long insertions/deletions. However, because long read data 
have a critical disadvantage due to their relatively high cost, many next generation se-
quencing data are produced mainly by short read sequencing machines. Here, we con-
structed programs to detect so-called unmapped regions (UMRs, where no reads are 
mapped on the reference genome), scanned 40 Korean genomes to select UMR long dele-
tion candidates, and compared the candidates with the long deletion break points within 
the genomes available from the 1000 Genomes Project (1KGP). An average of about 36,000 
UMRs were found in the 40 Korean genomes tested, 284 UMRs were common across the 
40 genomes, and a total of 37,943 UMRs were found. Compared with the 74,045 break 
points provided by the 1KGP, 30,698 UMRs overlapped. As the number of compared sam-
ples increased from 1 to 40, the number of UMRs that overlapped with the break points 
also increased. This eventually reached a peak of 80.9% of the total UMRs found in this 
study. As the total number of overlapped UMRs could probably grow to encompass 74,045 
break points with the inclusion of more Korean genomes, this approach could be practically 
useful for studies on long deletions utilizing short read data. 

Keywords: deletion, Korean, structural variation, unmapped region, whole genome se-
quencing  
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Introduction 

Although there is no established definition of size for structural variations in the genome, 
they are generally accepted as being longer than 50 bp. They account for about 1% of all 
variants. Structural variations affect the diversity of phenotype expression and induce 
various diseases [1]. There are generally four ways to find structural variations from the 
read data produced by next generation sequencing (NGS) platforms [1,2].  

The first method is to find structural variations using the read depth. When reads are 
mapped to a reference genome, the read depth can be estimated. CNVnator [3], which 
was applied in the 1,000 Genomes Project (1KGP) for whole genome sequences (WGS), 
is a representative analytical tool for this method. 
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The second method uses paired-end reads, and it is based on the 
span and orientation of paired-end reads. If the distance between 
the mapped positions of two reads is longer than the insert size (i.e. 
the length of the unsequenced region), it may indicate an inser-
tion. If the distance is shorter than the insert size, it may indicate a 
deletion. The analysis tools available for use with the paired-end 
read method include BreakDancer [4], TIGRA-SV [5], Delly [6], 
and so on. Each analytical tool differs in the way it performs filter-
ing or statistical estimation. 

The third method uses split-reads. When reads are mapped to a 
reference genome, a read may be split into two parts, breaking the 
alignment to the reference. A gap in the reference is indicative of a 
deletion, while a stretch in the read is indicative of an insertion. The 
analysis tools which function by using the split-read method extract 
a CIGAR string from the SAM/BAM file and find break points 
from different types of data. Some examples of the former are 
Breakpointer [7], Delly [6], LUMPY [8], TARDIS [9], and so on. 

The last method is to detect structural variations based on 
split-contigs produced by de novo assembly [1,2]. Contigs are creat-
ed by merging and ordering short reads to reassemble the original 
sequences in a de novo assembly. Some popular tools that utilize this 
technique are TIGRA-SV [5], BreaKmer [10], HYDRA [11], and 
NovelSeq [12]. 

With the advent of NGS technology, the cost of genome analysis 
has fallen sharply; this has led to the mass production of NGS data. 
NGS data have been mostly produced as short read data using the 
Illumina platform. Indel or single nucleotide polymorphism stud-
ies have been actively performed and analyzed. Detecting long de-
letions/insertions, however, is very difficult using short read data. 
Recently, long read data from the PacBio and Nanopore platforms 
have made it easier to find long deletions/insertions, but their dis-
advantage comes in the form of their significantly higher produc-
tion costs. 

In contrast to the previous method used to detect structural 
variations using long read data, in this study, we used short read 
data of Korean WGS produced using the Illumina platform, which 
are more publicly available. We want to construct a method to find 
unmapped regions (UMRs) that have a high possibility of includ-
ing long deletions. After confirming the distribution of UMRs in 
each individual, we compared the UMRs of 40 normal Koreans 
and found useful data about the long deletions of the Korean WGS 
through the distribution of union of UMRs (UUMRs) and com-
mon UMRs (CUMRs; i.e. intersection of UMRs). Because our 
data set is limited in sample number, the aim of this study was to 
confirm the possibility of detecting long deletions through the lens 
of UMRs collected with short read data. 

Methods 

In this study, 40 normal Korean WGS were used. The data set con-
sisted of 20 WGS from the Korea National Institute of Health 
(KNIH) and 20 WGS from the Korean Personal Genome Project 
(KPGP), and the study was approved by the Institutional Review 
Board (IRB). The data generated by KPGP are open to the FTP 
sites of the Genomics Institute (TGI) and the Korean Bioinforma-
tion Center (KOBIC) (ftp://ftp.kobic.re.kr//pub/KPGP/2017_
release_candidate/WGS). The WGS data set was composed of 
paired end reads generated by the HiSeq Illumina platform (Illu-
mina, San Diego, CA, USA): the 20 samples of genomic data from 
KNIH (read length =  101 bp, the average mapping depth =  30 × ) 
and the 20 samples of genomic data from KPGP (read length =  
150 bp, the average mapping depth =  45 × ). 

We used Human Build 37 (GRCh37) of the Genome Reference 
Consortium as the reference genome. The data are open to the 
FTP sites of the European Bioinformatics Institute (EBI) (ftp://
ftp.1000genomes.ebi.ac.uk/vol1/ftp/pilot_data/data) and the 
National Institute of Health (NIH) (ftp://ftp.ncbi.nlm.nih.gov). 
Forty normal Korean genome sequences obtained using the NGS 
method were used for analysis after data preprocessing. First, we 
confirmed the read quality of raw data. During the amplification of 
DNA fragments on the Illumina platform, some reads may dupli-
cate at the same position or low-quality reads may be produced. 
Therefore, the quality of each read was checked using FastQC 
(v0.11.2) [13] before analysis. Sickle (v.1.33) [14] was used to 
perform a trimming process to remove the attached adapters from 
the amplified DNA fragments. 

The reference genome (build ver GRCh37) [15] must be in-
dexed for analysis. The indexing process was performed using 
BWA -a bwtsw (v.0.7.12) [16,17]. The 40 data samples and in-
dexed reference genome data were prepared for the mapping pro-
cess by aligning them using the BWA-MEM (v.0.7.12) [16,17]. 
After the mapped file was sorted and indexed, duplicate reads were 
removed by using MarkDuplicates, one of the options provided by 
Picard (v.1.96) [18]. The 20 data samples from KPGP used in our 
analysis were divided and uploaded into FTP sites. In order to 
speed up the work, after performing the above processes, SAM-
tools (v.1.3.1) [19] was used to merge the split files into one file. 

The process performed to find the UMRs was as follows. First, 
in order to find the UMRs for each chromosome, it was necessary 
to divide the BAM files by chromosome. The newly created files 
were indexed before moving on to subsequent operations. SAM-
tools (v.1.3.1) [19] was used to change header information, index 
files, and divide files by their respective chromosome number. 

In the BAM files for each chromosome, information in the 4th 
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and 6th columns indicating the start coordinates and the CIGAR 
string [19] could be extracted (Fig. 1). Using the two kinds of ex-
tracted information, the points where the mapping of each read 
starts and ends were found (Fig. 2). The list was sorted only by 
start values. If the interval of two consecutive mapping end points 
is longer than the read length reflecting the mapping information, 
the two reads may not overlap. After collecting these non-overlap-

ping reads, we found the intervals. In this study, these are indicated 
as the UMRs (Fig. 3). Actually, multiple mapping for a read was 
not treated. 

Because there are genes that are essential but could be difficult 
to map due to many repetitions, the human genetic information 
provided by the National Center for Biotechnology Information 
(NCBI) was used to remove the gene locations in the UMRs. All 

Fig. 1. Start coordinates and CIGAR strings: mapping starting point and mapping information. We divided the BAM files by chromosome 
number.

Fig. 2. Extracting the mapping start point and the mapping end point: If the mapping start point is the same, the mapping end point is 
predicted by adding a large number of M values.

Start coordinate CIGAR string

Start coordinate: CIGAR string Mapping start point, mapping end point
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the UMRs that overlapped with gene locations were removed. For 
example, the position of the human leukocyte antigen-A (HLA-A) 
gene is 6: 29,942,469–29,945,883 (from NCBI). If the position of 
a UMR such as 6: 29,942,460–29,945,875, overlapped with the 
HLA-A gene position, we removed this UMR. Actually, we calcu-
lated both data with and without gene locations. 

All UMRs found in the 40 Korean samples were called UUMRs. 
We performed the filtering process on the UMRs of the 40 sam-
ples and obtained the UUMRs of the 40 Korean samples. Using 
this information, we were able to compare our data with the break 
points provided by the 1KGP to find candidate regions that could 
actually be deletions. Contrasting the deletions with insertions 
[20] determines the degree to which UMRs are associated with 
deletions. If there is structural variation in any section, the deletion 
and insertion may occur simultaneously [20]. This is because all of 
the break points of the 1KGP were used for analysis. Because the 
break points of the 1KGP contain all of the break points from the 
complete data set [20], the UMRs found in the data for the 40 Ko-
reans based on the break points of the 1KGP were compared 1:1 to 
find UUMRs. After confirming that the UMRs were not accidental 

results, we determined the CUMRs in the Korean genomes. By 
comparing all of the starting and ending points from the Korean 
UMRs, we found consistently UMRs in all genome data (Fig. 4). 

Ethics 
This study was approved by the Institutional Review Board (IRB) 
of Hanyang University (HYI-17-240-1, A bioinformatics study for 
detecting disease genetic markers based on NGS genome data 
analysis) with a waiver of informed consent.  

Results  

Selecting unmapped reads from samples 
The average number of UMRs found within the 40 genomes was 
36,042. An average of 47,793 UMRs were found in the 20 WGSs 
from KNIH compared to 24,291 UMRs found in the 20 WGSs 
from KPGP. The discrepancy between the two data sets was pre-
sumed to reflect the differences in the read counts and mapping 
depth. We estimated the read lengths and the mapping depths of 
the KNIH and KPGP data. The average read lengths from the 

Fig. 3. Principle of unmapped region (UMR) detection. (A) Read1 and read2 overlap when mapped. This is an object that is not considered 
for UMR. However, in the case of read3 and read4, since the mapping position does not overlap, the distance between the end point of 
read3 and the start point of read4 can be called the UMR. (B) Only read3 and read4 are collected, and the UMR length is estimated in the 
actual data.

A

B

UMR (Unmapped region)
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KNIH and KPGP data were 101 bp and 150 bp, respectively, and 
the average mapping depths of coverage were 30 and 45, respec-
tively. After mapping, we analyzed the frequency and distribution 
of UMRs for intergenic regions as well as for whole genome. The 
average numbers of filtered UMRs in the KNIH data (with short-
read length and low mapping depth) and KPGP data were similar 
(3,119 in KNIH vs. 2,825 in KPGP) for intergenic regions. 

Union of unmapped regions 
The data distribution for the 40 Korean UUMRs shows that an in-
crease in the number of UUMRs is related to an increase in the 
number of samples (Table 1). Considering the break points pro-
vided by the 1KGP [20], the UUMRs created by excluding the 

gene locations should be mapped in the UMRs of 40 Koreans. 
The processed results are shown in Fig. 5. The number of UUMRs 
increases as the number of subjects compared with the 1KGP in-
creases from 1 to 40. For example, in the case of one sample, 2,297 
UUMRs overlapped and in the case of 40 samples, 30,698 
UUMRs overlapped with the break points of the 1KGP data. 

Although the accuracy of the analysis using individual UMRs is 
less precise, as the number of compared subjects increases, the 
number of UUMRs may approximate the number of break points 
(i.e. 74,045) provided by the 1KGP. Therefore, it may be predicted 
that the UUMRs can be interpreted as real deletions. Analyzing 
1,000 or more Korean genomes would clarify if this approach is vi-
able for searching for long deletions. This would be a highly rele-

Fig. 4. The Pipeline to find unmapped regions (UMRs) from Korean whole genome sequences: After the quality of each read was checked 
using FastQC (v0.11.2) [13], adapter trimming was performed using Sickle (v.1.33) [14]. A reference genome was indexed using BWA -a 
bwtsw (v.0.7.12) [16,17]. After mapping using BWA-MEM (v.0.7.12) [16,17], the sorting and indexing processes were performed using 
SAMtools (v.1.3.1) [19] in the order of the start coordinates. MarkDuplicates of Picard (v.1.96) [18] was used to remove redundant reads. The 
mapping starting points and CIGAR strings were extracted and the UMRs were found. Annotation was performed by removing all the UMRs 
overlapped with the gene locations. We searched union of UMRs (UUMRs), which are unions of UMRs, and common UMRs (CUMRs), which 
are intersections of UMRs. 
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vant finding as we are attempting to understand deletions within 
Korean genomic data. 

Common unmapped regions 
We define CUMR as the UMRs overlapping with one or more 
bases. In order to overcome the possible limitation of the deletion 
detection method utilizing UMRs, we also observed CUMRs in 
the 40-genome data set (Table 2). Although the genomes are from 
two different resources (KNIH and KPGP), the results show a 
similar ratio. The number of CUMRs within all 40 Korean WGS 
data was 284. In the data from KNIH, the number of CUMRs 
across all 20 samples was 1,577 and the number of CUMRs in the 
data produced by KPGP was 440. The average ratio of CUMRs to 

UMRs in the KNIH data was about 3.3% (1,577/47,793), where-
as it was 1.8% (440/24,291) in the KPGP data. When we random-
ly selected 10 WGS data from each of two data sets, the ratio was 
about 1.4% (Table 2). It is predicted that the average number of 
CUMRs in Korean genomes probably decreases as the number of 
subjects increases over 40, but the ratios probably stay similar in all 
Korean genome data sets. 

Discussion  

D =               = coverage depth

α =          = Probability of starting mapping on the reference genome      
                     by chance

P =       × G

= Probability that UMRs occur when a read if mapped randomls
, where, R is the number of reads, L is read length, and G is the 
length of reference genome.

If we apply the abovementioned equation to map the reads onto 
the reference genome, in case of sample NIH15C6900096, which 
shows a higher number of UMRs (65,658) than the other 39 Ko-
rean samples, the probability (p) that UMRs occur when a read is 
mapped randomly is 0.0272. Since the mapping depth of the sam-
ple is 30 × , the probability of beingrandomly mapped with all the 
reads is 1.089 ×  10-47( = 0.027230). It indicates that the reads were 
mapped in place and that the UMRs were not found by chance 
even in case of the sample with the highest UMR counts (NI-
H15C6900096). Although they are not accidentally discovered 
UMRs, it cannot be said that the UMRs found in this study are all 
long deletions. Even if we did not consider all the variables that 
could occur, it is significant that for a certain ratio, the UMRs of 
Korean genomes coincided with the break points of the deletions 
found in the 1KGP (Fig. 5). Thus, we believe that the proposed 
method can estimate actual deletions. 

We may assume that the unfiltered UMRs explain long deletions 
after the processing step of reducing unmapped reads by loosening 

Table 1. Distribution of UUMRs in 40 Korean subjects

No. of subjects No. of Korean 
UUMRs No. of subjects No. of Korean 

UUMRs
2 4,036 22 29,696
3 5,387 23 29,898
4 6,397 24 30,630
5 7,367 25 30,793
6 8,766 26 30,952
7 9,481 27 31,544
8 10,319 28 32,027
9 10,989 29 32,197
10 11,488 30 32,314
11 12,770 31 32,749
12 13,178 32 35,035
13 13,886 33 36,034
14 14,504 34 36,213
15 15,402 35 36,342
16 15,976 36 36,691
17 16,561 37 36,804
18 17,174 38 36,930
19 17,547 39 37,366
20 27,699 40 37,943
21 28,882

UUMR, union of unmapped regions.

Table 2. Distribution and ratio of Korean CUMRs by the numbers of people and samples

All samples
KNIH
20

samples

KPGP
20

samples

Random1 Random2 Random3 Random4 Random5
KNIH 10
KPGP 10

KNIH 10
KPGP 10

KNIH 10
KPGP 10

KNIH 10
KPGP 10

KNIH 10
KPGP 10

CUMRs 284 1577 440 490 521 511 496 473
CUMRs/UMRs (%) 0.8 3.3 1.8 1.3 1.5 1.4 1.4 1.3

CUMR, common unmapped region; KNIH, Korea National Institute of Health; KPGP, Korean Personal Genome Project; UMR, unmapped region.

R×L
G

α(1-α)L+average UMR length-1

L+average UMR length

D
G
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the mapping parameters. The filtering process described earlier, by 
which gene region UMRs are removed, supports the validity of 
this assumption. We predict that in mapping under the default 
conditions of BWA-MEM, the UMRs in the positions of some 
genes (which are difficult to be mapped) can be removed by allevi-
ating the mapping parameters. It is still necessary to increase the 
size of the data set to get more accurate results in order to over-
come weakness of using short read data sets. 

In this study, we focused on detecting deletions using UMRs, so 

we searched for overlapping regions between the UUMRs of the 
Korean population and the break points (i.e. known deletions) of 
the 1KGP and predicted the overlapped regions as possible dele-
tions. However, the predicted parts are located only on the refer-
ence genome. If the Korean and 1KGP genomes had been separat-
ed from the same ancestor, the predicted parts can be described as 
insertions within the reference genome. We expect that further 
study involving the comparison of the Korean genome data, 1KGP 
data, and the reference genome may provide essential clues for de-

Fig. 5. Distribution of union of unmapped regions (UUMRs) by the number of compared subjects. (A) An increasing number of the UUMRs 
of Korean genomes overlapped with the break points of the 1000 Genomes Project as the number of compared subjects increased. This 
increase is relatively gradual. (B) UUMR distribution by the number of 40 Korean subjects superimposed with (A): Since the two distributions 
show similarly increasing trends (although showing two different Korean genome resources), the UUMRs are believed to closely reflect 
deletions.
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tecting insertions. 
Further analysis of large scale Korean short read genome data, 

including KPGP data, may increase the reliability of this detection 
method. It is also meaningful as a method to find characteristics in 
racial distribution of deletions, if the racial information on the 
break points can be secured. It is expected that the detection meth-
od proposed in this study might help researchers implement initial 
ideas for studying structural variations, including long deletions. 
More precise manipulation of reads, including cleaning low quality 
region before mapping, could be necessary for improvement. 

The UMR detection method described in this study is not a 
new one, but the analysis approach for detecting structural varia-
tions is different from the ones described in previous studies, in 
that this study used short read data rather than long read data. In 
other words, the analysis approach used in this study is more 
meaningful than the method itself. Although this study is simple, 
limited by data size, and only applied to the Korean genome, we 
expect that applying the method described by us to the genomes 
of other ethnic populations will produce similar results for detect-
ing long deletions and, thus, show the validity of this approach. 
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The implications of germline de novo variants (DNVs) in diseases are well documented. De-
spite extensive research, inconsistencies between studies remain a challenge, and the dis-
tribution and genetic characteristics of DNVs need to be precisely evaluated. To address 
this issue at the whole-genome scale, a large number of DNVs identified from the 
whole-genome sequencing of 1,902 healthy trios (i.e., parents and progeny) from the Si-
mons Foundation for Autism Research Initiative study and 20 healthy Korean trios were 
analyzed. These apparently nonpathogenic DNVs were enriched in functional elements of 
the genome but relatively depleted in regions of common copy number variants, implying 
their potential function as triggers of evolution even in healthy groups. No strong muta-
tional hotspots were identified. The pathogenicity of the DNVs was not strongly elevated, 
reflecting the health status of the cohort. The mutational signatures were consistent with 
previous studies. This study will serve as a reference for future DNV studies. 

Keywords: de novo variants, functional annotation, healthy population, whole genome se-
quencing

Functional annotation of de novo 
variants from healthy individuals  
Jean Lee*, Sung Eun Hong** 

Department of Biomedical Sciences, Seoul National University College of Medicine, Seoul 
03080, Korea 

Introduction 

De novo variants (DNVs) are mutations that are not inherited from parents but arise from 
mutational events during gametogenesis and embryogenesis. DNVs are believed to be a 
source of genetic variation at the population scale and can be used for studying evolution-
ary processes [1]. They are the causal mutations of a variety of diseases [2-5]. 

Studies using family whole-genome sequencing (WGS) revealed that the average de 
novo substitution rate per generation ranges from 1.0–1.5 ×  10–8 per base, resulting in 
approximately 74 DNVs per person [6]. Many factors affect mutation rates, including ex-
trinsic factors such as parental age at conception and intrinsic factors such as genetic con-
text, GC content and DNA hypersensitivity. However, previous reports have revealed in-
consistent DNV rates, which remain to be clarified [7]. 

The identification of DNVs is challenging because high-coverage WGS data of pro-
bands and parents are required for reliable DNV detection. Compared to inherited vari-
ants, DNVs are rare and require a large cohort to obtain enough statistical power to detect 
reliable patterns within DNVs [8]. Furthermore, it is difficult to prove a causal relation-
ship between a DNV and a phenotype because the probability of finding another individ-
ual with the same DNV is scarce.  

The genetics of autism spectrum disorder has been extensively studied, leading to the 
identification of many disease-related genes [9-11]. Recently, noncoding regions were ac-
tively investigated for associations with autism risk in a large pool of quartet families in-
cluding one affected child and an unaffected sibling [12]. While the previous study main-
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ly investigated differences between DNVs in the patient group and 
the control group, we obtained DNVs only from the control group. 
Along with the WGS results of the healthy Korean trios, we ana-
lyzed the distribution and patterns of DNVs in a total of 1,922 
healthy individuals.  

Methods 

Datasets 
The trio-based genome data for DNV calling were approved for 
use and downloaded. The Korean Bioinformation Center (KO-
BIC) cohort data of 65 individuals (20 families) were downloaded 
in Variant Call Format from the Genome InfraNet (http://ginet.kr, 
#10050164) maintained by KOBIC.

The Simons Foundation for Autism Research Initiative (SFARI) 
cohort data were obtained from Supplementary Table 2 of a previ-
ously published article [12] in which WGS was performed with a 
mean coverage of 35.5 ×  in 1,902 autism spectrum disorder quar-
tet families (1 affected child, 1 healthy sibling and their parents). 
Data from healthy siblings were used for further analysis. Since the 
sequencing data were hosted by SFARI, the variants from this list 
will be designated as DNVs from SFARI. 

DNVs from the KOBIC database and SFARI 
A total of 15 trio and 5 quartet families (total of 65 individuals) 
were identified from the KOBIC cohort. From the quartet sam-
ples, only one sibling was included for further analysis. Variants 
that were present in the probands and were not present in both 
parents were selected. The following filtering criteria were used: 
QUAL >  200, DP >  20 and custom-defined GQ values. Annota-
tion was performed with Variant Effect Predictor [13]. Variants 
exhibiting segmental duplication (SEGDUP) and or an LCR flag 
(low complexity region) were excluded in KOBIC cohort. Over-
lapping variants between individuals in our cohorts and variants 
that were already reported in gnomAD [14] were excluded. DNVs 
from SFARI cohort were used for downstream analysis without 
any additional filtering. 

Downstream analyses 
The mutational spectrum of the DNVs and the contribution of 30 
well-known COSMIC [15] mutational signatures were calculated 
by using MuSiCa [16]. The distribution of DNVs was plotted with 
karyoPlotR [17]. The enrichment of DNVs in different genome 
regions of genomes was evaluated with GAT [18]. BED files con-
taining the coordinates of the 3′-untranslated region (UTRs), 5′-
UTRs, exons, and introns were obtained from the University of 
California Santa Cruz (UCSC) Table Browser [19]. A compre-

hensive gene annotation file for the whole genome (GRCh 38) was 
downloaded from GENCODE (version 32) [20], and regions with 
no genic annotations were extracted as intergenic regions. Regions 
of common structural variants were obtained from the gnomAD 
version 2 structural variants [14]. Variants classified as duplication, 
deletion, or multiallelic copy number variation (MCNV) were se-
lected, and alleles with a frequency (maximum value for MCNV) 
exceeding 1% or 5% were selected, transformed according to hg38, 
and used for further study. 

CADD score calculation 
Variants in the gnomAD [14] version 2 exome with an allele fre-
quency > 1% were selected. Variants in ClinVar [21] were down-
loaded, and those for which the clinical significance denoted as 
“pathogenic” or “likely pathogenic” were selected. The raw un-
scaled CADD scores [22] of DNVs from KOBIC, SFARI, common 
gnomAD single nucleotide polymorphisms (SNPs), and pathogen-
ic ClinVar SNPs were calculated. 

Results and Discussion 

A total of 455 and 115,870 DNVs were called from the KOBIC 
and SFARI cohorts, respectively. Most of the DNVs were located 
in intronic and intergenic regions (Fig. 1A), as these regions en-
compass the majority of the genome (~96.5% [23]). The transi-
tion to transversion ratio of the DNVs was 2.1 in the SFARI cohort 
(Fig. 1B), which was within the expected range of 2.0–2.1 [24]. 
However, the variants from the KOBIC cohort displayed a ratio of 
1.4, implying undercalling of transition variants. Between the two 
types of transition substitutions, C > T changes were 1.4 times 
more abundant than T > C variants after correcting for the base 
composition in the genome. C > T substitutions were 1.9 times 
more frequent in the CpG dinucleotide context than in the non-
CpG dinucleotide context after correcting for the base composi-
tion. This result suggests hypermutability of CpG dinucleotides in 
which methylated cytosine undergoes deamination, leading to 
more frequent C > T changes [25,26]. 

The sequence context of DNVs shapes mutation rates. The mu-
tational signature was originally used for the modeling of muta-
tional processes in a somatic mutation analysis of cancers [27,28], 
which is widely used in various mutational analyses. Therefore, we 
surveyed the sequence contexts of our DNVs. While the mutation-
al spectrum of DNVs from SFARI closely resembled the previous-
ly reported mutational spectrum of germline DNVs (Fig. 2) [29], 
the DNVs from KOBIC showed slight differences, implying a need 
for a larger sample size and further verification of DNV calls. 

Additionally, we reconstructed our mutational spectrum with 
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Fig. 2. Mutational signature of de novo variants (DNVs). Each DNV change is plotted according to the sequences including one base before 
and after each DNV. KOBIC, Korean Bioinformation Center; SFARI, Simons Foundation for Autism Research Initiative.
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Fig. 1. Profile of de novo variants (DNVs) in the Simons Foundation for Autism Research Initiative (SFARI) and Korean Bioinformation Center 
(KOBIC) cohorts. (A) DNV profile by genomic position. 5′-untranslated region (UTR), canonical splice, splice, stop gain, and stop lost variants 
are classified as “others.” (B) Ratios of transitions (Ti) and transversions (Tv) in each cohort.

30 well-known signatures curated by COSMIC and quantified the 
contribution of each signature. Signatures 1, 5, and 16 contributed 
the majority of the signatures, contributing 32%, 25% and 31% of 
the total, respectively. These findings are consistent with a previ-
ous report [29] that demonstrated that signatures 1 and 5 ex-

plained most of the observed germline DNVs. Signature 1 rep-
resents spontaneous deamination of methylated cytosine and the 
subsequent mutational process. No proposed etiology is suggested 
for signatures 5 and 16, but both exhibit strand bias during tran-
scription in T > C variants in the trinucleotide context of ApTpN. 
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A rainfall plot was employed to visualize mutational hotspots 
[30], and our DNVs did not display a strong signature of muta-
tional hotspots (Fig. 3). 

Next, we subjected various annotated genetic elements to DNV 
burden analysis. Genic regions including 3′-UTRs, 5′-UTRs, exons 
and introns were enriched, as shown by the ratio of the observed 
count to the expected counts exceeding 1.0. In contrast, intergenic 
regions were depleted of DNVs (Fig. 4A). Regions with a high 
copy number variation (CNV) frequency (allele frequency >  0.01 
or 0.05) were tested for DNV enrichment. These regions were de-
pleted of DNVs, and regions with higher allele frequency (0.05) 
and multiallelic regions exhibited greater depletion. This result 
suggests that DNVs tend to occur in regions that are thought to be 
less tolerant of copy number changes (Fig. 4A). Approximately 
half of high-frequency CNV regions were SEGDUP regions, 

which were depleted with DNVs (37% of expected) to a similar 
degree as high-frequency CNV regions. Since SEGDDUP regions 
are vulnerable to undercalling, such impact requires further study. 
The enrichment of DNVs in functional regions and their depletion 
in less-functional regions imply the potential roles of DNVs in gen-
erating new functional alleles, resulting in the incorporation of 
new alleles into a population. Additionally, all six regulatory ele-
ments were enriched with DNVs in our cohort (Fig. 4A). 

The prediction of DNV pathogenicity quantified by the CADD 
score [22] showed a similar distribution pattern to common SNPs 
[14], while pathogenic variants from the ClinVar [21] database 
showed higher scores (Fig. 4B). Finally, we surveyed our 116,325 
DNVs against the ClinVar [21] database to check whether there 
are cryptic DNVs that may be associated with diseases. Five vari-
ants were enlisted in the ClinVar database as pathogenic or likely 

Fig. 3. Rainfall plot of de novo variants (DNVs). (A) Genome-wide plot displaying all DNVs. Top, density of DNVs with a window width of 106 
bases. Bottom, rainfall plot of germline DNVs by chromosome. (B) Rainfall plot in chromosome 8. The bottom bar represents the karyotype 
structure of chromosome 8, and the red box indicates a centromeric region.
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pathogenic [21]. Only one variant in RAPSN (p.Val45Met), which 
is known to cause myasthenic syndrome with an autosomal reces-
sive pattern, was functionally assayed [31-33]. Although DNVs 
frequently occur in the functional elements of the genome, the 
CADD score [22] distribution resembling that of nonpathogenic 
variants and the lack of pathogenic variants reflect the health status 
of the cohorts. 

Here, we analyzed the distribution and genetic patterns of 
116,325 DNVs derived from 1,922 healthy individuals. The muta-
tional signatures were consistent with previously reported signa-
tures. We could not identify strong mutation hotspots in our co-
hort. Notably, the DNVs were enriched within elements with po-
tential functionality, such as genic regions and regulatory regions, 
but depleted in intergenic regions and regions that are tolerant to 
copy number changes. This observation was unexpected since the 
carriers of these DNVs are healthy and are not expected to display 
enrichment in functional regions of the genome. This enrichment 
was not strong enough to be differentiated by the CADD scores. 
Due to the discrepancies in the sizes of the cohorts (1,902 for 
SFARI and 20 for KOBIC), their ethnicity compositions and the 
sequencing procedures applied, direct comparison between the 
two databases is challenging. However, regarding the consistency 
of the mutational spectrum and the signatures of the SFARI DNVs 
with previous studies, the DNVs from KOBIC are expected to fol-
low the patterns of the DNVs from SFARI with a larger cohort size 
and DNV validation. Further research involving epigenetic signa-
tures and individualized mutational cluster analysis may elucidate 

the factors affecting the germline mutation rate, leading to better 
identification of disease-associated DNVs and an improved under-
standing of human genome evolution.  
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The achievements of genome-wide association studies have suggested ways to predict dis-
eases, such as type 2 diabetes (T2D), using single-nucleotide polymorphisms (SNPs). Most 
T2D risk prediction models have used SNPs in combination with demographic variables. 
However, it is difficult to evaluate the pure additive contribution of genetic variants to 
classically used demographic models. Since prediction models include some heritable traits, 
such as body mass index, the contribution of SNPs using unmatched case-control samples 
may be underestimated. In this article, we propose a method that uses propensity score 
matching to avoid underestimation by matching case and control samples, thereby deter-
mining the pure additive contribution of SNPs. To illustrate the proposed propensity score 
matching method, we used SNP data from the Korea Association Resources project and re-
ported SNPs from the genome-wide association study catalog. We selected various SNP 
sets via stepwise logistic regression (SLR), least absolute shrinkage and selection operator 
(LASSO), and the elastic-net (EN) algorithm. Using these SNP sets, we made predictions us-
ing SLR, LASSO, and EN as logistic regression modeling techniques. The accuracy of the 
predictions was compared in terms of area under the receiver operating characteristic 
curve (AUC). The contribution of SNPs to T2D was evaluated by the difference in the AUC 
between models using only demographic variables and models that included the SNPs. The 
largest difference among our models showed that the AUC of the model using genetic 
variants with demographic variables could be 0.107 higher than that of the corresponding 
model using only demographic variables. 

Keywords: genome-wide association study, penalized regression model, propensity score, 
type 2 diabetes
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Introduction 

Genome-wide association studies (GWASs) have identified many disease-related genetic 
variants, including numerous single-nucleotide polymorphisms (SNPs). Kooperberg et 
al. [1] constructed prediction models with SNPs and showed that they improved diagno-
sis and disease risk prediction. Bae et al. [2] constructed prediction models of quantita-
tive traits using common genetic variants and compared several variable selection meth-
ods, including stepwise linear regression (SLR), least absolute shrinkage and selection 
operator (LASSO), and the elastic-net (EN) algorithm via mean square error. More re-
cently, Bae et al. [3] compared several variable selection methods for predicting the risk 
of type 2 diabetes (T2D).  
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Some problems need to be considered when predicting disease 
risk according to genetic variants, and technologies are available 
that can help to solve these problems. First, the construction of pre-
diction models suffers from the ‘large p, small n’ problem. That is, 
the number of genetic variants is much larger than the number of 
samples, which induces the curse of dimensionality [4]. Next, the 
presence of linkage disequilibrium, which refers to the non-random 
association of alleles in different loci, has impeded statistical infer-
ences due to multi-collinearity [5,6]. Multi-collinearity makes pa-
rameter estimates non-stable and increases the estimates’ variance 
[7]. Third, only a small proportion of heritability has been ex-
plained by the SNPs discovered until now. This ‘missing heritabili-
ty’ of complex diseases sometimes hinders the detection of SNPs 
with effects on complex diseases [8]. Many of the aforementioned 
problems have been an obstacle to disease risk prediction via genet-
ic variants. Nonetheless, penalized regression has solved the ‘large p, 
small n’ problem, and missing heritability may be explained by 
newly identified SNPs, including rare variants. 

Heritability is estimated as the ratio of variance caused by genetic 
factors to the total phenotypic variance [9]. Instead of heritability, 
in this study, we focus on the accuracy of prediction models. It 
should be noted that most of these prediction models have used 
SNPs, which represent genetic effects, and demographic variables, 
which represent environmental effects. However, it is not easy to 
evaluate the pure additive contribution of genetic variants in classi-
cally used demographic models. Since prediction models for T2D 
include some heritable traits, such as body mass index (BMI), the 
contribution of SNPs to T2D prediction using unmatched 
case-control samples may be underestimated [10,11]. In this article, 
we propose a method that uses propensity score matching (PSM) 
to determine the pure additive contribution of SNPs [12]. PSM 
helps avoid underestimating the contribution of the effects of ge-
netic variants. It can also reduce possible confounding effects from 
demographic variables when unmatched samples are used. Thus, 
applying PSM enables the contribution of the effects of genetic 
variants to be more correctly estimated in a prediction model. 

For an illustrative example of our approach, we selected T2D as 
a trait of interest. T2D results from the interactions between envi-
ronmental factors and genetic factors. Many studies have sought to 
predict T2D through genetic variants [10,11,13,14]. Obesity is 
the strongest predictor of T2D, and several additional risk factors 
such as age, sex, smoking, and family history have been well identi-
fied [15-19]. Furthermore, some studies have shown that T2D is 
strongly associated with genetic factors [20]. Monozygotic twins 
had a T2D incidence matching rate of around 70%, whereas dizy-
gotic twins had a T2D incidence matching rate of 20%–30% [21]. 
However, some skeptical opinions have been raised regarding ar-

guments that SNPs are effective for predicting T2D. Lyssenko and 
Laakso [13] reviewed 43 different studies, and acknowledged that 
genetic variants create opportunities to improve the accuracy of 
T2D risk prediction, but pointed out that so far studies have not 
given compelling evidence to support the use of genetic variants 
for predicting T2D. Furthermore, Wray et al. [22] discussed some 
limitations and pitfalls of prediction analysis for complex traits and 
asserted that naïve assessments can lead to severe bias. 

Some previous studies on T2D have been conducted using data 
from the Korea Association Resources (KARE) project [2,14]. 
However, previous studies have some deficiencies. First, predic-
tion performance—assessed by testing area under the receiver op-
erating characteristic curve (AUC) values—was overestimated 
due to overfitting. When selecting SNPs, previous studies used all 
training and test data together. The training data were then used to 
build prediction models. This way of selecting SNPs tends to yield 
higher test AUCs than expected. Second, although SNPs have an 
influence on traits, the inclusion of some heritable demographic 
variables in a prediction model may lead to an underestimation of 
the pure additive genetic contribution of SNPs. 

In this study, we built prediction models for T2D following the 
methods proposed by Bae and colleagues [2,14], while perform-
ing valid SNP selection to avoid overfitting. We also investigated 
the pure additive contribution of SNPs to T2D prediction by com-
paring the performance of a prediction model with only demo-
graphic variables to that of a model with both SNPs and demo-
graphic variables [2]. We used data from the KARE project. To re-
duce possible confounding effects from demographic variables 
caused by using unmatched samples, we used PSM, which allowed 
us to create pairs constituting one case and one control with simi-
lar demographic variables. We used PSM to investigate the pure 
additive contribution of SNPs on T2D diagnosis and to avoid the 
effects of confounding. 

We created three different SNP sets using combinations of vari-
ants from the GWAS catalog and statistically significant variants in 
Koreans [23]. We then used SLR, LASSO, and the EN algorithm 
for variable selection. Next, we created prediction models using lo-
gistic regression techniques such as SLR, LASSO, and EN. Finally, 
we calculated the AUC and compared the models that used only 
demographic variables with those that used demographic variables 
and genetic variants. For the LASSO-LASSO combination, which 
showed the largest difference among our models, it was found that 
the test AUC of the model that used genetic variants and demo-
graphic variables was 0.107 higher than that of the model using 
only demographic variables. 
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Methods 

Korea Association Resource Project 
The KARE project began in 2007 with Ansung and Ansan region-
al cohorts representative of the general Korean population. The 
Affymetrix Genome-Wide Human SNP array 5.0 (Affymetrix 
Inc., Santa Clara, CA, USA) was used to analyze the genotype 
data from 10,038 participants. After quality control with a Har-
dy-Weinberg equilibrium p-value <  10-6 and genotype call rates 
less than 95%, and with the exclusion of SNPs with a minor allele 
frequency <  0.05, a total of 305,799 autosomal SNPs were uti-
lized in this analysis. After eliminating participants with samples 
having low call rates (less than 96%), contaminated samples, gen-
der inconsistency, serious concomitant illness, and cryptic relat-
edness, 8,842 samples (4,183 males and 4,659 females) were in-
cluded in the analysis. Since our study focused on T2D, we select-
ed only T2D patients and controls by excluding 3,863 samples 
using the T2D diagnostic criteria summarized in Table 1 [24]. 
Table 2 presents the demographic information of participants and 
differences in demographic variables between cases and controls. 

Fig. 1 presents a principal component analysis plot that demon-
strates the relationship between T2D and demographic variables. 
As can be seen in Fig. 1, demographic variation did not discrimi-
nate cases and controls well. 

Statistical analysis 
SNPs were selected by two different approaches: from a single-SNP 
analysis and from the GWAS catalog [25]. Then, we built predic-
tion models using logistic regression via SLR, LASSO, and EN. 

Propensity score matching 
PSM is a statistical matching technique that attempts to estimate 
the effectiveness of treatments, policies, or other interventions by 
taking covariates into account [12]. PSM reduces the bias due to 
confounding variables. The propensity score is calculated by the 
following conditional probability. 

The caliper is defined by the maximum propensity score differ-
ence within the matched pair. Three methods of matching individ-
uals with similar propensity scores are presented based on the con-
cept of the caliper in the R package MatchIt: largest, smallest, and 
random [26]. The ‘largest’ method establishes matches from the 
largest to the smallest value of a distance measure, while the ‘small-
est’ method generates matches from the smallest to the largest val-
ue of a distance measure, while the ‘random’ method yields match-
es in random order. PSM was applied to the KARE data to ensure 
homogeneity of demographic variables (covariates) between the 
control and T2D groups, using the R package MatchIt.  

Since it was necessary to minimize the loss of data due to the 
non-matched sample and the homogenization of covariates be-
tween controls and cases, we manipulated the caliper (from 0 to 1) 
by increments of 0.01. We checked the p-values using the paired 
t-test and the Wilcoxon test to evaluate the homogeneity of the 
cases’ and controls’ propensity scores at each caliper increment 
and for each method of choosing the caliper. For each caliper, we 
conducted 100 experiments. To ensure demographic homogene-
ity of the case and control group, we only considered calipers for 
which the p-values of both the paired t-test and the Wilcoxon test 
were larger than 0.05. 

Table 1. Type 2 diabetes (T2D) diagnostic criteria

T2D group Normal subjects
Fasting plasma glucose (mg/dL) ≥  126 ≤  100
Glycated hemoglobin (%) ≥  6.5 <  5.7
2-Hour postprandial blood glucose (mg/dL) ≥200 ≤140
History of diabetes Treatment for T2D No history of diabetes

Age of disease onset ≥  40 y

Table 2. Differences between type 2 diabetes cases and controls

Variable Case Control Total
No. of samples 1288 3687 4975
Sex (male/female) 671/617 1,679/2,008 2,350/2,625
Age, mean ±  SD (y) 55.92 ±  8.79 49.88 ±  8.31 51.44 ±  8.85
BMI, mean ±  SD (kg/m2) 25.54 ±  3.27 24.09 ±  2.90 24.47 ±  3.06

SD, standard deviation; BMI, body mass index.

exp(γ0+γ1sexi+γ2agei+γ3BMIi)
exp(γ0+γ1sexi+γ2agei+γ3BMIi) +1

p(χ i) = pr (T=1 | X=χ i) =
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SNP sets 
As the GWAS catalog is based on populations of worldwide ances-
try, while the KARE dataset is drawn from the Korean population, 
we carefully constructed three different SNP sets, which we denot-
ed as KARE, GWAS + KARE, and CATAGENE. First, the KARE 
set consisted of the SNPs chosen by the p-values from a sin-
gle-SNP analysis with adjustments for sex, age, and BMI. Second, 
the GWAS + KARE set was a combination of SNPs from the 
GWAS catalog (May 22, 2019) related to T2D and SNPs from the 
KARE data analysis. Third, the CATAGENE set was assembled 
through the steps detailed below. We first selected the genes in the 
GWAS catalog, and then extracted all SNPs in those genes from 

the KARE data. After performing a single-SNP analysis, we assem-
bled the CATAGENE set based on the p-values. The SNPs were 
selected by the p-values of the univariate logistic regression for 
each SNP. The top 200, 500, and 1,000 SNPs were chosen based 
on these p-values for the prediction model. 

We used only genotyped variants when choosing the candidate 
SNPs and constructing the prediction models. Therefore, 
non-genotyped variants were not included in our data, even if they 
were in the GWAS catalog. We found 132 SNPs in the GWAS cat-
alog [25], and 11,025 catalog-related genes (SNPs located in the 
gene in which the GWAS catalog SNPs were located). Table 3 pro-
vides more details and further clarification on the SNP sets. 

Fig. 1. Principle component analysis plot. Demographic variables (sex, age, body mass index) discriminate the type 2 diabetes (T2D) cases 
from controls. Trait 0 (red), control; Trait 1 (blue), T2D.
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Variable selection 
At first, we randomly selected two-thirds of the samples for the train-
ing set, and the remaining third was used for the test set. Table 4 
shows the sample size of the training set and test set, respectively. 
With the SNP sets we constructed earlier, the variable selection 
was conducted by SLR, LASSO, and EN to select SNPs via five-
fold cross validation (CV) of the training set.  

The penalized SLR model used the following formula: 

  
In this formula, πi is the probability of T2D (1 ≤  i ≤  n), n denotes 

the number of samples. xij represents the SNPs (1 ≤  i ≤  n, 1 ≤  j ≤  p) 
with 0, 1, and 2 values for the number of minor alleles. p denotes the 
number of SNPs used in the model. Stepwise selection was used to 
maximize the AUC by updating variables step by step. Since age, 
BMI, and sex are known demographic and prognostic variables of 
T2D, we fixed these three variables during the stepwise process. 

This procedure was performed using the R package MASS [27].  
The LASSO and EN estimates of β were obtained by minimiz-

ing the following formula.

Values of the parameter λ were estimated by CV, using the R 
package glmnet [28].  

The following five groups were then defined: 
(1) Group 1: SNPs that appeared at least once in the five-fold CV. 
(2) Group 2: SNPs that appeared at least twice in the five-fold CV. 
(3) Group 3: SNPs that appeared at least three times in the five-

fold CV. 
(4) Group 4: SNPs that appeared at least four times in the five-fold 

CV.  
(5) Group 5: SNPs that appeared in every time in the five-fold CV.  

These groups represent the sets of candidate SNPs selected by 
SLR, LASSO and EN, which were used to construct the predic-
tion model. 

Prediction models 
To make prediction models, we used the same prediction methods 
(logistic SLR, EN, and LASSO) that were used for variable selec-
tion. More specifically, for LASSO, we selected the λ value to be 
lambda.min, which is the value at which the training mean square 
error is smallest [28]. For EN, we selected the λ value to be lamb-
da.1se in the glmnet package. Each prediction model was evaluated 
in terms of the test-set AUC. 

Results 

Propensity score matching 
Fig. 2 shows a graph of the relationship between the caliper and 
the p-values of the Wilcoxon test and t-test. Each box plot in the 
graph shows the confidence level of the p-values for the Wilcoxon 

Table 3. List of SNP sets

SNP sets Caliper method No. of total SNPs
KARE-200 - 200
GWAS + KARE-200 - 200
CATAGENE-200 - 200
KARE-500 - 500
GWAS + KARE-500 - 500
CATAGENE-500 - 500
KARE-1000 - 1,000
GWAS + KARE-1000 - 1,000
CATAGENE-1000 - 1,000
KARE-psmmax200 Maximum 200
GWAS + KARE-psmmax200 Maximum 200
CATAGENE-psmmax200 Maximum 200
KARE-psmmin200 Minimum 200
GWAS + KARE-psmmin200 Minimum 200
CATAGENE-psmmin200 Minimum 200
KARE-psmmax500 Maximum 500
GWAS + KARE-psmmax500 Maximum 500
CATAGENE-psmmax500 Maximum 500
KARE-psmmin500 Minimum 500
GWAS + KARE-psmmin500 Minimum 500
CATAGENE-psmmin500 Minimum 500
KARE-psmmax1000 Maximum 1,000
GWAS + KARE-psmmax1000 Maximum 1,000
CATAGENE-psmmax1000 Maximum 1,000
KARE-psmmin1000 Minimum 1,000
GWAS + KARE-psmmin1000 Minimum 1,000
CATAGENE-psmmin1000 Minimum 1,000

SNP, single-nucleotide polymorphism; KARE, Korea Association Resources; 
GWAS, genome-wide association study.

Table 4. Data description

Training set (cases) Test set (cases)
Original data 3,316 (858) 1,659 (430)
PSM dataa 1,626 (813) 812 (406)
PSM datab 1,634 (817) 816 (408)

aPropensity score matching (PSM) data: dataset using the ‘largest’ maximum 
method with a caliper of 0.19.
bPSM data: dataset using the ‘largest’ minimum method with a caliper of 
0.21.

log  = β0 + β1xi1 + β2xi2 + … + βpxip + γ1sexi + γ2agei + γ3BMIi
πi

1-πi

y i-r i
2

+ m 1

b iand +m 2 b i
2 forEN

b i

where πi : = 1
 1 + exp (βTχ i + γ1sexi + γ2agei + γ3BMIi
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test and the t-test. The right x-axis and green line show the average 
number of matched samples. Figs. 2–4 present the results of the 
various caliper selection methods (‘smallest,’ ‘largest,’ and ‘ran-
dom’). 

As described above, we conducted 100 experiments for each 
caliper. First, we selected the largest caliper for which the maxi-
mum value of the experiment’s p-value was >  0.05. Table 5 shows 
the average selected sample size obtained when the maximum val-
ue of the experiment’s p-value was >  0.05. As shown in Table 5, 
setting the caliper at 0.19 and using the ‘largest’ method resulted in 
a larger sample. In the same way, it was possible to select a caliper 
by evaluating the sample sizes when the first quartile of p-values 
from the experiment exceeded 0.05 and when the minimum p-val-
ue of the experiment exceeded 0.05. Tables 6 and 7 present the re-
sults of this process. Similarly, we can see that the ‘largest’ method 
with a caliper of 0.21 was the least likely method to lose samples. 
Therefore, we selected two candidate calipers—0.19 and 0.21—
and used the ‘largest’ matching method based on the results of 100 
replicated experiments. 

The average sample sizes for nine combinations obtained using 
three matching methods (‘largest’, ‘smallest’, and ‘random’) and 
three criteria for the experiment’s p-value (minimum value, maxi-

Fig. 2. Propensity score matching results (matching method = “smallest”). Green boxes represent the p-values of the Wilcoxon test. Blue 
boxes mean the p-values of the paired t-test. The solid green lines represent the number of matched samples with the caliper as the x-axis. 
The red line means p = 0.05. The p-values are represented by a log scale.

Table 5. Average sample number when the maximum value of the 
experiment’s p-values was >0.05

Matching method Average selected sample number Caliper
Largest 2,506 0.19
Smallest 2,408 0.62
Random 2,450 0.19

Table 6. Average sample number when the first-quartile value of the 
experiment’s p-values was >0.05

Matching method Average selected sample number Caliper
Largest 2,512 0.21
Smallest 2,439 0.75
Random 2,453 0.21

Table 7. Average sample number when the minimum value of the 
experiment’s p-values was >0.05

Matching method Average selected sample number Caliper
Largest 2,512 0.21
Smallest 2,458 0.82
Random 2,455 0.22
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Fig. 3. Propensity score matching results (matching method = “random”). Green boxes represent the p-values of the Wilcoxon test. Blue 
boxes mean the p-values of the paired t-test. The solid green lines represent the number of matched samples with the caliper as the x-axis. 
The red line means p = 0.05. The p-values are represented by a log scale.

Fig. 4. Propensity score matching results (matching method = “Largest”). Green boxes represent the p-values of the Wilcoxon test. Blue 
boxes mean the p-values of the paired t-test. The solid green lines represent the number of matched samples with the caliper as the x-axis. 
The red line means p = 0.05. The p-values are represented by a log scale.
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mum value, or first-quartile value > 0.05) are shown in Tables 5–7. 
The ‘largest’ matching method with a caliper of 0.19 (with the 
maximum value of the experiment’s p-value > 0.05) and 0.21 
(with the minimum/first-quartile value of the experiment’s p-val-
ue > 0.05) resulted in a smaller loss of samples than other calipers. 
To guarantee the consistency of results from PSM, we set the 
matching method as ‘largest’ and considered both 0.19 and 0.21 as 
candidate calipers. The sample sizes of the training set and the test 

set after applying PSM with these two candidate calipers are 
shown in Table 4. Figs. 5 and 6 present the box plots of age and 
BMI before and after PSM, respectively. 

Model prediction 
Table 8 shows the best variable selection methods, groups, and 
prediction models for each SNP set that we constructed. For the 
method without PSM, the AUC of the prediction model with both 

Fig. 5. Compare age distribution between before propensity score matching (PSM) and after PSM.

Fig. 6. Compare body mass index (BMI) distribution between before propensity score matching (PSM) and after PSM.
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Table 8. Best results in each SNP set

SNP set Methoda (group) Covariates SNPs + covariates Delta
KARE-200 EN-LASSO (5) 0.7479 0.7451 -0.0029
GWAS + KARE-200 EN-SLR (3) 0.7479 0.7479 0
CATAGENE-200 SLR-SLR (4) 0.7479 0.7479 0
KARE-500 EN-SLR (5) 0.7479 0.7479 0
GWAS + KARE-500 EN-SLR (5) 0.7479 0.7479 0
CATAGENE-500 EN-SLR (4) 0.7479 0.7479 0
KARE-1000 EN-SLR (5) 0.7479 0.7479 0
GWAS + KARE-1000 EN-SLR (4) 0.7479 0.7479 0
CATAGENE-1000 SLR-LASSO (4) 0.7479 0.7479 0
KARE-psmmax200 LASSO-SLR (1) 0.5379 0.5585 0.0206
GWAS + KARE-psmmax200 SLR-SLR (1) 0.5379 0.5964 0.0585
CATAGENE-psmmax200 EN-LASSO (5) 0.5379 0.538 0.0001
KARE-psmmax500 LASSO-LASSO (5) 0.5379 0.5604 0.0225
GWAS + KARE-psmmax500 EN-EN (2) 0.5379 0.5645 0.0265
CATAGENE-psmmax500 EN-EN (3) 0.5379 0.5792 0.0413
KARE-psmmax1000 EN-EN (2) 0.5379 0.5461 0.0082
GWAS + KARE-psmmax1000 LASSO-LASSO (1) 0.5379 0.6449 0.107
CATAGENE-psmmax1000 LASSO-EN (3) 0.5379 0.562 0.0241
KARE-psmmin200 LASSO-EN (3) 0.4808 0.5458 0.065
GWAS + kare-psmmin200 SLR-SLR (2) 0.4808 0.5783 0.0975
CATAGENE-psmmin200 EN-EN (3) 0.4808 0.5505 0.0698
KARE-psmmin500 EN-LASSO (2) 0.4808 0.5222 0.0314
GWAS + kare-psmmin500 SLR-SLR (1) 0.4808 0.5507 0.0699
CATAGENE-psmmin500 EN-EN (2) 0.4808 0.5584 0.0777
KARE-psmmin1000 LASSO-LASSO (3) 0.4808 0.5244 0.0437
GWAS + kare-psmmin1000 EN-EN (3) 0.4808 0.5374 0.0566
CATAGENE-psmmin1000 EN-LASSO (2) 0.4808 0.5604 0.0696

SNP, single-nucleotide polymorphism; KARE, Korea Association Resources; EN, elastic-net; LASSO, least absolute shrinkage and selection operator; GWAS, 
genome-wide association study; SLR, stepwise logistic regression.
aMethod: variable selection-prediction model.

SNPs and demographic variants was close to the AUC of the model 
with demographic variables only (delta =  –0.0029) (Table 8). 
However, the use of PSM with a variety of variable selection meth-
ods yielded higher AUCs for the prediction models including 
SNPs than for those using only demographic variables (Table 8). 
The best AUCs using SNPs ranged from 0.52 to 0.65. For exam-
ple, group 1 in the GWAS+KARE-psmmax1000 set using the 
LASSO-LASSO (variable selection–prediction model) combina-
tion yielded an AUC of 0.645, which was 0.107 higher than that of 
the model with only demographic variables. We summarize the 
AUC results in Figs. 7 and 8.  

Discussion 

In this study, we used multiple statistical methods (SLR, LASSO, 
and EN) to select variables and various SNP sets to build predic-

Fig. 7. Graph of best area under the receiver operating characteristic 
curve results with caliper = 0.19 KARE, Korea Association Resources; 
GWAS, genome-wide association study.
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tion models of T2D. Then, we compared the AUCs of the models 
for each SNP set. The AUCs of the models with both SNPs and 
demographic covariates were close to those of the models with 
only covariates. This result suggests that age, sex, and BMI may be 
good predictors of T2D in our data. 

Moreover, to estimate the pure additive contribution of SNPs in 
our data, we applied PSM to regulate the effects of these demo-
graphic variables. When constructing models using PSM, the 
AUCs of models with both SNPs and covariates were higher than 
those of models with only covariates. For each SNP set using PSM, 
we constructed the best models, which had AUC values that were 
on average 0.051 higher than those of the corresponding models 
with only demographic variables. In addition, the AUC results sug-
gest that that the prediction of T2D may be improved by up to 0.1 
by adding certain SNPs. 

The largest improvement obtained by adding SNPs (delta =  
0.1070) was found for the model with group 1 of the GWAS + 
KARE-psmmax 1000 set using the LASSO-LASSO method (vari-
able selection and prediction model). Table 9 summarizes the 
SNPs that were used in this model. Some of the genes in Table 9 
have been identified as related to T2D by other GWASs according 
to the GWAS catalog. In addition, some genes were already known 
to be related to T2D. For example, JAZF1, KCNJ11, and KCNQ1 
were previously shown to be related to insulin secretion [29]. In 
addition, IGF2BP2 and CDKAL1 were reported to be associated 
with reduced beta-cell function [20]. Both insulin secretion and 
beta-cell function play important roles in T2D. 

Some further studies are desirable to extend our study. First, 
there are multiple ways to match controls with cases. For example, 
Euclidian distance seems to be a promising way of matching cases 

Fig. 8. Graph of best area under the receiver operating characteristic 
curve results with caliper = 0.21 KARE, Korea Association Resources; 
GWAS, genome-wide association study.

Table 9. SNPs and gene locations in the GWAS + KARE psmmax top1000 LASSO-LASSO model

SNP Gene SNP Gene
rs4275659 ABCB9a rs5215 KCNJ11a

rs2838820 ADARB1a rs8181588 KCNQ1a

rs515071 ANK1a LOC100129400a rs163177 KCNQ1a

rs919115 C10orf59 rs4731420 LOC100131212a

rs1048886 C6orf57 rs4607103 LOC730057a

rs12924439 CDH13 rs6445525 MAGI1a

rs9460546 CDKAL1 rs8032675 MAP2K5
rs7767391 CDKAL1 rs3761980 MAPK14 SLC26A8a

rs2328549 CDKAL1 rs254271 PRPF31a

rs10870527 CHFR rs7403531 RASGRP1a

rs12075929 COL24A1 rs7593730 RBMS1a

rs17045328 CR2a rs10030238 RNF150
rs17072023 DOCK2 rs11855644 SCAPER
rs2845573 FADS2 rs12440511 SCAPER
rs1799884 GCKa rs560792 SCD PRO1933
rs780094 GCKRa rs9552911 SGCGa

rs1470579 IGF2BP2a rs8192675 SLC2A2a

rs864745 JAZF1a rs2548724 SLCO4C1a

rs4275659 ABCB9a rs10933537 TMEM16G

SNP, single-nucleotide polymorphism.
aGene recorded in the genome-wide association study catalog.
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and controls [30]. Second, PSM might be applied to the variable 
selection step by considering the pure additive contribution of ge-
netic variants. Third, the pure additive contribution of genetic 
variants estimated by applying PSM may be used to estimate heri-
tability, which needs further investigation. 
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Over the last decade, genome-wide association studies (GWASs) have provided an unprec-
edented amount of genetic variations that are associated with various phenotypes. How-
ever, previous GWAS were mostly conducted in European populations, and these biased re-
sults for non-Europeans may result in a significant reduction in risk prediction for non-Eu-
ropeans. An issue with the early GWAS was the winner’s curse problem, which led to mis-
leading results when constructing the polygenic risk scores (PRS). Therefore, more non-Eu-
ropean population-based studies are needed to validate reported variants and improve ge-
netic risk assessment across diverse populations. In this study, we validated 422 variants 
independently associated with glycemic indexes, liver enzymes, and type 2 diabetes in 
125,872 samples from a Korean population, and further validated the results by assessing 
publicly available summary statistics from European GWAS (n = 898,130). Among the 422 
independently associated variants, 284, 320, and 361 variants were replicated in Koreans, 
Europeans, and either one of the two populations. In addition, the effect sizes for Koreans 
and Europeans were moderately correlated (r = 0.33–0.68). However, 61 variants were not 
replicated in both Koreans and Europeans. Our findings provide valuable information on ef-
fect sizes and statistical significance, which is essential to improve the assessment of dis-
ease risk using PRS analysis. 

Keywords: genome-wide association study, glycemic index, phenotype, single nucleotide 
polymorphism, type 2 diabetes
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Introduction 

Over the last decade, genome-wide association studies (GWASs) have served as an effi-
cient tool for discovering genetic variants associated with various phenotypes [1]. More-
over, large-scale biobank data have enabled us to make rapid progress in identifying new 
variants [2-4]. Currently, the National Human Genome Research Institute European 
Bioinformatics Institute GWAS catalog contains numerous manually curated associated 
variants [5]. These cataloged variants can be used to construct a polygenic risk score 
(PRS), a summarized genetic risk of an individual, to profile the genetic risk of various 
diseases [6,7]. In a previous study, individuals with high PRS values (1.5%–8% of the 
population) showed a greater than three-fold risk of coronary artery disease, atrial fibrilla-
tion, type 2 diabetes (T2D), inflammatory bowel disease, and breast cancer [8]. 

Despite an abundance of scientific evidence on genetic associations, there are two sig-
nificant limitations for generalizing genomics into clinical practice. First, genetic associa-
tions differ according to populations, and some associations are produced by the winner’s 
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curse, the systematic overestimation of genetic effects in a particu-
lar population due to chance noise resulting in an unexpectedly 
low replication rate [9]. The other limitation is that a majority of 
the previous GWAS have been conducted in Europeans [7]. These 
studies may have biased results leading to a reduction in individual 
genetic risk prediction in non-Europeans [7]. Therefore, more 
non-European based studies are needed to validate the reported 
variants and improve genetic risk assessment across diverse popu-
lations [7]. 

In this study, we performed association tests on previously re-
ported variants responsible for variations of glycemic indexes (fast-
ing plasma glucose [FPG] and glycated hemoglobin [HbA1c]), 
T2D, and liver enzymes (alanine aminotransferase [ALT], aspar-
tate aminotransferase [AST], and γ-glutamyl transferase [GGT]) 
in East Asians. Among the 1,078 associations known as of Decem-
ber 2018, 422 independently associated variants were analyzed us-
ing 125,872 samples from the Korean Genome and Epidemiology 
Study (KoGES) [10] genotyped with the Korea Biobank Array 
(KBA) [11]. In addition, association results from this study were 
compared to those of the UK biobank (n =  361,194 for biochemi-
cal traits) and European GWAS for T2D (n =  898,130). Further-
more, genetic effects were compared between East Asians and Eu-
ropeans. The analysis flow of this study is summarized in Fig. 1. 

Methods 

Study subjects 
The KoGES was initiated in 2001 to investigate genetic and envi-
ronmental factors for complex traits. There were 211,725 partici-
pants (aged 40–70 years) recruited from three population-based 
cohorts, including the KoGES_Ansan and Ansung study, the 
KoGES_Health EXAminee (HEXA) study, and the KoGES_Car-
dioVascular disease Associations Study (CAVAS) [10]. Partici-
pants were examined using epidemiological surveys, physical ex-
aminations, and laboratory tests. All participants provided in-
formed consent. The study using the KoGES samples was ap-
proved by an institutional review board at the Korea National In-
stitute of Health, Republic of Korea. The description of KoGES 
has been published previously [10]. 

Phenotype measurements 
Glycemic indexes (FPG and HbA1c) and liver enzymes (ALT, 
AST, and GGT) were measured. Participants with possible con-
founding factors (such as medication or therapy) were excluded 
from further analysis. The traits were inverse normal transformed 
to an approximate normal distribution [4]. T2D cases were de-
fined based on the following criteria: diabetes diagnosis, T2D 

treatment, anti-diabetic treatment, FPG ≥ 7.0 mmol/L (126 mg/
dL), plasma glucose 2 h after ingestion of 75 g oral glucose load ≥  
11.1 mmol/L (200 mg/dL, when available) or HbA1c ≥  6.5% 
(when available). Controls were defined as having no history of 
T2D, FPG <  5.6 mmol/L, plasma glucose 2 h after ingestion of 75 
g oral glucose load <  7.8 mmol/L (when available) and HbA1c <  
6% (when available). There were 12,135 T2D cases and 94,636 
controls. 

Genotyping and quality control 
The KBA has been designed to contain tagging variants optimized 
for East Asians and functional variants selected from 2,576 se-
quenced Korean samples [11]. The detailed description of the de-
sign of the KBA project has been described previously [11]. Ini-
tially, 134,721 samples were genotyped using KBA. Genotypes 
from the samples were called by batches, with about 3,000 to 
8,000 samples considered the recruitment site. Plink v1.9 was used 
for conducting quality control (QC) [12], which was performed 
according to the KBA QC and analysis protocol (http://www.ko-
reanchip.org). Samples were excluded based on the following cri-
teria: gender discrepancy, low call rate ( < 97%), excessive hetero-
zygosity, outliers of the principal component analysis by using 
FlashPCA [13]. After sample QC, low-quality variants were re-
moved if they were poorly clustered based on SNPolisher analysis 
results, with the missing rate >  5%, and the Hardy-Weinberg equi-
librium failure p <  10–6. For the QC dataset, 2nd-degree relatives 
were removed from the dataset using KING v2 software [14]. 
Consequently, 125,872 samples remained for further analysis. 

Retrieving previously associated variants 
The variants previously associated with any of the glycemic index-
es, liver enzymes, or T2D were retrieved from a GWAS catalog da-
tabase (https://www.ebi.ac.uk/gwas/). From this record, variants 
from a particular study with less than 1,000 samples were removed 
from further study to prevent possible false positives from winner’s 
curse of early GWAS efforts. As of December 31, 2018, there were 
1,078 variants cataloged. Chromosomal positions were converted 
from hg38 to hg19 using LiftOver from the University of Califor-
nia Santa Cruz (UCSC) genome browser [15]. All variants located 
within 500 kb were clustered as a locus. Among 1,078 variants, 
variants were used if minor allele frequency (MAF) >  0 in 1,000 
Genomes project phase 3 East Asians (1KG EAS) [16] and with 
imputation quality score (info ≥  0.8) in this study. For selecting 
independent associated variants among the loci, clumping method 
was used for selecting the variants with the lowest p-value among 
correlated variants in a specific locus. To do this, pairwise linkage 
disequilibrium (LD) r2 among the loci was calculated using 504 
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samples of 1KG EAS data. As a threshold for clumping, LD r2 ≥  
0.2 in 1KG EAS was used. After filtering, 422 independently asso-
ciated variants remained for further analysis (Fig. 1). 

Statistical analysis 
The independently associated variants (n =  422) were imputed if 
they could not be directly genotyped. Pre-phasing based imputa-
tion was conducted using Eagle v2.3 for phasing and Impute v4 
(https://jmarchini.org/software/) was used for genotype imputa-
tion [2,17]. For imputation, a merged reference panel of 2,504 
samples of 1,000 Genomes project phase 3 and 397 Korean whole 
genome sequencing data was used as the reference panel [11]. Sin-
gle variant associations were assessed through linear or logistic re-
gression analysis based on alternative allele counts using EPACTS 
v3.4.6 (http:// genome.sph.umich.edu/wiki/EPACTS) and ad-
justed for age, sex, and body mass index (for T2D). Scatter plots 
were generated using the R statistics program (version 3.4.4; 
https://www.r-project.org). 

Results 

The overall analysis scheme is summarized in Fig. 1. As of Decem-
ber 2018, FPG, HbA1c, ALT, AST, GGT, and T2D associated vari-
ants were selected from a GWAS catalog database. To exclude pos-
sible false positives, studies with less than 1,000 samples were re-
moved from further analysis. Initially, there were 1,078 variants as-
sociated with six traits of interest. Among 1,078 variants, variants 
were selected if MAF >  0 in 1KG EAS and with a high imputation 
quality score (info ≥  0.8). In addition, variants were further refined 
to select independently associated variants by clumping, selecting 
the variants with the lowest p-value among correlated variants. For 
clumping, p-values of variants from GWAS catalog were used and 
LD threshold was set to r2 ≥  0.2 using 1KG EAS. Consequently, 
422 independently associated variants remained for further analy-
sis. Of these, 216 (51.2%) were T2D variants. We also observed 

several loci that contained more than two independent variants. For 
example, there were five independently associated T2D variants at 
6p21.33 (chr6:31136435–32685550) (Supplementary Table 1). 

The independently associated 422 variants were tested for an as-
sociation with biochemical traits and T2D. The replication results 
are summarized in Table 1: 284 variants (67.3%) were associated 
with six traits (p ≤  0.05) (Table 1, Supplementary Table 1). We 
further assessed the summary statistics of the European GWASs 
from the UK biobank (n =  361,194, downloaded from Neale lab, 
http://www.nealelab.is/) and DIAMANTE European (n =  
898,130). In the European GWAS results, 320 variants were asso-
ciated with six traits p ≤  0.05) (Table 1). Based on the association 

Table 1. Summary of replication results

Trait No. of associations EAS (p ≤  0.05) EUR (p ≤  0.05) EAS or EUR (p ≤  0.05) Not replicated Correlation (r)
ALT 30 27 24 29 1 0.54
AST 29 27 20 27 2 0.67
GGT 55 50 48 53 2 0.33
FPG 54 41 40 47 7 0.53
HbA1c 38 32 33 37 1 0.52
T2D 216 107 155 168 48 0.68
Total 422 284 320 361 61 -

EAS, East Asians; EUR, European; ALT, alanine aminotransferase; AST, aspartate aminotransferase; GGT, γ-glutamyl transferase; FPG, fasting plasma glucose; 
HbA1c, glycated hemoglobin; T2D, type 2 diabetes.

Fig. 1. Overall analysis scheme.

GWAS catalogue (As of Dec 2018)
(n=1,078)

Independently associated variants
(n=422, based on East Asians)

Association analysis
(361 replicated [85.5%])

Association test
1. East Asian (Korean, n=125,872)
2. European: Quantitative traits (UK Biobank, n=361,194),

T2D (DIAMANTE European, n=898,130)

Filtering criteria
1. MAF > 0 in East Asians of 1,000 Genomes project (EAS)
2. Imputation quality ≥ 0.8 (inf score)
3. Independently associated variant (Clumping, LD r2 ≥ 0.2, EAS)

Traits: FPG, HbA1c, ALT, AST, GGT, T2D
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results of either the KBA or European GWAS, 361 variants (85.5%) 
were found to be associated with six traits (p ≤  0.05). However, 61 
were not replicated in both the KBA and European GWASs (p >  
0.05). Although the replication results varied by population due to 
differences in sample sizes and genetic architectures, effect sizes 
from the KBA and European studies were moderately correlated 
(Table 1, Fig. 2). The correlation coefficient (r) was 0.33–0.67 for 
liver enzymes, 0.52–0.53 for glycemic indexes, and 0.68 for T2D 
(Table 1). The 61 non-replicated variants showed genetic effect sizes 
close to zero in both the populations. Furthermore, the effect sizes of 
the KBA and European studies showed an increased correlation (r 
=  0.76) when the non-replicated variants were removed from the 
dataset. Notably, some of the variants were not available in the re-
sults of the European studies, possibly due to low allele frequency 
and technical problems arising from imputation analysis and associ-
ation tests (Table 2). 

Discussion 

In the current study, 422 biochemical traits and T2D variants were 
extensively validated in the 125,872 samples from either the Kore-
an or European GWASs (n =  361,194; n =  898,130). Recently, 
Biobank Japan (BBJ) conducted a GWAS on biochemical traits 
and T2D in approximately 160,000 Japanese individuals [4,18]. 
However, the BBJ GWAS focused on the variants with statistical 
significance (p <  5 ×  10-8). In our findings, there were multiple 
independent variants in a single locus. These independent variants 
would not be analyzed if a lead signal was selected for a given lo-
cus. Overall, we validated 361 of the 422 independently associated 
variants (p ≤  0.05). In the present study, we also reported 61 
non-replicated variants not found in either of the two populations, 
possibly due to the winner’s curse, technical problems, or because 
the study was conducted in a specific population other than East 
Asians or Europeans. However, further analyses are needed to in-

Fig. 2. Effect sizes in East Asians and Europeans. X-axis represents effect sizes from Korea Biobank Array (KBA). Y-axis represents effect 
sizes from UK biobank association results. Red dotted line indicates a diagonal line.
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vestigate the reason for replication failures. Our findings provide 
valuable information regarding effect sizes and statistical signifi-
cance, which is essential to improve the assessment of disease risk 
using PRS analysis. 

Although these findings are valuable resources, our study is lim-
ited by a small sample size relative to the previously conducted Eu-
ropean GWAS. For example, only 107 T2D variants (49.5%) were 
replicated in the KBA, whereas 155 variants (71.8%) were replicat-
ed in the results of European GWAS (n =  898,130). Given the 
highly correlated effect sizes across populations (r =  0.76 for repli-
cated variants) (Fig. 2), this discrepancy is possibly due to the sev-
en-fold smaller sample size of the KBA. A larger sample size or a 
meta-analysis through an international collaboration is required to 
perform a GWAS that is comparable to the European GWAS. The 
other limitation of this study is the use of summary statistics of the 
UK biobank downloaded from the Neale lab (http://www.neale-
lab.is/). The summary statistics from the Neale lab does not con-
sider confounding factors such as medication and disease state that 
may influence biochemical traits. Therefore, a correlation analysis 
using the KBA and UK biobank results from the Neale lab would 
underestimate the correlation due to the possible confounding ef-
fects of the UK biobank results. 

Recently, the utility of PRS in clinical practice has garnered con-
siderable attention [6]. However, PRS may not accurately repre-
sent genetic risk at an individual level if unvalidated variants or 
only lead variants are used for constructing the PRS. In this con-
text, our study provides valuable resources for constructing PRS in 
East Asians, particularly in a Korean population. However, valida-
tion efforts in a specific population should be conducted along 
with the continuous study of ethnically diverse populations. 
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Analyzing patterns in data points embedded in linear and non-linear feature spaces is con-
sidered as one of the common research problems among different research areas, for ex-
ample: data mining, machine learning, pattern recognition, and multivariate analysis. In 
this paper, data points are heterogeneous sets of biosequences (composite data points). A 
composite data point is a set of ordinary data points (e.g., set of feature vectors). We theo-
retically extend the derivation of the largest generalized eigenvalue-based distance metric 
Dij(γ1) in any linear and non-linear feature spaces. We prove that Dij(γ1) is a metric under 
any linear and non-linear feature transformation function. We show the sufficiency and 
efficiency of using the decision rule     (i.e., mean of Dij(γ1)) in classification of heteroge-
neous sets of biosequences compared with the decision rules minΞiand medianΞi. We ana-
lyze the impact of linear and non-linear transformation functions on classifying/clustering 
collections of heterogeneous sets of biosequences. The impact of the length of a sequence 
in a heterogeneous sequence-set generated by simulation on the classification and clus-
tering results in linear and non-linear feature spaces is empirically shown in this paper. We 
propose a new concept: the limiting dispersion map of the existing clusters in heteroge-
neous sets of biosequences embedded in linear and nonlinear feature spaces, which is 
based on the limiting distribution of nucleotide compositions estimated from real data sets. 
Finally, the empirical conclusions and the scientific evidences are deduced from the experi-
ments to support the theoretical side stated in this paper. 

Keywords: classification, clustering, composite data points, limiting dispersion map, linear 
(non-linear) transformation function, sets of sequences, statistical learning

The extension of the largest 
generalized-eigenvalue based distance 
metric Dij(γ1) in arbitrary feature spaces 
to classify composite data points
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Introduction 

Biological databases are the normal hosts for bio-sequences. Analyzing bio-sequences is 
the main role of the sequence analysis research field. Biological databases are organized 
based on either (1) information and knowledge that is implicitly associated with bio-se-
quences, or (2) information and knowledge that is extracted from bio-sequences. In this 
paper, the key words bio-sequences and sequences have the same meaning, and we use 
them interchangeably. The process of submitting sequences by the existing scientific re-
search labs is a continuous process. Therefore, the volumes of the existing biological data-
bases are increasing continuously. On the other hand, to capture and analyze the useful 
and undetectable information contained in biological datasets, the sequence analysis re-
search community is encouraged to propose the next-generation of sequence analysis 
methods, algorithms and techniques. It should be noted that the existing sequence analysis 
methods, algorithms and techniques are categorized into different research fields, for ex-
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ample: machine learning, pattern recognition, data mining, bioin-
formatics, and signal processing. 

Plants, organisms and microorganisms are classified into different 
classes. In the 19th century, Francis Galton [1], the first geneticist, 
studied data collected from different types of peas. He studied mea-
surements (i.e., features) extracted from parent and offspring. Clas-
sification is a natural human process, which can be performed by 
the human brain to classify different types of entities. Computa-
tionally speaking, the classification process can be performed by 
computational devices (i.e., machines) using a well-defined classifi-
cation algorithm. The classification process can be performed using 
two different modes: either (1) classification or (2) clustering. The 
data availability and the availability of information about data are 
considered key points in selecting the appropriate mode to perform 
the required classification process. The classification process can be 
performed using: (1) statistical approaches, (2) artificial neural 
network (ANN) approaches, and (3) syntactical approaches [2,3]. 
The existing approaches can only process ordinary data points (e.g., 
feature vectors or sequences). An ordinary data point is a one-entity 
data point, for example: observation of feature variable (uni-vari-
ate), feature vector, string or sequence. 

As we mentioned, in this paper, the data points under consider-
ation are sets of heterogeneous sequences (composite data points). 
A composite data point is a multi-entity data point, for example: set 
of feature vectors, set of strings or sequences. The extracted infor-
mation from sets of heterogeneous sequences (composite data 
points) can be evaluated as either perfect or imperfect information 
[4]. The imperfect information has an impact on the decision-mak-
ing process. Hence, there are two types of decisions: (1) risky deci-
sions (type-1) and (2) decisions with uncertainty (type-2) [4]. 
The risky decision [4] is a decision with the following attribute: its 
risk can be analyzed or interpreted by a probabilistic model or a 
fuzzy model. The uncertainty decision [4] is a decision with the 
following attribute: its risk cannot be analyzed or interpreted by a 
probabilistic model or a fuzzy model. The risk is defined as the gray 
area between certainty and uncertainty. If the sequence-based data-
sets under consideration are collected to represent a biological phe-
nomenon (e.g., viral infection, spread of diseases), then type-2 deci-
sions are considered unsafe. Part of the solution lies in drawing up a 
road map for developing the next-generation of feature extraction, 
and sequence-analysis techniques. To pave the path for the re-
searchers in the field, in this paper, we aim to tackle the problem of 
analyzing sequence-sets from a different angle. The generalized 
largest eigenvalue-based distance metric Dij(γ1) proposed in 
Daoud’s study [5] (defined in Daoud’s study [6] as Mosaab-metric 
Space) can be discovered in a different way. We aim to extend the 
theoretical and practical sides of Dij(γ1) in any linear and nonlinear 

feature spaces. Moreover, we use the key words: group of sequenc-
es, sequence-set, and set of sequences interchangeably. 

The remaining sections of this paper are summarized as follows. 
In the next part of this section we present the related work. Section 
I presents the extension of the largest generalized eigenvalue-based 
distance metric in any linear/non-linear feature spaces. Section II 
presents the experiments and results. Finally, conclusions and fu-
ture work are given in section III. 

In genetics, the datasets under consideration are sequence-based 
datasets, where each data point is either a biological sequence (ordi-
nary data point) or a set of biological sequences (composite data 
point). There are three types of biological sequences. The types of 
biological sequences are defined as follows: (1) DNA sequences, (2) 
RNA sequences, and (3) PROTEIN sequences. In terms of lan-
guage modeling, each type of biological sequences is drawn from a 
different alphabet. The alphabets of DNA, RNA, and PROTEIN se-
quences are defined as follows: 
ΣDNA = {A, C, G, T}, ΣRNA = {A, C, G, U}, and ΣPROTEIN = {A, R, N, D, 
C, Q, E, G, H, I, L, K, M, F, P, S, T, W, Y, V} respectively. The se-
quences are either classified or clustered (grouped) based on their 
biological features (e.g., homology). For example, in nature, the seg-
mented genome of influenza virus is a homology-free group of se-
quences. In fact, the segmented genome of influenza virus is consid-
ered as a heterogeneous sequence-set, because its sequences have 
different biological functions and different nucleotide compositions. 
Moreover, there is another type of sequence-set, the homogeneous 
sequence-set, where sequences are grouped in a sequence-set based 
on their common biological features (e.g., sharing a common ances-
tor) using various algorithms, for example, multiple alignment algo-
rithms, pairwise alignment algorithms, and alignment-free algo-
rithms. 

In the recent years, the capacity of the research work in the area of 
sequence analysis has been developed rapidly and extensively, and 
the objective is to analyze different types of sequences at different 
molecular levels (e.g., primary structure, secondary structure). Ana-
lyzing sequence-sets in feature spaces is a new developing research 
direction. Daoud and Kremer established a new platform for the 
new research direction: Alignment-free Sequence-Set Analysis [5-7], 
and achieved the first successful attempt in 2010. The new research 
direction basically focuses on analyzing patterns in classes of se-
quence-sets without using alignment. In the next part of this sec-
tion, we present the related research work. 

Daoud and Kremer [8] proposed a new technique to extract fea-
ture vectors embedded in Rp from sets of homogeneous sequences 
(e.g., families of biological sequences), to implement statistical and 
neural classification techniques on homogeneous sequence-sets in 
linear feature space using the linear transformation X =(X1,X2,…, 
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Xp)’, instead of data space. The proposed technique works vertically 
on the sequences of each independently aligned homogeneous se-
quence-set. Precisely, instead of mapping each sequence of a homo-
geneous sequences-set into the feature space (i.e., each sequence is 
represented by one observed feature vector or data vector x), the 
technique map the whole homogeneous sequences-set into linear 
feature space by converting each ordered pair of sequence-set sites 
into data vector in order to preserve the common hidden informa-
tion structure in homogeneous sequences-sets (Fig. 1), unaligned 
sequence-set with common information structure). Moreover, 
Daoud and Kremer [8] proposed a new classification algorithm to 
classify aligned homogeneous sequences-sets in linear feature space. 
The proposed statistical classification algorithm is considered as a 
variance-covariance structure-based classification algorithm [8], 
where the optimization on the statistical side is defined in terms of 
statistical variation to capture biological variation in homogeneous 
sequence-sets. Hence, the proposed theory connects the statistical 
variation as a statistical concept with the biological variation as a bio-
logical concept. The classification algorithm is built upon using the 
following largest generalized eigenvalue-based distance metric: 

(1)
 

where γ1 the largest generalized eigenvector associated with λ1, the 

largest generalized eigenvalue of the matrix (Ωi-Ωj), and Ωi and Ωj 
are the variance-covariance matrices of the sequence-sets i and j re-
spectively. Dij(γ1) is a (matrix inverse operation)-free distance met-
ric. In addition, Daoud [5] solved the sequence-set proximity prob-
lem under the homology-free assumption, which is defined as the 
problem of measuring the closeness between any two sets of bio-se-
quences (two composite data points), where the homology as-
sumption is unknown within each sequence-set or between se-
quence-sets. It is a generalization of the sequence proximity prob-
lem. The sequence proximity problem is defined as the problem of 
measuring the distance between any two given sequences, or 
among the sequences of a given sequence-set in a pairwise manner. 
It should be noted that the existing (1) pairwise alignment, (2) 
multiple alignment, and (3) alignment-free based distance/similar-
ity measures are designed to solve the sequence proximity problem 
under the homology assumption [9,10]. The generalization of se-
quence proximity problem shrinks the effectiveness and the validity 
of the existing alignment-based and alignment-free distance/simi-
larity measures, thus, a distance measure at the sequence-set level is 
required [5] to perform the following tasks on sequence-sets under 
the homology-free assumption: (1) searching, (2) classification, 
and (3) clustering, (4) detecting variation, and (5) visualization. 
The proposed distance metric given in 1 shows robustness in per-
forming the required tasks on sequence-sets under the homolo-

Fig. 1. Example: set of sequences with or without common information structure.
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gy-free assumption. The time complexity of the proposed distance 
metric is linear while the time complexity of local alignment-based 
distance measures is quadratic [5,6]. Comparisons between the 
proposed largest generalized eigenvalue-based distance metric Di-

j(γ1) and the alignment-based distance measures are given in 
Daoud’s study [1,3], and the results show robustness in terms of se-
lectivity, sensitivity, and time complexity. Moreover, the proposed 
algorithms in Daoud et al’s study [5,6,8,11] are designed using the 
following principles. 

(P0) Homogeneous sequence-set must be mapped from data 
space into feature space as one entity to preserve its hidden common 
information structures. It is expected that the sequences of any ho-
mogeneous sequence-set have common information structures. In 
feature space, a statistical assumption-free representation is consid-
ered, for example, the variance-covariance structure, and a vari-
ance-covariance structure-based distance measure is proposed to de-
sign supervised and unsupervised distance-based classifiers (Fig. 1). 

(P1) Heterogeneous sequence-set must be mapped from data 
space into feature space as separated sub-entities (i.e., as separated 
sequences), since there is no prior knowledge about the existence 
of common information structures among those sub-entities. In 
feature space, statistical assumption-free representation is consid-
ered, which is the variance-covariance structure, and a variance-co-
variance structure-based distance measure is proposed to design 
supervised and unsupervised distance-based classifiers (Fig. 1). 

The common corner in both principles is the variance-covari-
ance structure. The variance-covariance structure is a statistical in-
formation structure with the following characteristic: it is a relation 
descriptor which can be used to statistically describe all possible re-
lations between feature variables of a feature vector embedded in Rp 
in terms of co-variation and variation. It has a matrix form, which it 
is embedded in Rp ×  Rp. To solve the sequence-set proximity prob-
lem under the homology-free assumption, a variance-covariance 
structure-based distance measure (or metric) is required to achieve 
this goal. The most popular variance-covariance structure-based 
distance measures is the Mahalanobis distance measure. The com-
putation of Mahalanobis distance measure requires the inverse of 
the variance-covariance matrix. Hence, the measure is inapplicable 
in the case of singular matrices, in addition, the matrix inverse oper-
ation is computationally expensive operation. The singularity of 
variance-covariance matrices shrinks the applicability of well know 
multivariate statistical analysis techniques, for example: principal 
components analysis (PCA), factor analysis, variance-covariance 
matrices-based test statistics, unless a new matrix transformation is 
defined. In this case and in terms of time complexity, more compu-
tations will be added. 

Forstner metric is a mathematical metric that can be used in mea-

suring the difference between two variance-covariance matrices 
[12]. It is entirely based on only the generalized eigen-problem of 
two variance-covariance matrices. The metric is defined as the sum 
of squared logarithms of the eigenvalues of                              . Therefore, 
Forstner metric requires the inverse of one of the variance-covariance 
matrices. Hence, the metric is inapplicable in case of singular matri-
ces, in addition, computationally, the matrix inverse operation is an 
expensive operation. The metric has no statistical interpretation. 

ANN are well known stochastic approximation models and pow-
erful in performing classification tasks. The Vanilla back-propaga-
tion ANN used in Daoud and Kremer’s study [8] to classify aligned 
homogeneous sequence-sets (aligned RNA families) in linear fea-
ture space. The network trained with the standard gradient descent 
approach implemented by the generalized delta rule. The proposed 
ANN-based algorithm shows its effectiveness in classifying aligned 
homogeneous sequences-sets (aligned RNA families) in linear fea-
ture space [8]. Moreover, Daoud and Kremer [11] proposed a nov-
el algorithm for detecting similarities between aligned homoge-
neous sequence-sets in linear feature space using the steady state 
concept of PCA-neural network. The proposed algorithm designed 
using the valuable equilibrium property of the PCA–neural net-
work, which is defined as: training the PCA–neural network with 
two sets of feature vectors using the generalized Hebbian rule, 
where each set of feature vectors represents an aligned homoge-
neous sequence-set, may lead the PCA–neural network to converge 
to the same attractor point or to two different attractor points. In 
this context, the attractor point is defined in terms of the principal 
axises (i.e., eigenvector). ANN and PCA–neural network can only 
process ordinary data points, therefore, we implemented computa-
tional modification to process composite data points. As a conclu-
sion, the computational modification shrinks the capability of those 
stochastic approximation models to process large number of com-
posite data points. For example, at each computational phase, we 
can compare two composite data points using the steady state con-
cept of PCA–neural network to conclude similarities or dissimilari-
ties. As we mentioned, one of the effectiveness of the new vari-
ance-covariance structure-based statistical pattern recognition sys-
tem proposed in Daoud’s study [5] is its capability to process large 
number of composite data points, specifically, heterogeneous sets 
of sequences. The comparison between the existing machine learn-
ing approaches and the proposed variance-covariance statistical 
pattern recognition system is given in Fig. 2. 

The statistical variation is a well-known measure (statistic) in sta-
tistical sciences, and it is rapidly used in life sciences to measure and 
analyze biological variation in biological datasets. The generalized 
form of the statistical variation is the variance-covariance structure, 
which is represented by the variance-covariance matrix. The vari-
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ance-covariance matrix is a symmetric positive definite matrix that 
represents a summary of variations and co-variations of a vector of 
feature variables. The off-diagonal elements of the variance-covari-
ance matrix are the co-variances of feature variables, while the diag-
onal elements of the variance-covariance matrix represent the vari-
ances of feature variables [1]. The distribution of the eigenvalues of 
variance-covariance matrices has been studied in multivariate statis-
tical analysis [13]. The problem of comparing two variance-covari-
ance matrices has been studied extensively in the areas of multivari-
ate statistical analysis and applied statistics, and it is reduced to the 
problem of analyzing the generalized eigenstructure (i.e., eigenvec-
tors associated with eigenvalues) of two or more variance-covari-
ance matrices. The existing generalized models of PCA are as fol-
lows: (1) the Generalized Principal Component Analysis Model 
(GPCA) [14], (2) the Common Principal Components Analysis 
Model (CPCA) [15,16], and (3) the MD-Generalized Principal 
Component Analysis Model (MD-GPCA) [17] are entirely differ-
ent from the concepts of (a) distance measure, (b) generalized dis-
tance measure, (c) metric and metric space, (d) generalized metric 
and generalized metric space. Those models are defined in terms of 
the generalized eigenstructure (i.e., eigenvectors associated with ei-
genvalues) of well-defined functions of variance-covariance matri-

ces                             . All those theoretical models 
are statistical assumption-based models. The input of Generalized 
Models of PCA are feature vectors (ordinary data points), and the 
outputs are generalized eigenvectors and generalized eigenvalues 
(i.e., they are not distance values). At each computational phase, the 
Generalized Principal Component Analysis Models (GPCA and 
MD-GPCA) can process two composite data points. The Common 
GPCA can process few composite data points under the following 
statistical assumptions: feature vectors are assumed to have multivar-
iate normal distributions, and covariance matrices must be non-sin-
gular matrices. Therefore, we note that, both Forstner metric and 
Mahalanobis distance measure are different from GPCAs proposed 
in Flury and colleagues’ studies [14-17]. At this point, Comparisons 
between the proposed metric Dij(γ1) and the existing PCA-based 
(dis)-similarity comparison models GPCAs can be found in 
Daoud’s study [5], which are approximately identical to the above 
comparisons. In other words, the concept of Dij(γ1) is different from 
the concepts of all the existing GPCAs. 

In the case of heterogeneous sequence-sets, the mixture model is 
the appropriate statistical model that can be applied in analyzing 
heterogeneous sequence-sets in feature space. Learning from a mix-
ture model is not an easy task due to the characteristics of the mod-

Fig. 2. The comparison between the existing machine learning approaches and the proposed variance-covariance statistical pattern recog-
nition system.
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el. For example, the model can only process ordinary data points 
(observed feature vectors/data vectors). In addition, defining a 
weighted probability distribution function for the mixture model re-
quires a statistical estimation technique to estimate its weights (core 
parameters). As a matter of fact, the estimation technique and the 
data availability have an impact on the decision-making process. In 
this context, we can shape the following: most of the proposed sta-
tistical techniques are derived using statistical assumptions. Those 
assumptions can be easily violated due to the nature of real-world 
problems. The violation of statistical assumptions may jeopardize 
the performance of the existing statistical techniques in analyzing 
datasets under consideration. Consequently, the next-generation of 
statistical learning models are expected to be assumption-free mod-
els, and hence, they can be implemented on a wide range of datasets. 
For example, if the statistical decision rule is derived using the fol-
lowing statistical assumption: the feature vector has a specific proba-
bility distribution (e.g., multivariate normal distribution), then it is 
not necessary that the assumed feature vector follows the same prob-
ability distribution in all datasets under consideration. The assump-
tion is expected to face violation in real-world problems, and different 
datasets are expected to have different probability distributions. 

To proceed further in presenting the research work, we must pres-
ent the following facts. Any biological sequence is linear in time. Sta-

tistically speaking, any biological sequence is defined as ordered 
symbols (i.e., bases or nucleotides), where those symbols are drawn 
from a finite alphabet based on a specific probability distribution 
(i.e., nucleotide composition). This statistical assumption is not al-
ways true, and by performing the following simple experiment, we 
can confirm this fact. By sliding a window on any biological se-
quence from one end to another, the resultant local probability dis-
tributions of the nucleotide composition are not always homoge-
neous (i.e., having same probability distribution along any biological 
sequence) (Fig. 3). Thus, in the case of a homogeneous sequence-set, 
it is not always biological sequences that constitute a sequence-set 
have homogeneous probability distribution, but they are homoge-
neous in the sense of sharing the same ancestor. Thus, those sequenc-
es are biologically homogeneous, but statistically, the nucleotide 
composition of each sequence is hard to be modeled by one proba-
bility distribution. This fact is true for any heterogeneous se-
quence-set, and thus it is a violation for the statistical assumption of 
the mixture model (i.e., probability distributions are specified in ad-
vance), and in this case, the mixture model is inapplicable. 

In this paper, we anticipate that the proposed metric Dij(γ1) in 
Daoud’s studies [5,6] can be theoretically and practically extended 
in any linear and nonlinear feature spaces to solve the sequence-set 
proximity problem under the homology-free assumption. In this 

Fig. 3. (A) The nucleotide density of each biological sequence in a segmented genome of a influenza virus (a composite data point) using 
1-grams and 2-grams feature vectors. (B) Figures counts the number of each type of base or word in a biological sequence using mat-
lab-bioinformatics toolbox.
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section, we presented the related work, in the next subsection, the 
statement of the problem is presented. 

The statement of the problem (the extension of Dij(γ1) in 
any linear and nonlinear feature spaces) 
Our work is exclusively focuses on the following: we aim to extend 
the theoretical-side and practical-side of the metric Dij(γ1) in any 
linear and nonlinear feature spaces, where each data point is a set of 
heterogeneous sequences (i.e., each data point is a composite data 
point or a dataset). We aim to show the efficiency and sufficiency of 
using the mean of the distance values of Dij(γ1) instead of using the 
minimum or the median of the distance values in solving the classi-
fication problem of heterogeneous sequence-sets in any linear and 
nonlinear feature spaces. We aim to analyze the impact of linear and 
non-linear transformation functions on classifying/clustering col-
lections of heterogeneous sets of biosequences. We aim to show the 
impact of the sequence length on the classification and clustering of 
simulated heterogeneous sequence-sets generated form real hetero-
geneous sequence-sets in linear and nonlinear feature spaces. 

It should be noted that all the existing data mining and machine 
learning methods are ordinary data point-based methods (e.g., ob-
served feature vector, sequence). Generalization from ordinary data 
point to composite data point (e.g., set of observed feature-vectors, 
set of sequences) has not been achieved yet by the research com-
munities in the fields of data mining and machine learning. Trans-
forming data points from a one feature space to another linear or 
nonlinear feature space has the effect of detecting varieties of unde-
tectable (dis)-similarities among data points. 

After we presented the statement of the research problem under 
consideration, the objectives of this paper are entirely different from 
the objectives of the research work presented in Daoud et al’s stud-
ies [5,6,8,11,18]. However, the objectives of this paper are consid-
ered as core objectives of the research topic: Alignment-free Se-
quence-set Analysis or implicitly Bio-Data Mining of Composite 
Data Points. Moreover, the research work presented in this paper is 
an extension of the research work presented in Daoud et al’s studies 
[5,6,8,11,18]. In the next section, the extension of Dij(γ1) in any lin-
ear and nonlinear feature spaces is presented.  

Methods  

The extension of Dij(γ1) in any linear and nonlinear feature 
spaces 
In this section, we present the theoretical extension of Dij(γ1) in any 
linear and nonlinear feature spaces. Dij(γ1) [5,6,18] is a variance-co-
variance structure based distance measure, that can measure the 
distance between any two variance-covariance matrices embedded 

in (Rp × Rp). The measure is a matrix inverse operation-free mea-
sure which can work with singular matrices and it requires less 
computation compared with Mahalanobis distance measure and 
Forstner metric. The measure is built upon the generalized GPCA, 
and implicitly the generalized eigen-problem, but conceptually it is 
irrelevant to the concept of a model. In fact, it is a measure. Dij(γ1) 
requires no prior statistical-based assumptions, which make it easy 
to implement, and thus, it is an assumption-free distance measure. 
The datasets under consideration are sequence-based datasets. Se-
quences may vary in length, and in terms of uncertainty, we assume 
that each sequence is generated by a stochastic source, in other 
words, ∃ a statistical model (Model) such that the nucleotide com-
position of a given sequence can be modeled using (Model). If se-
quences in a sequence-set have the same biological function and 
implicitly have the same nucleotide composition, then it is called a 
homogeneous sequence-set, otherwise, it is called a heterogeneous 
sequence-set. Usually, each data point embedded in the data space 
is a sequence. Suppose that each data point embedded in the data 
space is a heterogeneous set of sequences. In this context, and for 
each heterogeneous sequence-set embedded in data space, it is hard 
to assume unrealistic assumptions, for example: the nucleotide 
composition of each sequence can be modeled by one probability 
distribution or by probability distributions that are generalizable to 
all other sequences in a heterogeneous sequence-set. 

The stages of data life cycle have an impact on the data mining 
phase and decision-making phase. In any dataset, the existence of 
hidden information structures is expected, therefore, it is required to 
map datasets under consideration into various feature spaces to rec-
ognize, analyze, and visualize the existence of hidden information 
structures. This strategy has an impact on decision making phase. As 
we mentioned, sequence-sets are embedded in data space, which 
can be projected into feature spaces. Hence, there are various data 
mining methods that can be used to analyze datasets embedded in 
data space and feature spaces. The new paradigm shift proposed by 
Daoud [5] is constructed upon the following new concept: we have 
to map any sequence-based dataset into various feature spaces in or-
der to recognize, analyze, and visualize its hidden information struc-
tures from different angles using suitable data mining methods. In 
other words, the new paradigm shift has one principle, which is the 
extension principle of data projection. We define the extension prin-
ciple of data projection as: we have to extend the data life cycle by 
mapping datasets into various feature spaces, and consequently, we 
have to extend adaptability and applicability of methods used in ana-
lyzing datasets. In the next part of this section, we present the theo-
retical extension of Dij(γ1) in any linear and nonlinear feature spaces. 
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Definition 1 
Let Class of Spaces =  {Sp1, Sp2, Sp3, …} be the set of all possible 
feature spaces into which data points can be projected. Let ϕ be a 
well-defined transformation function that can be used to map data 
points from one feature space to another. Thus, using the extension 
principle of data projection, the data life cycle always can be extend-
ed by finding a transformation function ϕ that can be used to map 
data points from one feature space to another. 

Definition 2 
Let Σ =  {σ1, σ2, …, σr} be a finite alphabet. Without loss of generali-
ty, let S(j) =  {Seq1

( j ), Seq2
( j ), …, Seqn

( j ) } be a set of sequences, where 
Seqi

( j) is the ith sequence of the jth and 
   . The expansion form of a sequence Seqi

( j) is de-
fend as                      , where                    .
A set of sequences S(j) is either a heterogeneous sequence-set or a 
homogeneous sequence-set. 

As we mentioned earlier in this paper, the data points under con-
sideration are heterogeneous sequence-sets (e.g., genomes of virus-
es). For example, the genome of influenza virus is a segmented ge-
nome. The influenza genome has eight segments, each segment en-
coded into either 1 or 2 proteins [5,6,18-20]. Each protein has a bi-
ological function, and implicitly it has a nucleotide composition. 
The encoded proteins have different biological functions and dif-
ferent nucleotide compositions.

Without loss of generality, let Ξ= {S(1), S(2), S(3),…, S(u)} be a col-
lection of heterogeneous sequence-sets. Let X be a (p × 1) feature 
vector (i.e., X ∈ Rp). The feature vector X is a function from a data 
space to a feature space, X:Σ* - ∈ → Rp. Let Ω = {ω1, ω2, …, ωp} be a 
set of strings (i.e., words, n-grams as defined in Cohen [21]), where 
ωl ∈ (Σ*- ∈)(l = 1, 2, …, p), and ∈ is the empty string. Let X1 ,X2, …, 
Xp be the features that constitute the feature vector X, where Xi rep-
resents the number of occurrences of the string ωl in a sequence Se-
qi

(j) ∈ S(j), where S(j) ⊂ (Σ* - ∈). Using the extension principle of 
data projection, define a transformation function ϕ(X): Rp → Rp’, 
such that p’ ≥ p. A transformation function ϕ(X) can be defined ei-
ther as (1) a linear function, or as (2) a nonlinear function.

A transformation function is a mapping from one feature space 
(i.e., Rp) to another feature space (i.e., Rp’). It is either a linear or a 
nonlinear function. A feature space associated with a linear transfor-
mation function is called a linear feature space. A feature space asso-
ciated with a nonlinear transformation function is called a nonlin-
ear feature space. Using the extension principle of data projection, 
we have to extend the adaptability and applicability of the distance 
measure and the algorithms proposed in Daoud et al.’s studies [5,8]. 
A feature vector is a random vector. A function of feature vector is a 
feature vector. Suppose that ϕ(X) has the mean μ =  Eϕ(X) =  0 and 

variance-covariance matrix ψ(ϕ(X)) = Eϕ(X)ϕ(X)’. ψ(ϕ(X)): Rp → 
Rp’ × p’ is another mapping from Rp space to Rp’ × p’ space. After map-
ping sequence-sets form data space to feature space Rp’ × p’ using the 
composite transformation function ψ(ϕ(X)), and to proceed fur-
ther, we have to extend the theoretical derivations of Dij(γ1) in any 
linear and nonlinear feature spaces.

Definition 3
Using principle (P1), mapping any heterogeneous sequence-set 
((S(j) ⊂(Σ* - {∈}), where S(j)∈ Ξ) into the feature space Rp can be 
achieved by mapping every sequence Seqi

(j) ∈ S(j) into the feature 
space Rp using a well defined (p × 1) feature vector X. Hence, we 
result with a set of real-valued vectors  . Using principle 
(P1), mapping any heterogeneous sequence-set ((S(j)⊂(Σ* - {∈}), 
where S(j)∈ Ξ) into the feature space Rp can be achieved by mapping 
every sequence Seqi

(j)∈ S(j) into the feature space Rp using a well de-
fined (p × 1) transformation function ϕ(X). Hence, we result with a 
set of feature vectors {ϕ (      )       . Using principle (P1), mapping 
any heterogeneous sequence-set (S(j) ⊂(Σ* - {∈}), where S(j) ∈ Ξ) 
into the feature space Rp’ × p’ can be achieved by mapping  into the 
feature space Rp’×p’ using the (p×p) composite mapping ψ (ϕ(X(i))).

The following theorems represent the extension of theoretical 
derivations of the metric Dij(γ1) proposed in Daoud et al.’s studies 
[5,8] in any linear and nonlinear feature spaces, and consequently 
to justify the extension of the sequence-set analysis in any linear 
and nonlinear feature spaces. We use the generic derivation method 
used to obtain GPCA model (proposed by Flury in 1983 [14]) in 
the following theorem. It should be noted that GPCA is a statistical 
and computational generalized model of PCA, whereas the metric 
Dij(γ1) is a generalized metric.

Theorem 1
The distance between two heterogeneous sequence-set S(j1) and 
S(j2), where S(j1) and S(j2) ∈ Ξ, is defined by the maximum deviation 
in variation between ψ (ϕ(X(j1))) and ψ (ϕ(X(j2))) embedded in the 
feature space Rp’ × p’.

Proof: The extended distance measure δ is a mapping from 
Rp’ × p’ × Rp’ × p’→R+. Hence, let κ be a non-trivial vector in Rp’. Define 
the linear combination G = κ’(ϕ(X(j1)-ϕ(X(j2))). The required dis-
tance is defined in terms of maximum deviation in variation.

max Var [G]

subject to: κ ∈ Rp’ and norm(κ) = 1. Since ϕ(X(j1)) and ϕ(X(j2)) are 
statistically independent, we have:

Var[G] = Var[κ'(ϕ(X(j1)) - ϕ(X(j2)))]

(2)

(3)
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Var[G] = Var[κ’(ϕ(X(j1))] - Var[κ’ϕ(X(j2))]

Var [G] = E [κ' ϕ(X(j1))ϕ(X(j1))’κ] - E [κ’ ϕ(X(j2))ϕ(X(j2))’κ]

Var [G] =  κ' [Eϕ (X(j1)) ϕ (X(j1))’ - Eϕ (X(j2)) ϕ (X(j2))’]κ

Var [G] =  κ’ [ ψ (ϕ (X(j1))) - ψ (ϕ (X(j2)))]κ

Maximizing Var[G] can be achieved by finding κ in Rp’ such that 
norm(κ)is equal to one. Let       
             be the ordered generalized eigenvalues associated 
with the generalized eigenvectors κ1,κ2,κ3,κ4,…,κ(p’-1),κ(p’) of the ma-
trix [Ψ(ϕ (X(J1))-Ψ(ϕ (X(J2)))] respectively. The maximum devia-
tion in variation between Ψ(ϕ (X(j1))) and Ψ(ϕ (X(j2))) is given by 
the largest generalized eigenvalue  associated with the general-
ized eigenvector κ1. Hence, the generalized distance δ is defined by:

 δ(ψ (ϕ (X(j1))), ψ (ϕ (X(j2))))
=  |κ1’ [ ψ (ϕ (X( J1))) - ψ (ϕ (X( J2)))]κ1|

We used the key word generalized to differentiate the extension 
of Dij(γ1)in any linear and nonlinear feature spaces from the basic 
linear feature space associated with the basic transformation func-
tion ϕ(X) = (X1, X2, …, Xp)’. Using the extension principle of data 
projection, the following theorem shows that the proposed general-
ized distance measure δ is a metric. The theorem is a generalization 
to the theorem given in Daoud’s study [5].

Theorem 2
The generalized distance measure δ(Ψ(ϕ(X(j1))),Ψ(ϕ(X(j2)))): 
Rp’ × p’ × Rp’ × p’ → R+ is a metric.
Proof: To show that δ(Ψ(ϕ(X(j1))), Ψ(ϕ(X(j2)))) is a metric, 
δ(Ψ(ϕ(X(j1))), Ψ(ϕ(X(j2)))) must satisfies the following properties.
(1) Reflexive: For any heterogeneous sequence-set
S(j1)∈ Ξ, δ(ψ (ϕ (X(j1))), ψ (ϕ (X(j2)))) = 0 iff  | κ1’ [ ψ (ϕ (X(j1))) - ψ 
(ϕ (X( J2)))]κ1 | = 0 iff 
[ψ (ϕ (X(j1))) = ψ (ϕ (X(j2)))] (since κ1 is a non-trivial vector embed-
ded in Rp’).
(2) Symmetric: For any two heterogeneous sequence-sets S(j1) and 
S(j2) ∈ Ξ,
δ(ψ (ϕ (X(j1))), ψ (ϕ (X(j2))))= | κ1’ [ ψ (ϕ (X(J1))) - ψ (ϕ (X(J2)))]κ1 |
= |(-1)|| κ1’ [ ψ (ϕ (X(J2))) - ψ (ϕ (X(J1)))]κ1 |
= |(-1)|| κ1’ [ ψ (ϕ (X( J2))) - ψ (ϕ (X( J1)))]κ1 |
= | κ1’ [ ψ (ϕ (X( J2))) - ψ (ϕ (X( J1)))]κ1 |
= δ(ψ (ϕ (X(j2))), ψ (ϕ (X(j1))))
(3) Positive: For any two heterogeneous sequence-sets S(j1) and 
S(j2) ∈ Ξ,

δ(ψ (ϕ (X(J1))), ψ (ϕ (X(J2)))) = | κ1’ [ψ (ϕ (X(J1)))-ψ (ϕ (X(j2)))]κ1 |
= |α1|≥0, where α1 ∈ R
(4) Transitive: For any heterogeneous sequence-sets S(j

1
),S(j

2
), and 

S(j
3
) ∈ Ξ, δ(Ψ(ϕ(X(j

1
))), Ψ(ϕ(X((j

2
))))

The proposed generalized metric δ can be used in performing 
classification and clustering tasks on heterogeneous sequence-sets 
in any linear and nonlinear feature spaces. The efficiency and suffi-
ciency of using the mean of the distance values of δ instead of using 
the minimum or the median of the distance values in solving the 
classification problem of heterogeneous sequence-sets in any linear 
and nonlinear feature spaces are presented below. The following 
theorem assumes that the proposed metric with various transfor-
mation functions and data sets is a random variable with unknown 
distribution. Therefore, a random sample of the proposed metric 
should be considered. 

Theorem 3 
Given classes of heterogeneous sequence-sets Ξ1, Ξ2, …, Ξk (la-
beled datasets). Given an unlabeled query sequence-set QSS. The 
label of the given query sequence-set QSS is defined by:  

which is the best classification decision compared with the classifi-
cation decisions:

where

and

where 

In this context, |Ξi| represents the number of sequence-sets in Ξi. 

a 1

a 1 < a 2 < a 3 < a 4 < <

<

= |κ’1 [Ψ(ϕ(X(j1)))-Ψ(ϕ(X((j
2
)))] κ1 |

= |κ’1 [Ψ(ϕ(X(j
1
)))-Ψ(ϕ(X((j

2
))) + Ψ(ϕ(X((j

3
))) -Ψ(ϕ(X((j

3
)))] κ1 |

= |κ’1 [[Ψ(ϕ(X((j
1
)))-Ψ(ϕ(X((j

3
)))]+[(Ψ(ϕ(X((j

3
)))-Ψ(ϕ(X((j

2
)))]] κ1 |

= |[κ’1 [Ψ(ϕ(X(j
1
)))-Ψ(ϕ(X((j

3
))) κ1] + [κ’1 Ψ(ϕ(X((j

3
)))-Ψ(ϕ(X((j

2
)))

κ1]]|≤|κ’1 [Ψ(ϕ(X((j
1
))-Ψ(ϕ(X((j

3
)))] κ1 | + |κ’1[Ψ(ϕ(X((j

3
))) 

- Ψ(ϕ(X((j
2
)))] κ1 |

= δ(Ψ(ϕ(X(j
1
))),Ψ(ϕ(X((j

3
)))) + δ(Ψ(ϕ(X((j

3
))),Ψ(ϕ(X((j

2
))))

(4)

(5)

(6)

(7)

(8)

N i

X

] j = 1

N i

N i
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Proof 
∀i, measuring the distance between the unlabeled query se-
quence-set S(QSS) with every S(j)∈ Ξi using the proposed generalized 
metric δ(,), we result with a sample of distance values δi1, δi2,…,  δi|Ξi|, 
where δij = δ(Ψ(ϕ(X(j))), Ψ(ϕ(X(QSS)))). In addition, δi(1), δi(2), …, δi(Ξi) 

represent the ordered sample of δi1, δi2, …, δiΞi. Without loss of gen-
erality, suppose that the mean and the variance of the ith sample are 
denoted by  ξi and ϑi respectively (i.e., E[δi] = ξ i and Var[δi] = ϑi). Let 
minΞi =δi(1)be the minimum of the ith sample. Let
if |Ξi| is odd, otherwise let                                                                         if |Ξi | is 
even. Let δΞi be the mean of the ith sample.

Thus,       is the best parameter that can be used in a classification 
decision rule to classify composite data points under consideration.

Moreover, based on the consistency definition given in Hogg and 
Craig [22] and using Chebyshev’s inequality, the consistency of the 
proposed decisions can be evaluated as follows: 

and

and

Now:

Definition 4 (classification) 
Let QSS be a query sequence-set. Let Ξ1, Ξ2, …, Ξk be k classes of 
heterogeneous sequence-sets. Let         be the distance values re-
sults from comparing the QSS with each sequence-set in Ξi. With-
out loss of generality, suppose that                   has the normal distribu-

tion with mean ξi and variance ϑi. Hence, the sample mean of the 
generalized distance metric δΞi is a sufficient statistic for ξi. 

The proof of the sufficiency condition of the sample mean of the 
normal distribution is straightforward [22] and it can be used to 
prove that the sample mean of the generalized distance metric δΞi is 
a sufficient statistic for ξi.The joint probability density function of  
                  can be written as: 

(12)

(13)

(14)

(15)

We just factorized the joint probability density function of   
into two factors. The first factor depends upon              , while the 
second factor depends upon ξi and            . Hence, under the as-
sumption that ϑi is known, we conclude that δ is a sufficient statistic 
for ξi (Sufficiency theorem [22]). In accordance with the proposed 
extension principle of projecting composite data points into various 
linear or nonlinear feature spaces, we use the generalized metric δ, 
instead of Dij(γ1), to modify the classification and clustering algo-
rithms proposed in Daoud’s study [5]. The adapted algorithms can 
be used in classifying and clustering composite data points in any 
linear and nonlinear feature spaces. 

In the next part of this section, we present the necessary and suf-
ficient condition for generating a heterogeneous sequence-set from 
a real heterogeneous sequence-set (i.e., real composite data point) 
by using simulation. 

Definition 5 
Let Σ be a finite alphabet. Let Ω = {ω1,ω2,…,ωp} be a set of strings, 
where ωl ∈ (Σ*- ∈)(l = 1,2,…,p),and ∈  is the empty string. Let S(j) 
= {Seq1

(j),Seq2
(j),…,Seqn

(j)} be a set of heterogeneous sequences, 
where Seqi

(j) is the ith sequence of the jth sequence-set. Let X = (X-

1,X2,X3,…,Xp )’ be a (p × 1) feature vector embedded in Rp, where 
Xl represents the occurrences of ωl (l = 1,2,…,p). A necessary and 
sufficient condition for generating a heterogeneous sequence-set 
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SJ = {Seq1
(j),Seq2

(j),…,Seqn
(j)} from a real sequence-set S(j) is:∀i,     

(x)converges in distribution to FX(x) as n’→ ∞, where FX
(i) (x) is the 

distribution function of the nucleotide composition of Seqi
(j), and 

n’∈  R is proportionally related to the length of Seqi
(j). 

In definition (5), we presented the necessary and sufficient condi-
tion for generating a heterogeneous sequence-set from a real hetero-
geneous sequence-set by using simulation. The robust sequence-set 
generator is built upon using built-in matlab functions, and it has the 
following computational steps: the nucleotide composition of each 
sequence in a given real heterogeneous sequence-set is estimated to 
generate a simulated sequence with longer length, and hence, to 
compose a simulated heterogeneous sequence-set. 

We remark the following: A transformation function is a function 
of random feature vectors. It is a measurable function. A function of 
random feature vectors is a random feature vector. Therefore, a 
transformation function is measurable and parametric-free (i.e., sta-
tistic). Hence, we aim to observe the effect of linear and non-linear 
transformation functions on the classification and clustering results 
using Dij(γ1). In this context, the formulation of any transformation 
function is based on the following: (1) linearity or non-linearity of 
the random feature vectors, and (2) use of special functions of ran-
dom feature vectors, for example, first order statistic, last order sta-
tistic, and standard deviation. Different transformation functions 
can be used to map sequence-sets into different feature spaces. 
Composite transformation is another alternative for mapping se-
quence-sets. In this paper, we aim to compare linear vs no-linear 
transformation functions that can be used in mapping composite 
data points (i.e., heterogeneous sequence-sets) into feature spaces. 

In this section, we presented the extended theory of the proposed 
largest generalized eigenvalue based distance metric Dij(γ1) in arbi-
trary feature spaces. In addition, we presented the theoretical prop-
erties of Dij(γ1) in arbitrary feature spaces as a metric, and the effi-
ciency of using the decision rule     in supervised classification 
compared with the decision rules minΞi and medianΞi. Moreover, we 
presented the sufficiency of using the decision rule      in supervised 
classification of heterogeneous sequence-sets. In the next section, 
experiments and results are presented. 

Results 

The experiments and results are presented in this section. We per-
form two experiments to analyze heterogeneous sequence-sets in 
linear and nonlinear feature spaces. The objective of the first experi-
ment is as follows: we focus on graphically analyzing patterns (clus-
ters, dispersion maps of clusters, limiting dispersion maps of clus-
ters) in real heterogeneous sequence-sets, whereas, the objective of 
the second experiment is as follows: we focus on testing the effect 

of the lengths of sequences in sequence-sets generated by simula-
tion on classification and clustering results.  

The first experiment: analyzing real heterogeneous se-
quence-sets 
In this subsection, we present the first experiment. In the first ex-
periment, we focus on analyzing real heterogeneous sequence-sets 
in linear and non-linear feature spaces. The heterogeneous se-
quence-sets under consideration are segmented genomes of the in-
fluenza virus. The genome has eight segments, each segment en-
coded into one or two proteins. The encoded proteins have differ-
ent biological functions. The segmented genome of influenza virus 
has highly mutation rates. Therefore, the influenza virus has nega-
tive impacts on the public health. The main biological features of 
the influenza virus are (1) virus type, (2) virus subtype, and (3) 
hosts. The main types of the influenza virus are A, B, and C. The in-
fluenza A-virus has various subtypes, for example, H1N1, H2N1, 
H3N2, and H5N1. The subtype variations are embedded in the 
surface proteins of influenza genome. The main hosts of the influ-
enza virus are avian, human, and swine. The main biological fea-
tures of the influenza virus are expected to be hidden in the genetic 
text of the influenza genome (Fig. 4). Each biological feature is ex-
pected to be represented by one or more hidden information struc-
tures in the genetic text of the influenza genome. Therefore, mining 
the genetic text of the influenza virus is the key point in analyzing 
the biological features of the influenza genome. To be consistent 
with the scope and objectives of this paper, we present only the use-
ful biological details of the influenza genome [19,20,23-25]. We 
downloaded real datasets from NCBI’s Influenza Virus Sequence 
Database [26]. The real datasets are the segmented genomes of the 
influenza virus (real heterogeneous sequence-sets). We download-
ed 30 segmented genome of the influenza virus (type: A, subtype: 
H1N1, host: assorted, geographical areas: assorted) to represent 
class Ξ1, 30 segmented genome of the influenza virus (type: B, host: 
human, geographical areas: assorted) to represent class Ξ2, and 45 
segmented genome of the influenza virus (type: A, B , subtype of A: 
H1N1, host: assorted, geographical areas: assorted) to represent 
unlabeled heterogeneous sequence-sets UnLabeled. We use Ξ1, Ξ2, 
and UnLabeled to perform classification experiments in linear and 
nonlinear feature spaces using δ. We combine Ξ1 and Ξ2 (Ξ. =  Ξ1 to 
perform clustering experiments in linear and nonlinear feature 
spaces using δ ̅. 

To be consistent with research objective of this paper (see the re-
search statement), we formulate the transformation functions as ei-
ther linear or nonlinear transformation functions (arbitrary). There 
is no restriction on how to define a transformation function(us-
er-defined), but certainly it depends on the complexity of compos-
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ite data points, and the type and the quality of targeted information 
in composite data points under consideration (e.g., to minimize the 
classification errors). We perform the classification and clustering 
experiments using two transformation functions in order to show 
the impact of extracted information from datasets under consider-
ation on the classification and clustering results in linear and non-
linear feature spaces, and for illustration purposes, the classification 
and clustering results are projected into a two-dimensional space. 

The results are collected and presented in Figs. 5 and 6. To distin-
guish the research work presented in this paper from the research 
work presented in Daoud’s study [5], we focus on graphically ana-
lyzing patterns in the datasets under consideration from the follow-
ing angles: (1) the exact and limiting dispersion maps of each clus-
ter, and (2) the distance between clusters (i.e., margins between 
clusters). In other words, we aim to graphically analyze patterns in 
datasets embedded in high dimensional linear and non-linear fea-
ture spaces without using classical evaluation measures that are usu-
ally used in evaluating classification and clustering results (i.e., to 
approximately deduce the empirical conclusions directly from re-
sults). The empirical conclusions approach is another approach 
that can be used in X-raying and analyzing the existing patterns in 
datasets under consideration using the following (empirical analysis 
based on deterministic parameters): the Euclidean distance be-

tween clusters, the exact dispersion map, the limiting dispersion 
map, the expected number of clusters (and/or sub-clusters), and 
the observed number of clusters (and/or sub-clusters). It is away 
from assuming mathematical statistics assumptions to make mathe-
matical statistics decisions on clustering and classification results. In 
this paper, the four feature variables X1, X2, X3, and X4 represent the 
occurrences of the possible four 1-grams in each bio-sequence in a 
sequence-set respectively. The feature extraction technique used in 
the experiments is the n-gram technique. The n-gram feature ex-
traction technique is well known technique in natural language pro-
cessing. The feature extraction mechanism is given in definition 3. 
In the future work, we aim to analyze the occurrences of 2-grams 
and 3-grams in each bio-sequence in a sequence-set using linear 
and non-linear transformation functions (the results are not shown 
in this paper due to space limitations). 

To answer the research questions proposed in this paper, we use 
two experimental approaches to reach the empirical conclusions on 
analyzing heterogeneous sequence-sets in linear and non-linear fea-
ture spaces. In the first approach, we use the real datasets that are 
previously defined in this section to perform the classification and 
clustering experiments. In the second approach, we use datasets 
generated by simulation using the empirical distributions of the nu-
cleotide compositions of the real datasets that are previously de-

Fig. 4. Analyzing the segmented genome of influenza virus.
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Fig. 5. (Continued to the next page).
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B

Supervised Classification of Data Sets Generated by Simulation (Non-Linear Kernel Mapping)

Supervised Classification of Data Sets Generated by Simulation (Linear Feature Mapping)
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Supervised Classification of Data Sets Generated by Simulation (Linear Feature Mapping)
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Fig. 5. (Continued from the previous page) (A) Classification of heterogeneous sequence-sets (real data sets): (1) non-linear transformation 
function (ϕ2 (X)), and (2) linear transformation function (ϕ1 (X)). (B) Classification of heterogeneous sequence-sets generated by simulation 
identical to real data sets (sequence length, ×200): (1) non-linear transformation function (ϕ2 (X)), and (2) linear transformation function 
(ϕ1 (X)). (C) Clustering of heterogeneous sequence-sets (real data sets): (1) non-linear transformation function (ϕ2 (X)), and (2) linear trans-
formation function (ϕ1 (X)). (D) Clustering of heterogeneous sequence-sets generated by simulation identical to real data sets (sequence 
length, ×200): (1) non-linear transformation function (ϕ2 (X)), and (2) linear transformation function (ϕ1 (X)).

C

D

Unsupervised Classification of Data Sets Generated by Simulation (Non-Linear Kernel Mapping)

Unsupervised Classification of Data Sets Generated by Simulation (Non-Linear Kernel Mapping)

Unsupervised Classification of Data Sets Generated by Simulation (Linear Feature Mapping)

Unsupervised Classification of Data Sets Generated by Simulation (Linear Feature Mapping)
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Fig. 6. (Continued to the next page).
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Fig. 6. (A) Classification of heterogeneous sequence-sets generated by simulation (sequence length, ×1): (1) non-linear transformation 
function (ϕ2 (X)), and (2) linear transformation function (ϕ1 (X)). (B) Clustering of heterogeneous sequence-sets generated by simulation 
(sequence length, ×1): (1) non-linear transformation function (ϕ2 (X)), and (2) linear transformation function (ϕ1 (X)). (C) Classification of 
heterogeneous sequence-sets generated by simulation (sequence length,×100): (1) nonlinear transformation function (ϕ2 (X)), and (2) linear 
transformation function (ϕ1 (X)). (D) Clustering of heterogeneous sequence-sets generated by simulation (sequence length, ×100): (1) 
non-linear transformation function (ϕ2 (X)), and (2) linear transformation function (ϕ1 (X)).

C

D Unsupervised Classification of Data Sets Generated by Simulation (Non-Linear Kernel Mapping)

Unsupervised Classification of Data Sets Generated by Simulation (Linear Feature Mapping)

Unsupervised Classification of Data Sets Generated by Simulation (Non-Linear Kernel Mapping)

Unsupervised Classification of Data Sets Generated by Simulation (Linear Feature Mapping)
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fined in this section to perform the classification and clustering ex-
periments. The generated datasets have the following characteristic: 
the sequence length of each sequence in a generated sequence-set is 
multiplied by the factor 200 in order to reach a good approximation 
to the exact distribution of nucleotide composition (Limiting Dis-
tribution). For each transformation function, the empirical pattern 
analysis of classification and clustering results is given below. 

In this subsection, we present a comparison between the two 
transformation functions ϕ2(X) (non-linear function, quadratic in 
all feature-axises) and ϕ1(X) (Linear function). Both functions 
have the dimensionality: p = 4. The classification results of ϕ1(X) 
versus ϕ2(X) are given in Fig. 5A and 5B, respectively. Fig. 5A rep-
resents the classification results using real datasets in classes Ξ1, Ξ2, 
and UnLabeled. Fig. 5B represents the classification results of data-
sets generated by simulation using the limiting distributions of the 
nucleotide compositions of real datasets in classes Ξ1, Ξ2, and Un-
Labeled. Each figure is consisting of four sub-figures. The upper 
left sub-figure represents the distance of each unlabeled composite 
data point in UnLabeled with respect to classes Ξ1, Ξ2 respectively 
using ϕ1(X) (inclusively, visualize the classification errors and the 
variation of each cluster). The upper right sub-figure represents 
the supervised classification result (scatter diagram) of the com-
posite data points in UnLabeled using ϕ1(X). The lower left 
sub-figure represents the distance of each unlabeled data point in 
UnLabeled with respect to classes Ξ1, Ξ2 respectively using ϕ2(X) 
(inclusively, visualize the classification errors and the variation of 
each cluster). The lower right sub-figure represents the supervised 
classification result (scatter diagram) of the composite data points 
in UnLabeled using ϕ2(X). Both figures show the existence of two 
main clusters, one with high variations (upper-left) and the other 
with low variation (right-lower). Let c1 be the cluster with high 
variations and let c2 be the cluster with low variations. Both figures 
illustrate the following empirical conclusion: the distance between 
c1 and c2 in non-linear feature space ϕ2(X) is less than the distance 
between c1 and c2 in linear feature space ϕ1(X). The clusters c1 and 
c2 are well-separated. The dispersion map of c1 indicates the exis-
tence of sub-clusters. In other words, few composite data points 
are located with significant deviation in variations from the cen-
troid of c1. This empirical conclusion remains unchanged (valid) 
in the case of using the limiting distribution. The question that 
arises in this context can be summarized as follows: what is the im-
pact of the previous empirical conclusion on the biological-side? 
In this case and based on the dispersion maps of c1 (in the case of 
the exact and limiting distributions), it is clear that the genome of 

type-A H1N1-flu virus has a high mutation rate and can be housed 
by various types of hosts. To proceed further in answering the 
question, for example, if the annual vaccine is designed by select-
ing a virus with a genome close to the centroid of c1, then in this 
case, the efficiency of the produced vaccine is expected to be af-
fected with a percentage during the flu-season. In fact, it is proba-
bly the efficiency of the vaccine is expected to be reduced by a per-
centage, and consequently it has a significant impact on the public 
health. The dispersion map of c1 indicates the following: the virus 
may cause symptoms with high variations. The dispersion map of 
c2 indicates the compactness of the cluster. The dispersion map of 
c2 with respect to the limiting distribution shows a bit more varia-
tions among composite data points (i.e., sequence-sets) compared 
with the dispersion map of c2 with respect to the exact distribution 
of the nucleotide composition. Hence, type-B flu virus may causes 
symptoms with low variations, and therefore, if the annual vaccine 
is designed by selecting a virus with a genome close to the centroid 
of c2, then in this case, the efficiency of the produced vaccine is ex-
pected to be affected with a very small percentage during the 
flu-season. The clustering results of ϕ1(X) versus ϕ2(X) are given in 
Fig. 5C and 5D, respectively. It should be noted that some of the 
empirical conclusions deduced from the classification results can 
be deduced from the clustering results. For example, the main clus-
ters c1 (right cluster, see Fig. 5C and 5D) and c2 (left cluster, Fig. 5C 
and 5D) are well-separated. The cluster c1 has sub-clusters, but we 
can not provide biological interpretations about the existence of 
sub-clusters due to lack of biological/medical information associat-
ed with the real data sets under consideration (i.e., segmented ge-
nome of flu-virus).

The second experiment: analyzing simulated-based hetero-
geneous sequence-sets 
In this subsection, we present the second experiment. In the sec-
ond experiment, we focus on testing the effect of the lengths of 
sequences in sequence-sets generated by simulation on classifica-
tion and clustering results in linear and non-linear feature spaces. 
In the real world, sometimes we face lack of data or information 
about a specific biological phenomenon. In order to overcome 
this obstacle, we generate datasets using simulation. Simulation is 
a well-known technique in the areas of statistical computing, per-
formance modeling, and other research areas. We downloaded 
three types of segmented genomes of influenza virus from NCBI 
(Influenza Virus Resource) [26]. Those types are randomly se-
lected: (1) Real-Dataset(1): influenza A virus (H1N1, Human, 
USA, 2011), (2) Real-Dataset(2): influenza B virus (Human, 
Thailand, 2012), (3) Real-Dataset(3): influenza C virus (Swine, 
USA, 2011). We use the three real datasets of influenza virus (i.e., 
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The results of clustering 
In this subsection, we discuss the results of clustering in linear and 
non-linear feature spaces. In this experiment, the composite data 
points are generated by simulation, and they contain three main 
clusters. The best cases of clustering results indicate the existence of 
the three main clusters, whereas, the worst cases of clustering re-
sults devote the following empirical conclusion: there is no suffi-
cient scientific evidence support the existence of the three different 
main clusters in composite data points under consideration. 

In this section, we presented the classification and clustering re-
sults in linear and non-linear feature spaces. The experiments are 
performed using composite data points generated by simulated. 
Each composite data point represents a heterogeneous sequence-set. 
In the next section, we present conclusions and future work. 

Discussion 

In this section, we present conclusions and future work. The main 
contributions of this paper can be summarized as follows (Fig. 7). 
We extended the theoretical-side of the largest generalized eigenval-
ue-based distance measure Dij(γ1) in any linear and non-linear fea-
ture spaces. We proved that the proposed measure Dij(γ1) in Daoud’ 
study [5,6,8] satisfies the properties of a metric space under any lin-
ear or non-linear transformation function. We proved the sufficien-
cy and efficiency of using the decision rule        (i.e., mean of Dij(γ1)) 
in classification compared with the decision rules minΞi and medi-
anΞi. We showed the impact of the sequence-length n’ used in gen-
erating composite data points on classification and clustering results 
in linear and non-linear feature spaces. We proposed two new main 
concepts in this context: the exact dispersion map and the limiting 
dispersion map of a cluster. The feature vector used in this paper 
represents the occurrence of all possible single nucleotides (i.e., 
1-grams) in each sequence of a heterogeneous sequence-set. The 
variations of 1-grams have an important application in genetic evolu-
tion (Single Nucleotide Polymorphisms). In the future work, we 
aim to analyze the impact of using the occurrences of 2-grams and 
3-grams in heterogeneous sequence-sets on classification results in 
any linear and non-linear feature spaces using various designs of ex-
periments. 
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three segmented genomes) to generate three random samples of 
segmented genomes using simulation. In other words, we gener-
ate composite data points by using only one real composite data 
point from each virus type as a prototype. We use the nucleotide 
compositions of sequences in each randomly selected prototype 
sequence-set to generate a sample of composite data points from 
each virus type. Each random sample has the size 20. Discovering 
the impact of the parameter n’ given in (Definition 5) on the per-
formance of the clustering task using the largest generalized ei-
genvalue-based distance metric Dij(γ1) in feature space can be 
achieved by the following design of experiment. We generate the 
three random samples at n’ = |Seqi

(j)|, 10 × |Seqi
(j)|, 20 × |Seqi

(j)|, 
30 × |Seqi

(j)|, 40 × |Seqi
(j)|, 50 × |Seqi

(j)|, and 100 |Seqi
(j)|, where 

|Seqi
(j)| represent the sequence length of Seqi

(j), ∀i and ∀j. The 
generated composite data points that are used in performing clus-
tering experiment are different from the composite data points 
that are used in performing classification experiment. However, 
both collections of composite data points are generated using the 
same prototypes (i.e., same real composite data points). As we 
mentioned in this section, we aim to compare the impact of the 
sequence length generated by simulation on calcification and 
clustering results. There are three factors that may have an impact 
on the calcification and clustering results: (1) the selected feature 
vector (in this paper: X represents the occurrences of all-possible 
1-grams), (2) the limiting distribution of the nucleotide compo-
sition (i.e.,n’), and (3) the transformation functions. In this paper, 
we present the worst case (n’ = | Seqi

(j)|) and the best case (n’ =  
100 × | Seqi

(j)|) for the calcification and clustering results using the 
proposed transformation functions due to space limitations. 
Those results are illustrated in  Fig. 6A–6D

The results of classification  
In this subsection, we discuss the results of classification in linear and 
non-linear feature spaces (only two-classes classification problem 
considered). The best cases for the classification results indicate the 
existence of the two main clusters. The two main clusters are well 
separated. The distance between the two centroids is vary from one 
feature space to another. It depends upon the mathematical defini-
tion of transformation functions. In this subsection, we can not ana-
lyze the dispersion maps of each cluster since the composite data 
points used in this experiment are generated using one prototype of 
nucleotide compositions for each class of sequence-sets. The worst 
cases for the classification results indicate the impact of the sequence 
length n’ on supervised classification in linear and non-linear feature 
spaces. The worst cases empirically indicate the following: there is 
no sufficient scientific evidence support the existence of two differ-
ent clusters in composite data points under consideration. 
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Fig. 7. The extension of the proposed variance-covariance statistical pattern recognition system (Statistical Learning) in any linear and 
non-linear feature spaces with capability of using limiting distribution generator.
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To identify pathways associated with survival phenotypes using gene expression data, we 
recently proposed the hierarchical structural component model for pathway analysis of 
gene expression data (HisCoM-PAGE) method. The HisCoM-PAGE software can consider 
hierarchical structural relationships between genes and pathways and analyze multiple 
pathways simultaneously. It can be applied to various types of gene expression data, such 
as microarray data or RNA sequencing data. We expect that the HisCoM-PAGE software 
will make our method more easily accessible to researchers who want to perform pathway 
analysis for survival times. 

Keywords: gene expression, hierarchical component model, pathway analysis, survival phe-
notype
Availability: HisCoM-PAGE is available on the website (http://statgen.snu.ac.kr/software/
HisCom-PAGE/). 
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Introduction 

Transcriptome profiling is a common approach to the study of human diseases [1]. The 
transcriptome contains information about the RNA transcribed from the genome in a 
certain physiological or pathological condition [2,3]. Therefore, gene expression profil-
ing can be applied to diagnose diseases, to predict their prognosis, and to select an appro-
priate therapy [3]. Many gene expression analyses have been conducted to find differen-
tially expressed genes (DEGs) associated with a certain disease. However, gene expres-
sion analysis at the pathway level has the following advantages. First, mapping thousands 
to tens of thousands of genes into a few hundred pathways can reduce the problems asso-
ciated with multiple testing [4]. Furthermore, researchers may obtain more interpretable 
results, compared to single-gene lists such as DEGs [5,6]. 

Many previous pathway analyses have mainly focused on binary phenotypes. Thus, not 
many methods and software programs are available to analyze the survival phenotype. In 
addition, many pathway methods perform single-pathway analyses, but do not consider 
correlations between pathways. 

Recently, we proposed the hierarchical structural component model for the pathway 
analysis of gene expression data (HisCoM-PAGE) method [7] based on our previous 
work [8-10]. The HisCoM-PAGE method was proposed to identify significant pathways 
that are associated with the prognosis of complex diseases such as cancer, and it can consid-
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er correlations among pathways. In order for the HisCoM-PAGE 
method to be more accessible to researchers, we have made the His-
CoM-PAGE software available on a dedicated website. 

Implementation 

The workflow of the HisCoM-PAGE software is shown in Fig. 1. 
The HisCoM-PAGE software requires an mRNA expression data-
set and two other additional files (survival phenotype file.csv [or 
.rds], pathway annotation file.csv). The pathway annotation file 
can be obtained from a public pathway database. Genes should be 
mapped to pathways using pathway databases such as the Kyoto 
Encyclopedia of Genes and Genomes (KEGG) or the Biocarta 
database [11,12]. In this step, users can select the pathway data-
base. After constructing a gene-pathway pair set, HisCoM-PAGE 
can be performed. HisCoM-PAGE implements a double-ridge 
method to analyze multiple pathways [13]. Cross-validation is 
used to find the optimal tuning parameters [14]. The His-
CoM-PAGE software is entirely written in R code. 

Input files 
The HisCoM-PAGE software takes the following three inputs: (1) 
a gene expression file, where the rows represent the sample names, 
the columns represent the pathway-matched gene name, and each 

cell represents the normalized gene expression value; (2) a trait file, 
in which each line consists of two columns for the sample’s survival 
time and censoring status, respectively; and (3) a pathway annota-
tion file consisting of two columns for pathway and gene names, re-
spectively. Users can optionally make their own gene-pathway pair 
list for analysis. 

Output file 
The HisCoM-PAGE software can generate the following three 
output files: (1) a ‘pathway results.csv’ file, which contains four 
columns for the pathway name, pathway coefficient (βpath), permu-
tation p-value, and the false discovery rate (FDR) corrected q-val-
ue, respectively; (2) a ‘gene result-1.csv’ file containing five col-
umns showing the pathway name, gene name, gene coefficient (w 

gene), p-value, and FDR-corrected q-value, respectively (the coeffi-
cients contained in this gene result-1 file relate to the weighting 
values that represent the effect of various genes on the pathway); 
and (3) a ‘gene result-2.csv’ file that also contains five columns 
showing the pathway name, gene name, gene coefficient, p-value, 
and FDR-corrected q-value, respectively. The coefficients con-
tained in this result file are calculated using the wgene ×  βpath value 
for each gene, which represents the effect of the gene on the phe-
notype. 

Fig. 1. The workflow of hierarchical structural component model for pathway analysis of gene expression data (HisCoM-PAGE). The pathway 
is constructed by a weighted sum of its mapped genes. The pathway coefficient is represented as β and the gene coefficient is represented 
as w in the Figure.
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preparation Input data HisCoM-PAGE
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Conclusion 

In this paper, we introduce the HisCoM-PAGE software for path-
way analysis of the survival phenotype using gene expression data. 
The HisCoM-PAGE software may be a useful tool for the identifi-
cation of pathways associated with the survival phenotype. The 
software is freely available on the website, along with a detailed tu-
torial. 
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Robust identification of genetic alterations is important for the diagnosis and subsequent 
treatment of tumors. Screening for genetic alterations using tumor tissue samples may 
lead to biased interpretations because of the heterogeneous nature of the tumor mass. 
Liquid biopsy has been suggested as an attractive tool for the non-invasive follow-up of 
cancer treatment outcomes. In this study, we aimed to verify whether the mutations 
identified in primary tumor tissue samples could be consistently detected in plasma cell–
free DNA (cfDNA) by digital polymerase chain reaction (dPCR). We first examined the ge-
netic alteration profiles of three colorectal cancer (CRC) tissue samples by targeted 
next-generation sequencing (NGS) and identified 11 non-silent amino acid changes across 
six cancer-related genes (APC, KRAS, TP53, TERT, ARIDIA, and BRCA1). All three samples 
had KRAS mutations (G12V, G12C, and G13D), which were well-known driver events. 
Therefore, we examined the KRAS mutations by dPCR. When we examined the three KRAS 
mutations by dPCR using tumor tissue samples, all of them were consistently detected 
and the variant allele frequencies (VAFs) of the mutations were almost identical between 
targeted NGS and dPCR. When we examined the KRAS mutations using the plasma cfD-
NA of the three CRC patients by dPCR, all three mutations were consistently identified. 
However, the VAFs were lower (range, 0.166% to 2.638%) than those obtained using the 
CRC tissue samples. In conclusion, we confirmed that the KRAS mutations identified from 
CRC tumor tissue samples were consistently detected in the plasma cfDNA of the three 
CRC patients by dPCR. 

Keywords: cell-free DNA, digital PCR, KRAS, liquid biopsy, next-generation sequencing  
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Introduction 

Cancer is made up of highly heterogeneous cells [1]. In cancer treatment, a major obstacle 
is posed by the recurrence and metastasis of primary tumor cells after treatment, which are 
caused by the acquisition of genetic alterations in some tumor cell clones. Therefore, iden-
tification of the genetic alteration profile is important for the diagnosis and subsequent 
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treatment of tumors. Currently, genetic alteration profiling is mostly 
performed using tumor tissues from surgical resection or biopsy 
samples, which may cause a biased interpretation because those 
samples correspond to only a part of the heterogeneous tumor mass. 
Another limitation of tissue-based mutation analysis is that repeti-
tive serial sampling, which is important for the follow-up of treat-
ment outcomes, is almost impossible. Recently, genetic alteration 
profiling using cell-free nucleic acids has been suggested to over-
come the limitations of the tissue-based approach [2,3]. 

Liquid biopsy refers to the analysis of molecular profiles using 
bodily fluids rather than solid biological tissues [2,3]. As apoptotic 
tumor cells are degraded, the non-absorbed intracellular organ-
elles—including cell-free nucleic acids—can be released into the 
bloodstream. Indeed, cell-free nucleic acids in the blood provide a 
less biased reflection of the genetic alteration profiles of heteroge-
neous tumor masses than tumor tissue samples [2,3]. Therefore, 
mutation analysis using plasma cell–free DNA (cfDNA) is becom-
ing popular for diverse cancers [2-4]. 

However, cfDNA is usually fragmented and the amount of cfD-
NA in the blood varies dramatically from patient to patient [2-4]. 
In addition, the cfDNA released from normal blood cells is much 
more abundant than the cfDNA from tumor cells [2,3]. Therefore, 
it is challenging to identify the mutation profiles of tumor cfDNA 
precisely. However, the development of next-generation sequenc-
ing (NGS) has facilitated precise mutation analysis, especially in 
the field of precision cancer medicine. Nonetheless, although sever-
al pieces of evidence have suggested that deep targeted sequencing 
can detect low-level mutations precisely, the clinical translation of 
NGS-based mutation profiling using cfDNA still needs more evi-
dence regarding its sensitivity and specificity. 

Recently, digital polymerase chain reaction (dPCR) has taken 
center stage for the ultra-sensitive detection of genetic alterations 
from a minute amount of nucleic acids [5,6]. Since the identifica-
tion of mutation profiles from plasma cfDNA must be extremely 
sensitive and precise, dPCR is ideal for this application. Indeed, 
several driver alterations such as EGFR, BRAF, and HER2 amplifi-
cation were successfully identified by dPCR using circulating tu-
mor DNA [7-9]. However, for clinical applications, more evidence 
will be required to verify the consistency of mutation profiles be-
tween plasma cf DNA and original tumor tissue, as well as their 
consistency with the results of NGS analysis. 

In this study, we aimed to develop a dPCR system for detecting 
KRAS mutations using plasma cf DNA from colorectal cancer 
(CRC) patients and to compare the results with NGS analysis. 

Methods 

CRC tissue samples and tumor DNA extraction 
CRC tissue and blood samples were collected from three patients 
at Seoul St. Mary’s Hospital (Seoul, Korea) with Institutional Re-
view Board approval (XC16TISI0014K). General information on 
the three CRC patients is presented in Supplementary Table 1. Af-
ter preparing frozen blocks of the primary CRC tissues, they were 
cut and stained with hematoxylin and eosin (H&E). The H&E-
stained slides were reviewed by a pathologist to mark tumor cell-
rich areas and used as a guide for manual microdissections. Tumor 
DNA was extracted using the DNeasy blood and tissue kit (Qiagen, 
Hilden, Germany) and eluted using 50 μL of nuclease-free water. 
Genomic DNA was also extracted from the blood of the same CRC 
patients using the same kit. The DNA was quantified with the Qu-
bit dsDNA HS assay kit on a Qubit fluorometer (Thermo Fisher 
Scientific, Waltham, MA, USA) and stored at –20°C. 

Targeted deep sequencing of the tumor DNA 
We performed target deep sequencing of the genomic DNA ex-
tracted from the three CRC tissue samples and matched normal 
samples using a custom NGS panel (OncoChase-AS01, Connecta-
Gen, Seoul, Korea), targeting 95 cancer-related genes as described 
elsewhere [10,11]. Tumor DNA was amplified, digested, and bar-
coded using the Ion Ampliseq library kit 2.0 (Thermo Fisher Scien-
tific) and Ion Xpress barcode adapter kit (Thermo Fisher Scientif-
ic) as described elsewhere [10]. The libraries were then templated 
on an Ion Chef system (Thermo Fisher Scientific) using Ion 520 
and Ion 530 Chef reagents (Thermo Fisher Scientific). The pre-
pared libraries were sequenced on an Ion S5 sequencer using an Ion 
530 chip and Ion S5 sequencing reagents (Thermo Fisher Scientif-
ic) as described elsewhere [10]. 

Extraction of cfDNA from patients’ blood 
From the three CRC patients, ethylenediaminetetraacetic acid–
treated whole blood samples were collected and centrifuged at 
2,000 × g for 10 min at room temperature. The plasma layer was 
isolated and centrifuged at 16,000 × g for 10 min to remove con-
taminated cells. Then, cfDNA was extracted from the plasma using 
a QIAamp circulating nucleic acid kit (Qiagen) and the DNA was 
eluted using 50 μL of nuclease-free water. The DNA was quantified 
using the Qubit dsDNA HS assay kit on a Qubit fluorometer 
(Thermo Fisher Scientific). 

Digital PCR 
We purchased a primer/probe mix targeting three mutations in the 
KRAS gene (p.G12V, p.G12C, and p.G13D; wet lab-validated cus-
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tom TaqMan SNP genotyping assays, Thermo Fisher Scientific). 
The details are available in Supplementary Table 2. The dPCR ex-
periments were performed using the QuantStudio 3D digital PCR 
system (Thermo Fisher Scientific) according to the manufacturer’s 
instructions. In brief, 14.5 μL of the dPCR reaction mixture was 
prepared, which contained 7.2 μL of QuantStudio 3D digital PCR 
master mix v2 (Thermo Fisher Scientific), 1 μL of plasma cfDNA 
(10 ng/μL), and 0.75 μL of the primer/probe set (final concentra-
tions of 900 nM/250 nM, respectively). The reaction mixture was 
loaded onto a QuantStudio 3D digital PCR 20K chip v2 (Thermo 
Fisher Scientific) and run on a ProFlex PCR system (Thermo Fish-
er Scientific) under the following program: 96°C for 10 min, 39 cy-
cles at 60°C for 2 min, 98°C for 30 s, and 60°C for 2 min. After am-
plification, fluorescence signals were analyzed using the QuantStu-
dio 3D digital PCR software v3.0. 

Results 

Genetic alteration profiles of the three CRC tissue samples 
We examined the genetic alteration profiles of the three CRC tissue 
samples by targeted NGS with an OncoChase-AS01 panel covering 
95 well-known cancer genes, as described in the Materials and 
Methods section. Blood DNA from the same CRC patients was 
also sequenced as a matched normal control to determine which 
somatic alterations were present. The average coverage of the se-
quencing depth was 1,319 ×  (range, 976.9 ×  to 1,946 × ). Through 
the targeted NGS analysis, we identified 11 non-silent mutations 
across six cancer-related genes (APC, KRAS, TP53, TERT, ARID-
IA, and BRCA1) (Table 1). Of the six mutations, four (KRAS, 
TP53, APC, and ARID1A) are listed in the top 20 CRC genes in 
the COSMIC database (http://cancer.sanger.ac.uk/cosmic). 

Detection of KRAS mutations by dPCR and comparison of 
the results with targeted NGS 
All three samples had KRAS mutations, and all of the KRAS muta-
tions were well-known driver events (Table 1, Fig. 1). Therefore, 
we selected KRAS mutations as the target of dPCR. We examined 
whether dPCR could identify the KRAS mutations identified by 
targeted NGS analysis. When we performed dPCR using the same 
CRC tissue samples, all expected KRAS mutations were clearly 
identified by dPCR (Table 2, Fig. 2). The variant allele frequencies 
(VAFs) of the three mutations identified by dPCR were largely 
consistent with those identified by targeted NGS: CRC-1 (G12V), 
74.4% versus 74.2%; CRC-2 (G12C), 77.9% versus 75.8%; and 
CRC-3 (G13D), 36.7% versus 40.9%, respectively (Table 2).  

Identification of KRAS mutations in plasma cfDNA by dPCR  
We next applied the dPCR system to analyze the plasma cfDNA 
isolated from the three CRC patients. All three KRAS mutations 
were consistently identified in the CRC patients, although the 
VAFs of the three mutations were much lower than those found in 
the CRC tissue sample: CRC-1 (G12V), 1.613%; CRC-2 (G12C), 
2.638%; and CRC-3 (G13D), 0.166% (Table 2, Fig. 2). There was 
no non-specific identification of KRAS mutations. 

Discussion 

Recently, liquid biopsy has been proposed as an attractive tool for 
the non-invasive follow-up of cancer treatment outcomes. Howev-
er, in terms of robustness and accessibility, the NGS approach is not 
yet suitable to apply for liquid biopsy samples in the clinical field. In 
contrast, dPCR can detect mutations sensitively and quantify them 
without a standard curve [12]. Regarding robustness, accessibility, 

Table 1. Mutations in three colorectal cancer samples using the OncoChase cancer panel

Sample ID Chr Positiona Gene AA change VAF (%) COSMICb ID
CRC-1 5 112,128,191 APC R232X 74.2 COSM13130

12 25,398,284 KRAS G12V 74.2 COSM520
17 7,577,559 TP53 C242Afs*5 61.1 COSM44657

CRC-2 5 1,293,859 TERT R381H 20 COSM5773048
12 25,398,285 KRAS G12C 75.8 COSM516
17 7,578,406 TP53 R175H 73.3 COSM10648

CRC-3 5 112,128,143 APC R216X 57.7 COSM98420
1 27,107,096 ARID1A R2236H 22.6 -

17 41,226,482 BRCA1 S1535F 18.5 -
12 25,398,281 KRAS G13D 40.9 COSM532
17 7,577,538 TP53 R248Q 46.7 COSM10662

Chr, chromosome; AA, amino acid; VAF, variant allele frequency.
aGenomic position was mapped to hg19; bCOSMIC (Catalogue of Somatic Mutations in Cancer, http://cancer.sanger.ac.uk/cosmic).
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and sensitivity, dPCR is suitable for screening the mutation profiles 
of liquid biopsy samples. Despite these advantages, dPCR has limita-
tions in multiplex identification. Considering its advantages and lim-
itations, dPCR may be ideal for screening the key driver mutations 
in liquid biopsy samples. In this study, we aimed to verify whether 
the mutations identified in the primary tumor tissue could be con-
sistently detected in plasma cf DNA by dPCR. We first checked 
whether the mutations identified by the NGS analysis of the prima-
ry tumor tissue samples were consistently detected by dPCR. We 
also compared the VAFs of the mutations identified by NGS and 
dPCR in the same CRC tissues. Finally, we determined whether the 
mutations identified in the tumor tissues were detected in plasma 
cfDNA by dPCR. 

For this, we selected KRAS mutations because all three CRC pa-
tients had KRAS mutations, which are among the most important 
driver mutations in many cancers, including CRC [13,14]. When 
we used dPCR to examine the KRAS mutations that were identified 

by the NGS analysis, all expected mutations were consistently iden-
tified and the minor allele frequencies (MAFs) were almost identical 
between the NGS and dPCR results. These data provide support for 
dPCR as a robust and reliable tool for identifying target mutations. 
When we explored whether the KRAS mutations identified in the 
CRC tumor tissue samples were consistently detected in the plasma 
cfDNA of the three CRC patients by dPCR, all three KRAS muta-
tions were consistently identified. This data suggests that liquid bi-
opsy-based mutation screening may be a useful tool for the non-in-
vasive follow-up of cancer treatment. However, the MAFs of all three 
mutations were quite low (0.166%–2.638%), which is consistent 
with previous observations that the MAFs of mutations identified in 
cfDNA were much lower than those obtained from tumor tissues 
and were sometimes inconsistent [15]. Although we did not com-
pare the mutation detection performance of dPCR and NGS using 
cfDNA, mutations with an MAF in that range might not be consis-
tently detectable by NGS. All these data suggest that dPCR may be a 

Fig. 1. Identification of somatic KRAS mutations by targeted next-generation sequencing from a set of three colorectal cancer (CRC) sam-
ples. The green letter A and red letter T indicate the presence of a non-reference allele. Somatic point mutations of C>A at 25,398,284 bp 
for CRC-1, C>A at 25,398,285 bp for CRC-2, and C>T at 25,398,281 bp for CRC-3 were found in KRAS on chromosome 12.

Table 2. Summary of 3D digital PCR data

Gene AA change Sample ID Sample type
OncoChase Digital PCR

VAF (%) VAF (%) CI (%)
KRAS G12V CRC-1 Tumor 74.2 74.4 70.3–78.8

cfDNA - 1.6 0.9–3.0
KRAS G12C CRC-2 Tumor 75.8 77.9 74.6–81.3

cfDNA - 2.1 1.2–3.9
KRAS G13D CRC-3 Tumor 40.9 36.7 35.1–38.5

cfDNA - 0.2 8.6×10-2–0.3

PCR, polymerase chain reaction; AA, amino acid; VAF, variant allele frequency; CI, confidence interval; cfDNA, plasma cell-free DNA.
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sensitive, robust, and cost-effective tool for liquid biopsy-based can-
cer treatment follow-up. 

In conclusion, we confirmed that the KRAS mutations identified 
from the CRC tumor tissue samples were consistently detected in 
the plasma cfDNA of the three CRC patients by dPCR. Our data 
suggest that dPCR may be a suitable tool for liquid biopsy-based 
precision medicine. 
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Lactobacillus acidophilus UBLA-34, L. paracasei UBLPC-35, L. plantarum UBLP-40, and L. 
reuteri UBLRU-87 were isolated from different varieties of fermented foods. To determine 
the probiotic safety at the strain level, the whole genome of the respective strains was se-
quenced, assembled, and characterized. Both the core-genome and pan-genome phylogeny 
showed that L. reuteri was closest to L. plantarum than to L. acidophilus, which was closest 
to L. paracasei. The genomic analysis of all the strains confirmed the absence of genes en-
coding putative virulence factors, antibiotic resistance, and the plasmids. 
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Introduction 

Lactobacillus are a group of Gram-positive, rod-shaped, microaerophilic, non-spore-form-
ing, lactic acid–producing bacteria [1], they are the natural and significant inhabitants of 
gastrointestinal tract of humans, as well as they are known to constitute a major part of 
the oral and vaginal microbiome [2-5]. Lactobacillus are the most common probiotics 
found in fermented food products, and the awareness of probiotic benefits is evolving 
more quickly. Commercially available Lactobacillus probiotic strains help to restore the 
microbiota of imbalanced gut caused due to antibiotic treatments; however, the pathoge-
nicity and efficacy of potential probiotics have to be assessed for safety. Here, we report 
the whole genome sequence of commercially potent probiotic Lactobacillus strains: Lac-
tobacillus acidophilus UBLA-34, Lactobacillus paracasei UBLPC-35, Lactobacillus planta-
rum UBLP-40, and Lactobacillus reuteri UBLRU-87. 

Lactobacillus strains were isolated from serially diluted fermented foods under anaero-
bic conditions at 37°C using MRS (deMan, Rogosa, and Sharpe) agar, the pure isolated 
colonies were cultured using MRS broth, the cells were harvested for DNA isolation with 
the phenol-chloroform extraction method, followed by 16S rRNA gene amplification 
(using the primers 27F and 1429R) [6], the strains were confirmed by PCR amplicons 
sequencing and phylogenetic analysis. High molecular weight genomic DNA of the iden-
tified strains was isolated by the above-described method, DNA fragments of 300- to 
400-bp size were generated by ultrasonication, fragmented DNA was used to prepare a 
paired-end sequencing library with a Nextera DNA Flex Library preparation kit (Illumi-
na, San Diego, CA, USA) and sequencing was performed on an Illumina NextSeq 500 
System (Illumina). 

A total of 2,735,462 (420 ×  genome coverage), 2,213,461 (218 ×  genome coverage), 
2,337,040 (214 ×  genome coverage), and 1,641,982 (270 ×  genome coverage) paired-
end reads were generated for L. acidophilus UBLA-34, L. paracasei UBLPC-35, L. planta-
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rum UBLP-40, and L. reuteri UBLRU-87, respectively. The reads 
were quality filtered based on the Phred score using NGS QC Tool-
kit to remove low-quality sequences [7]. The quality-filtered paired-
end reads were assembled to high-quality draft genomes (Table 1) 
by employing de novo genome assembler SPAdes version 3.11.1 [8] 
and the scaffolder SSPACE-standard version 3.0 [9]. 

The genomes were annotated using RAST [10] and the NCBI’s 
Prokaryotic Genomes Annotation Pipeline (PGAP) [11]. The 

genes were predicted and translated through the Prokaryotic Dy-
namic Programming Gene-finding Algorithm (Prodigal) program 
[12], following pathway identification with the Kyoto Encyclopedia 
of Genes and Genomes Automatic Annotation Server (KAAS) [13] 
(Table 2). 

Pan-genomic analysis of Lactobacillus strains was performed to 
determine the conserved core and variable genes (Table 3) [14], the 
estimated pan-genome size was 6,487, and the parameter ‘b’ was 

Table 1. Genome characteristics

Strain Genome size (bp) No. of scaffolds Largest scaffold size (bp) N50 (bp) GC (%)
UBLA-34 1,951,037 34 669,777 167,656 34.6
UBLPC-35 3,038,799 11 2,520,091 2,520,091 46.02
UBLP-40 3,265,595 47 528,446 245,973 44.49
UBLRU-87 1,821,307 21 1,763,886 1,763,886 38.55

Table 2. Genome annotation

Subsystem feature counts UBLA-34 UBLPC-35 UBLP-40 UBLRU-87
Cofactors, vitamins, prosthetic groups, pigments 45 56 106 82
Cell wall and capsule 28 47 60 38
Potassium metabolism 5 3 7 5
Membrane transport 42 49 53 19
Iron acquisition and metabolism 4 7 5 5
RNA metabolism 31 35 39 35
Nucleosides and nucleotides 78 83 88 82
Protein metabolism 122 132 136 130
Cell division and cell cycle 4 5 4 5
Regulation and cell signaling 23 34 29 10
Secondary metabolism 1 4 4 1
DNA metabolism 47 74 56 49
Fatty acids, lipids, and isoprenoids 23 47 35 46
Nitrogen metabolism 0 4 9 9
Dormancy and sporulation 5 6 6 5
Respiration 12 28 16 15
Stress response 5 46 20 8
Amino acids and derivatives 91 122 196 110
Sulfur metabolism 4 5 3 3
Phosphorus metabolism 15 28 33 28
Carbohydrates 124 233 240 115
Coding sequences 1,897 3,156 3,214 1,832
No. of RNAs 63 59 70 72

Table 3. Pan-genome analysis

Strain No. of accessory genes No. of unique genes No. of exclusively absent genes No. of core genes
UBLA-34 364 1,119 118 308
UBLPC-35 484 1,577 105 308
UBLP-40 746 1,792 12 308
UBLRU-87 513 787 64 308
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calculated to be 0.794494 (Fig. 1), which confirms that the pan-ge-
nome is open. The highest number of new genes which contribut-
ed to the pan-genome was observed for L. plantarum UBLP-40 
(Table 3). The highest part of the core genome of Lactobacillus ge-
nus was composed of genes related to metabolism, the sec-
ond-highest contributing genes were related to information stor-
age and processing, whereas the unique and accessory genes con-
tained more amount of poorly characterized genes in comparison 
to core genome (Fig. 2). The phylogeny of core and pan-genome 
showed that L. reuteri shares the relatedness with L. plantarum, 
whereas L. paracasei is closest to L. acidophilus (Fig. 3). 

All the four genomes of Lactobacillus strains were screened to 
determine the presence of genes encoding for putative virulence 
factors such as hemolysin BL, non-hemolytic enterotoxin NHE, 
enterotoxin T, cytotoxin T, and cereulide [15], antibiotic resis-
tance [16], and plasmids [17]. None of the genomes (UBLA-34, 
UBLPC-35, UBLP-40, and UBLRU-87) showed the presence of 
putative virulence factor or antibiotic resistance encoding genes or 
plasmids or any antibiotic-resistant genes containing plasmids. 
Secondary metabolite producing gene cluster detection was per-
formed for all the Lactobacillus strains, based on the hidden Mar-
kov model profiling of metabolite producing genes [18]. 
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Fig. 1. The pan and core genome plot of Lactobacillus strains (total 
gene families represented by black color, core gene families are 
denoted by pink color).

Fig. 2. Cluster of orthologous groups (COG) distribution of the 
core, accessory and unique genes.

55
50
45
40
35
30
25
20
15
10
5

Information storage and processing ■
Cellular processes and signaling ■

Metabolism ■
Poorly characterized ■

CO
Gs

 (
%

)

COG distribution

Core Accessory Unique

Fig. 3. Core-Pan genome phylogeny.

Core-Genome Phylogeny

Pan-Genome Phylogeny

No. of genomes

Genomics & Informatics 2019;17(4):e43

3 / 5https://doi.org/10.5808/GI.2019.17.4.e43



Lactobacillus acidophilus UBLA-34 

RiPP biosynthetic gene cluster was found in scaffold number 6 
(location: 53,280–66,324 nt) consisting of seven genes encoding 
gassericin. The homologous gene cluster was mined from Lactoba-
cillus gasseri LA327, gassericin T gene cluster Lactobacillus gasseri 
LA158 gassericin T gene cluster, Lactobacillus gasseri EV1461 gas-
sericin E gene cluster with a 33% similarity (Fig. 4). 

Lactobacillus paracasei UBLPC-35 

Two bacteriocin biosynthetic gene clusters were found in scaffold 
number 1 (location: 21,360–44,300 nt and 85,659–97,824 nt), there 
was no significant similarity found with the known gene clusters. 

Lactobacillus plantarum UBLP-40 

First bacteriocin biosynthetic gene cluster was found in scaffold 
number 7 (location: 101,210–113,360 nt), whereas terpene biosyn-
thetic gene cluster was found in scaffold number 12 (location: 
77,136–92,747 nt), there was no significant similarity found with 
the known gene clusters. 

Lactobacillus reuteri UBLRU-87 

No secondary metabolite producing gene cluster was found.  

Data Availability 

The raw sequence reads have been submitted to the NCBI SRA and 
the whole-genome shotgun project has been deposited in DDBJ/
EMBL/GenBank under the following accession numbers: Lactoba-
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version described in this paper is version RBHY01000000, Lactoba-

cillus paracasei UBLPC-35: SRR8382560, RCFI00000000: the ver-
sion described in this paper is version RCFI01000000, Lactobacillus 
plantarum UBLP-40: SRR8382543, RDEY00000000, the version 
described in this paper is version RDEY01000000, Lactobacillus reu-
teri UBLRU-87: SRR8382542, RIAU00000000, the version de-
scribed in this paper is version RIAU01000000.
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Artificial intelligence (AI), big data, and ubiquitous robotic companions —the three most 
notable technologies of the 4th Industrial Revolution—are receiving renewed attention 
each day. Technologies that can be experienced in daily life, such as autonomous naviga-
tion, real-time translators, and voice recognition services, are already being commercialized 
in the field of information technology. In the biosciences field in Korea, such technologies 
have become known to the local public with the introduction of the AI doctor Watson in 
large number of hospitals. Additionally, AlphaFold, a technology resembling the AI AlphaGo 
for the game Go, has surpassed the limit on protein folding predictions—the most chal-
lenging problems in the field of protein biology. This report discusses the significance of AI 
technology and big data on the bioscience field. The introduction of automated robots in 
this field is not just only for the purpose of convenience but a prerequisite for the real 
sense of AI and the consequent accumulation of basic scientific knowledge. 
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Historically, artificial intelligence (AI), which is represented by deep learning, is closely 
related to biology. To be more precise, the relationship is between statistics and genetics. 
The prominent statisticians Karl Pearson, William S. Gosset, and Ronald A. Fisher, who 
created the most well-known statistical theories, such as correlation coefficient, T-test, 
and probability distribution, were working as a biology professor, a biologist at a brewery, 
and a biologist at an agricultural test field, respectively. Notably, the famous pea breeding 
experiment of Gregor Johann Mendel provided crucial data for the development of the 
statistical theories by Pearson and Fischer. Mendel discovered the Laws of Heredity, by 
which the genetic factors of pea plants are passed on to the offspring according to a cer-
tain set of rules to determine the offspring’s trait. All the studies by Mendel, Pearson, and 
Fischer are equivalent to statistical models that describe the relationship between the ge-
netic factors and the observed traits. The term “error” in statistical models enables ex-
plaining the relationship between the two factors with a simple equation, even when their 
complex mechanical relationship is unknown. In fact, to build an exact mechanistic mod-
el of the hereditary DNA and its effect on the generation of yellow peas was not possible 
based on the existing knowledge. Every cell holds over millions of proteins and an even 
larger number of metabolites. Interactions between these molecules determine a trait, 
such as that in yellow peas. The statistical models studied by Pearson and Fischer in-
volved only simple arithmetic operations among the observed trait probabilities; howev-
er, their genetic theories were adequately proven and accepted as general law of heredi-
tary. Thus, a good statistical model focuses on having the least errors rather than explain-
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ing the exact mechanical relations of the observed phenomenon, 
and the ‘error’ in a statistical model is essential for the unknown 
and complex biological phenomenon.  

The fundamental principle of the statistical models applies 
equally to AI (deep-learning) models. Initiated by Marvin Lee 
Minsky at the Dartmouth Conference, 1965, AI began to attract 
significant attention [1]. Since then, AI has undergone a steady 
progress in its development, with alternating periods of dark ages 
and revival. Nonetheless, ever since the presentation of applied 
cases in 2016, AI has become a representative keyword of the pres-
ent era facing the 4th Industrial Revolution. There are two main 
reasons why the AI theory, developed before the 1960s, has gained 
attention recently. One is the improvement in computing perfor-
mance with software and hardware related to parallel computation 
using GPUs or multi CPUs. The other is big data on image, text, or 
voice as a result of internet and personal device development. At 
present, the fields in which high-level deep-learning technology is 
available are limited to those that utilize image, video, voice, and 
text data. For example, the Open Image Dataset [2] provided by 
Google comprises approximately 15 million images and 600 cate-
gories (labels). The WMT14 dataset [3] that used to be applied in 
Google Translator consisted of 6 million sentences and 340 mil-
lion words. High performance AI is limited to these types of data-
sets, because they are relatively easy to collect and label. For in-
stance, in 2011 the accuracy of facial image recognition was ap-
proximately 75%, which was inferior compared with 97.53% accu-
racy of the human ability to recognize faces. However, approxi-
mately three years later, an accuracy of 97.35% was achieved by 
Facebook. In 2011, Facebook launched a tag suggestion service 
that looked for friends in photo images, whereby facial data were 
collected. With this service, one could simply click on a tag sug-
gested on the face of a friend in a photo to get a set of photo data 
carrying a label of the friend’s name. For AI learning, such labeled 
data are essential, and Facebook used their web service visiting ap-
proximately 1.5 billion users per day to collect labeled large-scale 
facial photo data. 

Compared with the image or text datasets, biological data are 
much more complex and multidimensional, with a high level of 
noise. Thus, an AI model is more appropriate than a simple statis-
tical model for biological datasets. Generally, the main objective of 
biological research is to uncover the genetic factors that affect a 
specific trait. In terms of AI model, phenotype labeled genotype 
data are required but it is never easy to collect more than hundreds 
of thousands of labeled genotype data like the case of images or 
texts. A relatively easier way to collect labeled genotype data is to 
sequence the DNA of a sample with a definite phenotype, such as 
a disease. The recent advancement of next-generation sequencing 

(NGS) technology has allowed the systematic collection of labeled 
data based on phenotype. The most recent example is the EU 
project that is collecting genomic data of a million patients with 
cancer, infectious or rare diseases [4]. Fortunately, in the health-
care sector, large-scale investments, predicated on a mutual agree-
ment on the importance of biological data, are underway. Howev-
er, of the approximately one trillion or more species of other bio-
logical organisms (especially microorganisms) that have been pre-
dicted to inhabit the Earth, 99% are yet to be identified. Although 
NGS technology would allow rapid genomic sequencing, the pro-
cesses of annotating the decoded sequences require high cost in-
vestments and increased specialist involvement. Without the im-
provement of the time-consuming and specialist-dependent pro-
cesses of experiments for the function determination and categori-
zation of DNA sequences, the current level of AI models would 
come to a standstill. 

Such problems were recognized by groups researching advanced 
synthetic biology in the United States and Europe, who went on to 
apply automated robots to carry out the repetitive and time-con-
suming biological experiments and to develop software for the in-
tegrated management of the complex biological data. This is one 
of the revolutionary breakthroughs in the production of biological 
datasets. Notably, the ways of creating a desired genotype—built 
using DNA components through technology based on synthetic 
biology—and testing the resulting phenotype using automated ro-
bots have led to the unparalleled rapid production of labeled data. 
Amyris, an American company that specializes in synthetic biolo-
gy, applied a method to produce new bacterial strains (with differ-
ent genotypes) every three minutes and succeeded in commercial-
izing 15 products through the course of seven years. Another syn-
thetic biology startup company, Ginkgo Bioworks, attracted a total 
of 1 billion US dollars from investors for robot-assisted strain de-
sign technology in 2017. In addition, companies such as Zymergen 
and Counsyl are rapidly producing biological data via automated 
robots and refining the strains and proteins through deep learning, 
whereas companies like Transcriptic and Riffyn are developing a 
platform technology that will allow the rapid production and anal-
ysis of large quantities of highly complex biological data through 
the design of cloud-based synthetic biology software. While such 
private companies in the United States are rapidly developing in-
novative tools for biotechnology with plentiful capital and man-
power, universities and research institutions in developed coun-
tries have been establishing Biofoundries with support from the 
respective Governments. For instance, a Biofoundry known as the 
Global Biofoundries Alliance, has been formed from 16 institu-
tions from seven nations, for information sharing and the rapid de-
velopment of automation-based synthetic biology technology [5]. 
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The two fields, biology and statistics, naturally resemble each 
other. Most biological phenomena arise from the probabili-
ty-based interactions among myriads of molecules, which can be 
explained through the statistical concepts of ‘probability’ and ‘er-
ror’. In other words, the procedure of getting a result through sta-
tistical inference is similar with that of phenotypic expression of a 
complex biological system in the point of allowing errors and sto-
chasticity. Nonetheless, one of the reasons why AI models have 
not yet exerted a significant influence in the bioscience field is the 
lack of a sufficient scale of labeled data with low-speed data pro-
duction. However, the developments of automated robots and 
software have enabled precise and rapid performances in the re-
petitive and time-consuming processes of biological experiments, 
implying the potential for large-scale labeled genomic data being 
established in the future. What seems clear is that, thanks to the 
development of sequencing technology and automated robots, the 
speed of biological data production has been reduced from ten or 
more years to within several days, and the future advancements in 
information technology will further enhance the speed. The im-
provement in AI models, in line with the accumulation of large-
scale data, implies a preoccupancy of basic knowledge and intellec-
tual property with respect to the field of life science with its com-
plex and massive uncharted territories. The first artificial microor-
ganism created by the J. Craig Venter Institute [6] and the artificial 
yeast synthesis project [7], which have excited the media into re-
ferring to them as the “realm of the God,” were the results of high-
speed DNA synthesis technology based on automated robots. The 
relevant research groups have already acquired basic scientific 
knowledge of biological phenomena and set out toward research, 
where such knowledge is applied. The current AI algorithms and 
platform information technologies are mostly open-source based, 
which means anyone can easily apply the AI algorithms. Now, it 
might be possible to narrow the gap rapidly for the scientific tech-
nology of developed countries simply by collecting high-quality 
labeled data on a large-scale with a help of automated robots. 
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RCs may have online supplementary section.

Manuscript Format
Title
The title page should include (1) the full names of all authors 
with their Open Researchers and Contributors ID (ORCID), 
and the name(s) and address(es) of the institution(s) at which the 
work was carried out; (2) the telephone and fax numbers, and the 



E-mail address of the corresponding author; and (3) a running 
title of no more than 50 characters, including spaces. Place an 
asterisk (*) after the corresponding author.

Abstract 
The abstract should be unstructured and a single paragraph of fewer 
than 250 words. References should not be cited in the abstract. 
Six or fewer keywords should be appended to the abstract in 
alphabetical order. When possible, the keywords should be those 
found in the Medical Subject Headings of Index Medicus.

Main text:
All papers should be divided into the following sections and 
appear in this order:

(1) Introduction: The paper begins with an introduction 
without subheadings that reviews the literature and states 
and justifies the purpose of the research.

(2) Methods: This section should contain sufficient detail so 
that all procedures can be repeated, in conjunction with 
the cited references. The manufacturer and model number 
should be stated in this section—for example, as Sigma 
Chemical Co. (St. Louis, MO, USA).

(3) Results: This section should describe the results of the 
experiments. Extensive interpretation should be reserved for 
the Discussion section. The results should be presented as 
concisely as possible. Footnotes should not be used and will 
be transferred to the text. Gene symbols should be italicized; 
protein products are not italicized.

(4) Discussion: This section should provide an interpretation 
of the results in relation to previously published work 
and to the experimental system at hand. The Results and 
Discussion may be combined.

(5) Acknowledgments: Information concerning the 
sources of financial support should be included in the 
acknowledgments.

Authors’ contribution
If the number of authors is equal to or greater than two, the 
authors’ roles should be described according to their specific 
role. Genomics & Informatics participates in the CRediT standard 
for author contributions. The contributions of all authors must 
be described using the CRediT Taxonomy of author roles. 
For each of the categories below, please enter the initials of the 
authors who contributed in that category. If listing more than one 
author in a category, separate each set of initials with a space. If 
no one contributed in a category, you may leave that box blank. 
The corresponding author is responsible for completing this 

information at submission, and it is expected that all authors 
will have reviewed, discussed, and agreed to their individual 
contributions ahead of this time.

• Conceptualization: AB
• Data curation: EFG
• Formal analysis: AB
• Funding acquisition: CD
• Methodology: AB, CD, EFG
• Writing – original draft: AB, EFG
• Writing – review & editing: AB, CD, EFG

Reference 
The references should include only articles that are published or 
in press. Unpublished data, submitted manuscripts, abstracts, and 
personal communications should be cited within the text only. 
References are to be numbered in the order of citation within the 
article in brackets. References with up to six authors must list all 
names; for more than six authors, the first six names should be 
listed, followed by “et al.” Journal name titles should be abbreviated 
in accordance with the NLM Catalog, available from: https://
www.ncbi.nlm.nih.gov/nlmcatalog/journals, or the ISO 4 standard, 
available from: http://www.issn.org/services/online-services/
access-to-the-ltwa/?letter=a.
Examples of references are given below:

Journal article
- Park J, Lappe M, Teichmann SA. Mapping protein family 

interactions: intramolecular and intermolecular protein 
family interaction repertoires in the PDB and yeast. J Mol Biol 
2001;307:929-938.

- Cho SM, Jung SH, Chung YJ. A variant in RUNX3 is associated 
with the risk of ankylosing spondylitis in Koreans. Genomics 
Inform 2017;15:65-68.

- Thomas PD, Campbell MJ, Kejariwal A, Mi H, Karlak B, 
Daverman R, et al. PANTHER: a library of protein families and 
subfamilies indexed by function. Genome Res 2003;13:2129-
2141.

Books
- Cowan WM, Jessell TM, Zipursky SL. Molecular and Cellular 

Approaches to Neural Development. New York: Oxford 
University Press, 1997.

Book sections
- Sorenson PW, Caprio JC. Chemoreception. In: The Physiology 

of Fishes (Evans DH, ed.). Boca Raton: CRC Press, 1998. pp. 
375-405.

Online document
- Puniyani AR, Lukose RM. Growing random networks under 



constraints. Ithaca: Cornell University Library, 2001. Accessed 
2011 Oct 3. Available from: http://xxx.lanl.gov/abs/cond-
mat/0107391.

Conference paper
- Han H. Nonnegative principle component analysis for mass 

spectral serum profiles and biomarker discovery. In: The 8th 
Asia-Pacific Bioinformatics Conference (Parida L, Myers G, 
eds.), 2010 Jan 18-21, Bangalore.

Dissertation/Thesis
- Hwang KB. Hierarchical probabilistic graphical models for large-

scale data analysis. Ph.D. Dissertation. Seoul: Seoul National 
University, 2005.

Tables and figures 
Figure legends and tables should be included in the submitted 
manuscript as separate sections and should be formatted following 
the style of the journal. Each figure legend should have a brief, 
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, 
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.

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. 
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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.
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Copies of written informed consent and Institutional Review 
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Statement of Human and Animal Rights 
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Korea Clinical Research Information Service (CRiS, http://cris.
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service of the United States National Institutes of Health.
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