
Vol. 17 - No. 1, March 31 2019



Volume 17 number 1, March 31, 2019

Aims and scope
Genomics & Informatics is the official journal of the Korea Genome Organization (http://kogo.or.kr). Its abbreviated 
title is Genomics Inform. It was launched in 2003 by the Korea Genome Organization. It aims at making a 
substantial contribution to the understanding of any areas of genomics or informatics. Its scope includes novel 
data on the topics of gene discovery, comparative genome analyses, molecular and human evolution, informatics, 
genome structure and function, technological innovations and applications, statistical and mathematical methods, 
cutting-edge genetic and physical mapping, next generation sequencing and de novo assembly, and other topics 
that present data where sequence information is used to address biological concerns. Especially, Clinical genomics 
section is for a short report of all kinds of genome analysis data from clinical field such as cancer, diverse complex 
diseases and genetic diseases. It encourages submission of the cancer panel analysis data for a single cancer 
patient or a group of patients. It also encourages deposition of the genome data into designated database. 
Genome archives section is for a short manuscript announcing the genetic information of recently sequenced 
prokaryotic and eukaryotic genomes. These genome archives data can make the rationale for sequencing a specific 
organism.

It is published and distributed quarterly at the last dates of March, June, September, and December. All submitted manuscripts 
will be reviewed and selected for publication after single blind review process. All manuscripts must be submitted online 
through the e-submission system available from: 
http://submit.genominfo.org. It is an online-only peer reviewed open access journal. A free full text both in the XML and PDF 
formats is available from the journal homepage (https://genominfo.org). It has been indexed by or searchable from PubMed, 
PubMed Central, BIOSIS Previews, KoreaMed, KoMCI, Korea Citation Index, CrossRef metadata, DOAJ, and Google Scholar. This 
journal was supported by the Korean Federation of Science and Technology Societies Grant funded by the Korean Government.

•  Manuscript Editing by InfoLumi Co., Seongnam, Korea.
•  E-submission system by Inforang, Seoul, Korea
•  PDF layout, XML production, and homepage management by M2Community Co., Seoul, Korea

Published by the Korea Genome Organization
Contact information
Park, Taesung, Editor-in-Chief

Editorial office of Genomics & Informatics
Room Number 1011, 22, Teheran-ro 7-gil, The Korea Science & Technology Center, Gangnam-gu, Seoul, 06130, Korea
Tel: +82-2-558-9394, Fax: +82-2-558-9434, email: kogo3@kogo.or.kr, URL address: https://genominfo.org

Disclaimer: The publisher, editors, and reviewers do not assume any legal responsibility for errors, omissions, or claims, nor do 
they provide any warranty, expressed or implied, with respect to information published in Genomics & Informatics

© Copyright 2019, the Korea Genome Organization
It is an open access journal. The articles are 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.

www.genominfo.org
eISSN 2234-0742



EDITOR IN CHIEF  

Park, Taesung   Seoul National University, Korea

Batzer, Mark A.  Louisiana State University, U.S.A.

Church, George M.  Harvard University, U.S.A.

Lee, Byungkook  National Institute of Health, U.S.A.

Matsuda, Fumihiko  Kyoto University, Japan

Sakaki, Yoshiyuki  RIKEN Genomic Science Center, Japan

Seo, Jeong-Sun  Seoul National University, Korea

Cho, Soo Yong  National Cancer Center, Korea

Choi, Murim  Seoul National University, Korea

Han, Kyudong  Dankook University, Korea

Huh, Sun   Hallym University, Korea

Kim, Sangsoo  Soongsil University, Korea

Oh, Bermseok  Kyung Hee University, Korea

Ahn, Chul Woo  University of Texas, U.S.A.

Chen, Jyh-Yih  Academia Sinica, Taiwan

Cordaux, Richard  University of Poitiers, France

Divakar, Darshan Devang King Saud University, Saudi Arabia

Hiroki, Yokota  Indiana University, U.S.A

Kim, Junhyong  University of Pennsylvania, U.S.A.

Kohane, Isaac S.  Harvard University, U.S.A.

Liang, Ping  Brock University, Canada

Marquardt, Jens  Mainz University, Germany

Mishra, Siddhartha K. Harisingh Gour Central University, India

Ohno-Machado, Lucila Harvard University, U.S.A.

ETHICS EDITOR

Chung, Yeun-Jun  The Catholic University, Korea

STATISTICS EDITOR

Han, Buhm  Seoul National University, Korea

MANUSCRIPT EDITOR

Chang, Soo Hee  Infolumi, Korea

Editorial Board

Parine, Narasimha Reddy King Saud University, Saudi Arabia

Pawan, K. Dhar  RIKEN Genomic Science Center, Japan

Salem, Abdel Halim  Arabian Gulf University, Bahrain

Shahik, Shah Md.  University of Chittagong, Bangladesh

Sree, N. Sreenath  Case Western Reserve University, U.S.A.

Srikulnath, Kornsorn Kasetsart University, Tailand

Terwilliger, Joseph  Columbia University, U.S.A.

Valdes, Jorge  Centro de Genómica yBioinformática, Chile

Van, Steen  Kristel University of Liége, Belgium

Zhang, Feng  Fudan University, China

Oh, S. June  Inje University, Korea

Park, Hyun Seok  Ewha Womans University, Korea

Yoon, Kyong-Ah  Konkuk University, Korea

Won, Sungho  Seoul National University, Korea

Woo, Hyun Goo  Ajou University, Korea

LAYOUT EDITOR

Jeong, Eun Mi  M2community, Korea

WEBSITE AND JATS XML FILE PRODUCER

Bae, Hyo-Jeong  M2community, Korea

ASSOCIATE EDITORS 

EDITORIAL BOARD

ADVISORY EDITORIAL BOARD 



Editorial  In this issue, there are 10 articles: two review articles, six original articles, one clinical genomics,   

   and one application note 
   Taesung Park

Review articles Statistical analysis of metagenomics data 

   M. Luz Calle

   Advances in serological diagnosis of Taenia solium neurocysticercosis in Korea 
   Chun-Seob Ahn, Jeong-Geun Kim, Sun Huh, Insug Kang, Yoon Kong

Original articles Evaluation and interpretation of transcriptome data underlying heterogeneous chronic   

   obstructive pulmonary disease 
   Seokjin Ham, Yeon-Mok Oh, Tae-Young Roh

   Enrichment of rare alleles within the epigenetic chromatin marks in the first intron 
   Shin-Sang Jo, Sun Shim Choi

   Association of mitochondrial haplogroup F with physical performance in Korean population 
   In Wook Hwang, Kicheol Kim, Eun Ji Choi, Han Jun Jin

   Insights of window-based mechanism approach to visualize composite biodata point in   
   feature spaces 
   Mosaab Daoud

   Blood transcriptome resources of chinstrap (Pygoscelis antarcticus) and gentoo (Pygoscelis   
   papua) penguins from the South Shetland Islands, Antarctica 
   Bo-Mi Kim, Jihye Jeong, Euna Jo, Do-Hwan Ahn, Jeong-Hoon Kim, Jae-Sung Rhee, Hyun Park

   Insights into the signal transduction pathways of mouse lung type II cells revealed by   
   transcription factor profiling in the transcriptome 
   Chilakamarti V. Ramana

Clinical genomics Identification ERBB pathway activated cells in triple negative breast cancer 

   Soo Young Cho

Application note HisCoM-mimi: software for hierarchical structural component analysis for miRNA-mRNA   

   integration model for binary phenotypes 
   Yongkang Kim, Taesung Park
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In this issue, there are 10 articles: two 
review articles, six original articles, one 
clinical genomics, and one application 
note 
Taesung Park* 

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

The first review is about the procedures that are most commonly used for microbiome 
analysis and that are implemented in R packages. Recently, it has been well recognized that 
understanding the role of the microbiome and its modulation in human health is becom-
ing increasingly relevant for preventive medicine and for the medical management of 
chronic diseases. The development of high-throughput sequencing technologies has made 
it possible to study microbial genomes and to perform a more precise quantification of mi-
crobiome abundances and function. In this review, Dr. Calle (University of Vic – Central 
University of Catalonia, Spain) provided a very excellent overview on the statistical meth-
ods of metagenomics data by placing particular emphasis on the compositional structure 
of microbiome data. Since microbiome data analysis involves high-dimensional structured 
multivariate sparse data due to its compositional nature, its analysis is very challenging. Dr. 
Calle presented the principles of compositional data analysis and distinguish between 
standard methods and those that fit into compositional data analysis. 

The second review article by Ahn et al. (Sungkyunkwan University, Korea) overviewed 
diagnostic approaches and discusses current issues relating to neurocysticercosis (NC). 
NC is known to be caused by invasion of Taenia solium metacestode to the central nervous 
system. NC is an important neglected tropical disease and an emerging disease in industri-
alized countries due to immigration from endemic areas. Now, NC has a major global pub-
lic health impact in terms of disability-adjusted life years. This review pointed out that 
modern imaging modalities have substantially improved the diagnostic accuracy of NC. 
Thus, NC is now controllable and manageable. However, the authors recommended fur-
ther studies to investigate methods for controlling late-onset intractable seizures and for 
the serological diagnosis of NC patients infected with few worms. 

This issue contains six Original Articles. First, Ham et al. (POSTECH, Korea) introduc-
es a new transcriptome analysis pipeline for chronic obstructive pulmonary disease 
(COPD). The new pipeline uses a deconvolution process to reduce the heterogeneity of 
the sample. The new pipeline is shown to clearly identify the transcriptome data originated 
from the mild or moderate stage of COPD patients. Thus, this extensive evaluation of 
COPD transcriptome data could provide guidelines for analyzing heterogeneous gene ex-
pression profiles and classifying potential candidate genes that are responsible for the 
pathogenesis of COPD. 

In the second article, Jo and Choi (Kangwon National University, Korea) investigated 
the notion of the functional relevance of the first intron sites by estimating amounts of rare 
alleles in the first intron. The proportions of rare single nucleotide polymorphisms of mi-
nor allele frequency in the first introns was estimated, and compared to those in other in-
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trons. The rare alleles were found to be significantly enriched in 
most of the regulatory marks locating in the first introns. 

In the third article, Hwang et al. (Dankook University, Korea) 
presented an interesting study of athletic performance which is a 
complex multifactorial trait involving genetic and environmental 
factors. In particular, they analyzed mitochondrial DNA hap-
logroups to assess their association with the physical performance 
of Korean population. They successfully demonstrated that hap-
logroup F may play a crucial role in the physical performance of 
Korean athletes. 

In the fourth article, Daoud (York University, Canada) proposes 
a window-based mechanism approach measure the seriousness of 
the difference among data-insights extracted from a composite bio-
data point. His approach is based on two components: undirected 
graph and Mosaab-metric space. He presents examples of influenza 
and Ebola viruses to demonstrate the robustness of his approach 
and to conduct comparisons. 

The last two articles are about animal studies. Kim et al. (Korea 
Polar Research Institute, Korea) reported blood transcriptome re-
sources of chinstrap (Pygoscelis antarcticus) and gentoo (Pygoscelis 
papua) penguins from the South Shetland Islands, Antarctica. The 
high-quality de novo assemblies of blood transcriptomes from 
these penguins were generated. Through Kyoto Encyclopedia of 
Genes and Genomes (KEGG) analyses they successfully detected 
many essential genes involved in the major innate immunity path-
ways. Blood transcriptome studies may be useful for checking the 
immune and health status of penguins without sacrifice. 

Ramana (Dartmouth Medical School, USA) presented insights 
into the signal transduction pathways of mouse lung type II cells. 
Transcription factor profiling in microarray datasets revealed that sev-
eral members of AP1, ATF, NF-κB, and C/EBP families involved in 

diverse responses were expressed in mouse lung type II cells. 
In Clinical Genomics section, there is one article by Cho (Na-

tional Cancer Center, Korea). He identified an ERBB pathway– ac-
tivated cells in triple-negative breast cancer by using single-cell 
RNA sequencing data from a public resource. He showed that only 
the single-cell transcriptomes showed intratumor heterogeneity in 
the expression of three subtyping marker genes (ERBB2, ESR1, 
and PGR). Thus, his results show that ERBB signaling is activated 
via an indirect route and its molecular subtype is changed on a sin-
gle-cell level. 

In the Application Note section, one program HisCoM-mimi 
was introduced. HisCoM-mimi developed by Kim and Park (Seoul 
National University, Korea) was mainly for miRNA-mRNA inte-
gration analysis for binary phenotypes. HisCoM-mimi performs hi-
erarchical structural component analysis to identify the miR-
NA-mRNA pairs associated with binary phenotypes. His-
CoM-mimi uses the known mRNA target information provided by 
targetscan or mirTarbase into the integration model. Compared to 
the individual analysis of miRNA and mRNA, the integrated analy-
sis by HisCoM-mimi is expected to higher detection power. Thus, 
HisCoM-mimi is expected to provide advanced accessibility to re-
searchers who want to find the miRNA-mRNA pairs related with 
binary phenotypes. 
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Understanding the role of the microbiome in human health and how it can be modulated is 
becoming increasingly relevant for preventive medicine and for the medical management of 
chronic diseases. The development of high-throughput sequencing technologies has boosted 
microbiome research through the study of microbial genomes and allowing a more precise 
quantification of microbiome abundances and function. Microbiome data analysis is chal-
lenging because it involves high-dimensional structured multivariate sparse data and be-
cause of its compositional nature. In this review we outline some of the procedures that are 
most commonly used for microbiome analysis and that are implemented in R packages. We 
place particular emphasis on the compositional structure of microbiome data. We describe 
the principles of compositional data analysis and distinguish between standard methods and 
those that fit into compositional data analysis. 

Keywords: biomarkers, DNA sequence analysis, metagenome, microbiota, statistical models 

Statistical analysis of metagenomics 
data 
M. Luz Calle* 
Biosciences Department, Faculty of Science and Technology, University of Vic – Central 
University of Catalonia, Vic 08500, Spain

Introduction 

The study of the human microbiome and its role in human health is an active area of re-
search. The human microbiome is involved in a large number of essential functions, like 
food digestion and modulation of the immune system, and alterations in microbiome 
composition may have important effects on human health. Many diseases have already 
been found to be associated with changes in the human microbiome. Different studies 
have shown that obesity is indeed partly determined by the composition of our gut micro-
biome. Chronic inflammatory skin conditions such as psoriasis, atopic dermatitis, acne 
and chronic skin ulcers have been associated to cutaneous microbiome changes. The co-
lonic microbiota is suspected to be involved in the development of colorectal cancers. In-
flammatory bowel diseases have long been associated to interactions between microbes 
and the host since the microbiome is essential for the activation of host immune responses. 
Microbial diversity is significantly diminished in Crohn disease. Early childhood antibiotic 
exposure has been associated with significantly increased risk for Crohn disease [1,2]. Un-
derstanding the role of the microbiome in human health and how it can be modulated is 
becoming increasingly relevant for preventive medicine and for the medical management 
of chronic diseases. 

The terms microbiome and microbiota are used indistinctly to describe the community of 
microorganisms that live in a given environment. High-throughput DNA sequencing tech-
nologies have powered microbiome research by enabling the study of the genomes of all mi-
croorganisms of a given environment and a more precise quantification of microbiome abun-
dances and function. Fig. 1 summarizes the main steps of a microbiome study: (1) microbial 
DNA extraction and sequencing according to two main approaches, amplicon sequencing 
and shotgun sequencing; (2) bioinformatics sequence processing; and (3) statistical analysis. 
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Amplicon sequencing relies on sequencing a phylogenetic marker 
gene after polymerase chain reaction (PCR) amplification. For bacte-
ria and archaea, the marker gene is the 16S ribosomal RNA gene that 
encodes the RNA component of the small ribosomal subunit. The 
16S rRNA gene contains both highly conserved areas and hypervari-
able sites, denoted as V1–V9. The conserved regions can be targeted 
with PCR primers while the hypervariable regions are specific to each 
microbial species and make possible to distinguish the different mi-
crobes. The V1–V3 and V4 regions are most commonly targeted. 
PCR amplification creates thousands to millions of copies (ampli-
cons) of the DNA target region. PCR amplicons are then sequenced 
using high-throughput sequencing platforms and multiple nucleotide 
sequences, also known as reads, are obtained [3]. 

There are a number of bioinformatic pipelines available for pro-
cessing microbiome 16S sequence data, the two most popular for 
amplicon sequencing are mothur [4] and QIIME [5]. Both pipe-
lines are user-friendly and produce similar results. The bioinformat-
ics pipeline consists of five main steps: Preprocessing and quality 
control filtering, operational taxonomic unit (OTU) binning, tax-
onomy assignment, construction of the abundance table and phy-
logenetic analysis. 

Preprocessing and quality control filtering consists on first assign 
the sequences to samples (demultiplexing) and then sequences are 
quality filtered to remove too short sequences, too many ambigu-

ous base pairs and chimeras. OTU binning is the process of cluster-
ing similar DNA sequences into OTUs, that is, groups of DNA se-
quences with at least 97% similarity. The different sequences as-
signed to an OTU are represented by a consensus sequence deter-
mined by the most common nucleotide at each position. Taxono-
my assignment is then obtained by comparing OTU consensus se-
quences to microbial 16S rRNA reference databases such as Green-
Genes (http:// greengenes.second.genome.com), SILVA (https://
www.arb-silva.de), or RDP (http://rdp.cme.msu.edu). Taxonomy 
assignment provides the available annotation of each OTU to the 
different taxonomy levels (domain, kingdom, phylum, class, order, 
family, genus, and species). In practice, many OTUs are not com-
pletely annotated, especially for low taxonomy levels. Next, an 
OTU abundance table is built where each entry in the table corre-
sponds to the number of sequences (reads) observed for each sam-
ple corresponding to each OTU. OTU tables may be extremely 
sparse with many OTUs only observed in a few samples. In this 
case it is convenient to agglomerate OTUs at broader taxonomic 
groups or taxa. The last step of the bioinformatics pipeline is phylo-
genetic analysis. Phylogenetic trees can be used to obtain phyloge-
netic distances between samples. 

Shotgun metagenomics sequencing involves sequencing the total 
microbial DNA of a sample, instead of just a particular marker gene. 
With this technique, we can infer the relative abundance of every 

Fig. 1. Main steps of a microbiome study: (1) microbial DNA extraction and sequencing, (2) bioinformatics sequence processing, and (3) 
statistical analysis. 
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microbial gene and quantify specific metabolic pathways to predict 
the potential functionality of the entire community. This is 
achieved by mapping the obtained sequences against a database 
such as Kyoto Encyclopedia of Genes and Genomes (KEGG; 
https://www.genome.jp/kegg/pathway.html). A gene pathway ta-
ble resulting from this type of functional study provides the num-
ber of sequences associated to a particular function for each sample. 
HumanN2 [6] and MetaPhlAn 2 [7] are two bioinformatics pipe-
lines for metagenomics analysis.  

From a statistical point of view, the output of both microbiome 
approaches, amplicon and shotgun sequencing, is similar: an abun-
dance table of counts representing the number of sequences per 
sample for a specific taxon or the number of sequences matching a 
specific gene function. In this paper we illustrate the methodologies 
with data from 16S rRNA amplicon sequencing but most ap-
proaches also apply for microbiome shotgun metagenomics. 

There are many reasons why the analysis of microbiome data is 
so challenging. On one hand, we face the usual challenges of count 
data analysis, i.e., skewed distribution, zero inflation and over-dis-
persion. Because of the experimental process and quality control 
filtering, microbiome data is very noisy and the total number of 
counts per sample is highly variable, which requires some normal-
ization prior to the analysis so that the microbiome abundances 
among the different samples are comparable. Abundance tables are 
usually sparse since many species are infrequent. There is much re-
dundant information because of co-abundance of many species. 
Moreover, the total number of counts per sample is constrained by 
the maximum number of sequence reads that the DNA sequencer 
can provide. This total count constraint induces strong dependen-
cies among the abundances of the different taxa characterizing the 
compositional structure of microbiome data. Ignoring the compo-
sitionality of microbiome data may yield spurious results. In section 
2, we describe the main principles of compositional data analysis. 

The statistical analysis of microbiome abundance data usually 
starts with the normalization of the data followed by an exploratory 
study of the microbiome composition for the identification of pos-
sible data structures. The exploratory part consists of the analysis of 
diversity measures and their visualization through ordination plots, 
a term used in ecology to refer to several multivariate techniques for 
visualization of species abundance in a low-dimensional space. Sub-
sequently, an inference analysis is performed where microbiome 
composition is tested for association with a variable of interest; this 
is known as differential abundance testing when the outcome of in-
terest is dichotomous (i.e., disease status). These association tests 
can be multivariate, when the interest is to assess for global differ-
ences in microbial composition between sample groups, or univari-
ate, with the aim of identifying which taxa are differentially abun-

dant between sample groups. However, as we discuss later, univari-
ate approaches for microbiome analysis are questionable and their 
results should be regarded with caution. 

In sections 3 and 4, we describe the procedures that are com-
monly performed in a microbiome statistical analysis: normaliza-
tion, diversity analysis, ordination and differential abundance test-
ing, both, multivariate and univariate. This is not intended to be an 
exhaustive or systematic review of all the available methods. We 
outline some of the most widely used techniques for microbiome 
analysis, especially those that are implemented in R packages. We 
distinguish between standard methods and those that fit into com-
positional data analysis. 

Microbiome Compositional Data
 
Microbiome data is compositional because the information that 
abundance tables contain is relative. In a microbiome abundance 
table, the total number of counts per sample is highly variable and 
constrained by the maximum number of DNA reads that the se-
quencer can provide. This total count constraint induces strong de-
pendencies among the abundances of the different taxa; an increase 
in the abundance of one taxon implies the decrease of the observed 
number of counts for some of the other taxa so that the total num-
ber of counts does not exceed the specified sequencing depth. 
Moreover, observed raw abundances and the total number of reads 
per sample are non-informative since they represent only a fraction 
or random sample of the original DNA content in the environment. 
These characteristics of microbiome abundance data clearly fall 
into the notion of compositional data. 

Compositional data are defined as a vector of strictly positive real 
numbers 

with a constraint or non-informative total sum. The elements of a 
composition are called components or parts. In a composition the 
value of each component is not informative by itself and the rele-
vant information is contained in the ratios between the compo-
nents or parts [8]. Except for the fact that microbiome abundance 
tables contain many zeros, microbiome data fit the definition of 
compositional data and, as already acknowledged by many authors 
[9,10], their analysis requires the use of a proper mathematical the-
ory [11]. Aitchison introduced the log-ratio approach and laid the 
foundations of Compositional Data Analysis (CoDA). 

Mathematically, the assertion that the relevant information is 
contained in the ratios between the components implies that two 
proportional compositions are equally informative and this induces 
equivalence classes of vectors carrying the same information. Two 

x= (x 1, , xk ); xi >0 ,i ! {1, ,k}
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vectors are compositionally equivalent if they are proportional. 
Each equivalence class has a representative in the unit simplex de-
fined as: 

The simplex is thus the sample space of compositional data. In mi-
crobiome analysis, for example, both the raw counts and their trans-
formation into relative abundances or proportions belong to the 
same equivalence class and they carry the same relative information. 

Three important conditions should be fulfilled for a proper analy-
sis of compositions: permutation invariance, scale invariance and 
sub-compositional coherence [11]. Permutation invariance states 
that a change in the order of the parts in the composition should not 
affect the results. Scale invariance establishes that any function used 
for the analysis of compositional data must be invariant for any ele-
ment of the same compositionally equivalent class. Sub-composition-
al coherence requires that the results obtained when a subset of com-
ponents is analyzed is coherent with the results for the whole compo-
sition. In the context of microbiome analysis this principle is import-
ant because we usually work with sub-compositions obtained after 
filtering out the most low-abundant taxa. Ignoring the compositional 
nature of microbiome data can result in spurious correlations and 
sub-compositional incoherencies. 

Aitchison [11] put the basis of CoDA by introducing what is 
now called the Aitchison's log-ratio approach. The log-ratio analysis 
was introduced in order to meet the principle of scale invariance; as 
stated by Aitchison [11], “any meaningful (scale-invariant) function 
of a composition can be expressed in terms of ratios of its compo-
nents.” Because the logarithmic transformation makes ratios mathe-
matically more tractable, the simplest invariant function is given by 
the log-ratio between two components, that is: 

The generalization of a log-ratio is a log-contrast function defined 
as a linear combination of logarithms of the components with the 
restriction that the sum of the coefficients is equal to 0: 

Log-contrast functions are suitable for CoDA because they are scale 
invariant. 

As an alternative to working in the simplex, several data transfor-
mations have been proposed that transform compositional data to 
the real space where classical statistical analysis can be applied. All 
of them are based on log-ratios between components. 

The additive log-ratio transformation (alr) is the first proposal 

introduced by Aitchison [11]. Taking one part as the reference, for 
instance xk, the alr transformation is defined as:  

Aitchison also defined the centered log-ratio transformation (clr) 
to treat the parts symmetrically. The clr transformation is given by:  

where g(x) = (          )1/k  is the geometric mean of the composition. 
One characteristic of the clr transformation is that the transformed 
components are restricted to have a sum equal to zero and this im-
plies that some common statistical analyses cannot be applied after 
the clr transformation because of a singular covariance matrix. 

The third alternative is the isometric log-ratio transformation 
(ilr) and consists in the representation of a composition given a 
particular orthonormal basis in the simplex. It overcomes the prob-
lem of the singular covariance matrix present in the clr-transforma-
tion. For a detailed description see Egozcue et al. [12]. 

Exploratory Analysis of Microbiome Data 

The main element of a microbiome study is the microbiome abun-
dance table, a matrix of counts, X, with n rows (samples) and k col-
umns (taxa) where each entry xij provides the number of sequences 
(reads) corresponding to taxon j in sample i. Sometimes abundance 
tables are transposed, rows are taxa and columns are samples. Apart 
from the abundance table, other elements that may be available for 
microbiome analysis are the sample data, the taxonomy table, and 
the phylogenetic tree. Several R and Bioconductor packages, such 
as phyloseq, are designed to facilitate the integration of all these ele-
ments in a microbiome analysis [13]. 

Normalization 
The large variability of the total counts per sample prevents mean-
ingful comparisons of raw abundances between individuals. This is 
usually addressed through normalization of raw counts before the 
analysis. The most simple and frequently used normalization is the 
computation of relative abundances by dividing the raw abundanc-
es by the total number of counts per sample. Another popular nor-
malization approach is rarefaction, which consists on subsampling 
the same number of reads for each sample so that all samples have 
the same number of total counts. Rarefaction is not recommended 
because it entails the loss of important information [14]. More so-
phisticated normalization techniques are implemented in some R 
packages, such as, DESeq [15] or edgeR [16], initially developed 

f(x)= a i
i=1

k

{ log(xi);so that a i
i=1

k

{ = 0

Sk ={ x=( x 1, ,xk), xi >0 , x 1
i=1

k{ =1 }

clr(x 1, , xk )= log
g(x h
x 1

b ... log
g
xk

cc

alr(x 1, , xk)= log
xk
x 1

_ i ... log xk
xk-1

_ i_ i

f(x)= log(
x j
xi ), i, j ! {1, , k}

xi%

.

.

.

.

,
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for RNA-seq analysis, that are also used for microbiome differential 
abundance testing. See Weiss et al. [17] for a comparison and dis-
cussion on the performance of different normalization methods for 
microbiome analysis. 

CoDA techniques do not require the normalization step because 
the log-ratio approach involves working with ratios between com-
ponents and this cancels the effect of the total counts per sample. 
Instead, CoDA methods entail the imputation of zeros. Microbi-
ome abundance tables are sparse, they contain many zeros, and this 
should be properly addressed before compositional data methods 
can be applied. The simplest approach is to replace zeros by a small 
pseudo-count or to add a small constant to all the elements of the 
abundance matrix. As an alternative, Martín-Fernández et al. [18] 
propose the Bayesian-Multiplicative treatment, a zero replacement 
involving Bayesian inference and a modification of the non-zero 
values so that the original ratios between the non-zero components 
are preserved. 

Diversity analysis 
The diversity of the microbiome is an important indicator of the 
good or bad conditions of the ecosystem, with larger microbiome 
diversity being usually associated to better health status. Microbi-
ome diversity can be assessed through multiple ecological indices 
that can be divided into two kind of measures, alpha and beta diver-
sity. Alpha diversity measures the variability of species within a 
sample while beta diversity accounts for the differences in compo-
sition between samples. The R package vegan provides a large set of 
diversity measures [19]. 

Alpha diversity: within sample diversity 
The most important measure of alpha diversity is richness, de-

fined as the number of different species present in an environment. 
Richness is estimated by the observed richness, Robs, the number of 
different species observed in the sample. The observed richness 
tends to underestimate the real richness in the environment, where 
the less frequent species are likely to be undetected. There are dif-
ferent indices that adjust for this and try to estimate the hidden part 
that has not been detected. One of the most extended richness 
measure is Chao1 index defined as

 
where f1 is the number of species observed only once and f2 is the 
number of species observed twice. 

Another important indicator of alpha diversity is evenness, which 
measures the homogeneity in abundance of the different species in 
a sample. A commonly used measure of evenness is the Shannon 

index defined as 

where pi represents the relative abundances of the i-th taxon. 

Beta diversity: between samples diversity 
Beta diversity measures the differences in microbiome composition 
between samples. There is a wide range of ecological distances or 
dissimilarities for measuring how close are two microbial composi-
tions. The most commonly used are Bray-Curtis, UniFrac and 
weighted UniFrac distances. We also define the Aitchison distance 
which is a proper distance for compositional data. 

Let p1 =  (p11,…,p1k ) and p2 =  (p21,…,p2k ) denote the microbi-
ome relative abundance of two different samples. 

Bray-Curtis is defined as follows:

UniFrac family of distances [20] consider the phylogenetic tree 
that represents the evolutionary relationships among the different 
taxa. The phylogenetic tree can be obtained from the bioinformatic 
pipelines, such as mothur and QIIME. For a tree with r branches, 
let b =  (b1,…,br) represent the length of the different branches in 
the phylogenetic tree, and q1 =  (q11, … ,q1r), and q2 =  (q21,… ,q2r) 
the relative abundances associated to each branch for the first and 
the second sample, respectively. 

The unweighted UniFrac distance measures the relative length of 
those branches that lead exclusively to species present in only one 
of the two samples with respect to the total length of all branches in 
the tree: 

The unweighted UniFrac distance only takes into account the 
presence or absence of the taxa but Lozupone et al. [20] also intro-
duced the weighted UniFrac distance that includes information on 
the relative abundance of each taxa and is defined as follows: 

For a proper CoDA analysis, a distance must be subcomposition-
ally dominant, which means that the distance between two points 
in a multi-dimensional space should always be larger than their dis-
tance when projected in a lower dimensional space (sub-composi-
tion). Most commonly used distances in microbiome analysis, such 
as, the Bray-Curtis and the weighted and unweighted UniFrac dis-
tances are not sub-compositionally dominant, and this may induce 
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sub-compositionally incoherencies that question the reliability of 
the results of any distance-based analysis [8,11,21]. 

The Aitchison distance is a sub-compositionally coherent dis-
tance defined as the Euclidean distance after the clr-transformation 
of the compositions. Given two compositions x1 and x2, the Aitchi-
son distance is given by 

where dE denotes Euclidean distance. 

Ordination 
The goal of ordination plots is the visualization of beta diversity for 
identification of possible data structures. The multidimensional 
data is represented into a reduced number of orthogonal axes while 
keeping the main trends of the data and preserving the distances 
among samples as much as possible. Most commonly used ordina-
tion methods for microbiome data are principal coordinates analy-
sis (PCoA), also known as multidimensional scaling, and non-met-
ric multidimensional scaling (NMDS) [22,23]. 

PCoA an extension of Principal Components Analysis (PCA). 
Given a distance or dissimilarity matrix, D, PCoA performs eigen-
value decomposition of Dc'Dc where Dc is the centered distance ma-
trix. When D is the Euclidean distance, PCoA results exactly the 
same as PCA. Care must be taken with PCoA if the selected dis-
tance is not metric, because some eigenvalues may be negative and 
then, the graphical representation will not perform properly. 

In order to avoid this problem NMDS is more commonly used. 
Also based on a distance matrix D, NMDS maximizes the rank-
based correlation between the original distances and the distances 
between samples in the new reduced ordination space. The proce-
dure starts with a random configuration and the optimal represen-
tation is obtained following an iterative procedure that at each steps 
improves the rank correlation. 

Ordination plots can be obtained with the R and Bioconductor 
packages vegan and phyloseq, among others [13,19]. Alternatively, a 
CoDA ordination approach can be followed by performing PCA af-
ter the clr or ilr transformation as implemented by Le Cao et al. [24] 
in the context of the multivariate statistical framework mixMC. 

Microbiome Statistical Inference 

Multivariate differential abundance testing 
Multivariate differential abundance testing refers to a global test of 
differences in microbial composition between two or more groups 
of samples. We can distinguish between distance-based or mod-
el-based approaches. 

Permutational Multivariate Analysis of Variance Using Distance 

Matrices, PERMANOVA [25], is perhaps the most widely used 
distance-based method for multivariate community analysis. The 
null hypothesis of no differences in composition among groups is 
formulated by the condition that the different groups of samples 
have the same center of masses. Implemented in the function 
“adonis” of the vegan R package, it consists of a multivariate ANO-
VA based on dissimilarities. The variability within groups is com-
pared against the variability between groups with the usual ANO-
VA F statistic, but partition of sums-of-squares is applied directly to 
dissimilarities. Significance is evaluated through permutations to 
generate a distribution of the pseudo F statistic under the null. 

A related and popular distance-based approach is the analysis of 
similarities [26], implemented in the function “anosim” of the veg-
an R package.  

An interesting model-based approach for multivariate microbi-
ome analysis is Kernel machine regression (KMR), that extends 
PERMANOVA to a regression framework [27]. KMR is a 
semi-parametric regression model that includes a nonparametric 
component. The model can be expressed as a semiparametric lin-
ear regression model when the response variable is continuous 

or as a semiparametric logistic regression model for a dichotomous 
response variable

In the context of microbiome analysis, X is the microbiome 
abundance matrix and the non-parametric component h(X) mea-
sures the relationship between microbiome composition and the 
outcome. This association can be tested according to the following 
hypothesis: 

The nonparametric component is related to a Kernel matrix that 
is a transformation of the distance matrix D of pairwise distances 
between individuals. KMR is implemented for microbiome analy-
sis in the R package MiRKAT [28]. KMR can be adapted to CoDA 
by using a subcompositionally dominant function, such as, the 
Aitchison distance. Rivera-Pinto [29] has implemented this adapta-
tion in the R package MiRKAT-CoDA. The algorithm also includes 
a weighted version that allows the identification of the taxa that are 
more relevant for the joint association. 

Among the different model-based methods for microbiome dif-
ferential abundance testing we highlight the work by La Rosa et al. 
[30] that consider the Dirichlet-Multinomial distribution for hy-
pothesis testing, power and sample size calculations. The proposed 
methods are implemented in the R package HMP. 

dA (x 1,x 2) = d E (clr(x 1),clr(x 2))

yi = b 0 + blZi + h(Xi) + e i

logit (yi) = b 0 + blZi + h(Xi) + e i

H 0:h(X) = vs H 1:h(X)! 0

,
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Le Cao et al. [24] propose the multivariate statistical framework 
mixMC where they perform sparse partial least squares discrimi-
nant analysis (sPLS-DA), implemented in the R package mixOmics 
[31]. In order to acknowledge the compositional structure of mi-
crobiome data, they apply sPLS-DA after the clr transformation. 
PLS-DA maximizes the covariance between linear combinations of 
the taxa and the response variable. The sparse version of PLS-DA 
uses Lasso penalized regression [32] and thus, it performs variable 
selection that enables the identification of the taxa that are most as-
sociated with the outcome. 

Univariate differential abundance testing 
When significant global differences in microbiome composition 
are detected between groups of samples, a natural question arises: 
which particular taxa are responsible of that global difference? A 
common strategy to answer this question is to test every taxa sepa-
rately for association with the response variable. When the response 
variable is dichotomous this is known as univariate differential 
abundance testing. 

Below we describe both, classical and CoDA approaches for uni-
variate differential abundance testing. However, we advise that clas-
sical univariate approaches are notably affected by the composition-
al structure of microbiome data and their results, with large false 
discovery rates, might be questioned [17,33]. 

Nonparametric tests, like the Wilcoxon rank-sum test or the Kru-
skal-Wallis test, can be applied. However, more powerful paramet-
ric approaches are available, such as the Bioconductor packages 
edgeR [16] and DESeq2 [34], initially proposed for transcriptom-
ics analysis (RNA-Seq data). Both fit a generalized linear model 
and assume that read counts follow a Negative Binomial distribu-
tion. The NB distribution extends the Poisson distribution by al-
lowing the variance to be different from the mean. edgeR and 
DESeq2 mainly differ in the way they normalize the data. DESeq2 
uses size factors that account for differences in sequencing depth 
between samples and shrinkage for large variances correction. edg-
eR can be implemented with different normalization methods but 
the most recommended is TMM, the trimmed mean of M-values 
normalization method, that indirectly attempts to overcome the 
problem of compositional DNA sequencing data ("the proportion 
of reads attributed to a given gene in a library depends on the ex-
pression properties of the whole sample rather than just the expres-
sion level of that gene") [16]. 

Two CoDA methods that explicitly accounts for the composi-
tional nature of microbiome data are ANCOM [35] and ALDEx2 
[36]. In ANCOM, the log-ratio of all pairs of variables is tested for 
differences in means. The number of significant results involving 
each variable is used to determine its significance. The ALDEx2 al-

gorithm uses a Dirichlet-multinomial model to infer the multivari-
ate abundance distribution from counts. After clr transformation it 
performs the Wilcoxon rank test (two groups) or Kruskal-Wallis 
tests (more than two groups). 

Microbial signatures 
Recently, Rivera-Pinto et al. [37] have proposed a new CoDA ap-
proach for microbiome analysis that is aimed to the identification 
of microbial signatures, groups of microbial taxa that are predictive 
of a phenotype of interest. The identification of microbial signa-
tures involves both modeling and variable selection: modeling the 
response variable and identifying the smallest number of taxa with 
the highest prediction or classification accuracy. In order to fulfill 
the principles of CoDA, instead of analyzing individual abundanc-
es, we analyze the relative abundances between two groups of taxa, 
also referred as the abundance balance between the two groups, a 
concept that is formally defined as follows:  

Let x = (x1,x2,...,xk) be the microbial composition of k taxa and, 
among these k taxa, let's consider two disjoint subgroups of taxa, 
group A and group B, with composition abundances denoted by xA 
and xB, each group with kA and kB different taxa and indexed by IA 
and IB, respectively. The abundance balance between A and B, de-
noted by B(A,B), is defined as the log-ratio between the geometric 
mean abundances of the two groups of taxa as follows:  

where C is a normalization constant. The larger the values of bal-
ance B(A,B), the more abundant is group A with respect to group B. 
Positive values of B(A,B) arise when group A is more abundant 
than group B while negative values of B(A,B) correspond to larger 
abundance of group B relative to group A abundance. A value of 
B(A,B) = 0 correspond to a perfect balance between the abundanc-
es of both groups of taxa. 

The goal of the proposed algorithm is the identification of the 
two groups of microbial taxa, group A and group B, whose abun-
dance balance B(A,B) is most associated with an outcome of inter-
est Y. For instance, for a binary outcome Y corresponding to disease 
status (Y = 1 for diesased and Y = 0 for not diseased), if we are able 
to identify the two groups of taxa A and B whose balance is associ-
ated with Y we may use B(A,B), the relative abundance between 
groups A and B, as a microbial signature of disease risk. If large val-
ues of B(A,B) are associated with Y = 1, we will infer that a person 
with larger relative abundances of group A with respect to group B 
will have higher risk of disease than other people with lower relative 
abundances between A and B. 

B(A,B)= C log
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The algorithm for the selection of microbial balances is imple-
mented in the R package selbal. It starts with a first thorough search 
of the two taxa whose balance, or log-ratio, is most associated with 
the response variable. Once the first two-taxon balance is selected, 
the algorithm performs a forward selection process where, at each 
step, a new taxon is added to the existing balance such that the spec-
ified optimization criterion is improved (area under the receiver 
operating characteristic or mean squared error). The algorithm 
stops when there is no additional variable that improves the current 
optimization parameter or when the maximum number of compo-
nents to be included in the balance is achieved. This number is es-
tablished with a cross-validation procedure, which is also used to 
explore the robustness of the identified balance.  

Discussion 

In this work we present some of the techniques that are most com-
monly used for microbiome analysis. We place a particular empha-
sis on those methods that preserve the principles of compositional 
data analysis. 

Classical methods that ignore the compositional nature of micro-
biome data can result in spurious correlations and sub-composi-
tional incoherencies. This is especially relevant for classical univari-
ate test where the strong dependencies between microbial abun-
dances results in an important increase of type I error. Simulation 
studies show that the false discovery rate increases as the true-posi-
tive fold change increases and that it can achieve unacceptable ex-
tremely large values [17,33]. Moreover, from a biological point of 
view univariate approaches are questionable because they ignore 
that the microbiome is an ecosystem with complex interactions be-
tween its members and with the environment. 

There is an increasing awareness of the need of using proper 
CoDA methods for microbiome analysis [10,38]. In this work we 
make clear that proper CoDA methods are available for all steps of 
a microbiome statistical analysis: normalization, diversity analysis, 
ordination and differential abundance testing, both, multivariate 
and univariate. 

Normalization is not required and only zero imputation is need-
ed. Diversity analysis and ordination can be performed after clr or 
ilr transformations, for instance, Aitchison distance and PCA. 
CoDA adapted Kernel machine regression can be used for multi-
variate differential abundance testing. Univariate approaches are 
not recommended. Penalized multivariate regression, such as sPLS-
DA, is an alternative for the identification of the taxa that are most 
associated with the outcome. The algorithm selbal for the selection 
of microbial signatures is also an alternative to univariate selection 
of taxa when the main interest is prediction. 

Even so, more research is still needed to fully understand the per-
formance and limitations of the current available CoDA methods 
for microbiome analysis that will probably lead to their improve-
ment or to the proposal of new approaches. 
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Cysticercosis, a parasitic disease caused by Taenia solium metacestode (TsM), has a major 
global public health impact in terms of disability-adjusted life years. The parasite preferen-
tially infects subcutaneous tissue, but may invade the central nervous system, resulting in 
neurocysticercosis (NC). NC is an important neglected tropical disease and an emerging dis-
ease in industrialized countries due to immigration from endemic areas. The prevalence of 
taeniasis in Korea declined from 0.3%–12.7% during the 1970s to below 0.02% since the 
2000s. A survey conducted from 1993 to 2006 revealed that the percentage of tested sam-
ples with high levels of specific anti-TsM antibody declined from 8.3% to 2.2%, suggesting 
the continuing occurrence of NC in Korea. Modern imaging modalities have substantially 
improved the diagnostic accuracy of NC, and recent advances in the molecular biochemical 
characterization of the TsM cyst fluid proteome also significantly strengthened NC serodiag-
nosis. Two glycoproteins of 150 and 120 kDa that induce strong antibody responses against 
sera from patients with active-stage NC have been elucidated. The 150 kDa protein showed 
hydrophobic-ligand binding activities and might be critically involved in the acquisition of 
host-derived lipid molecules. Fasciclin and endophilin B1, both of which play roles in the 
homeostatic functions of TsM, showed fairly high antibody responses against calcified NC 
cases. NC is now controllable and manageable. Further studies should focus on controlling 
late-onset intractable seizures and serological diagnosis of NC patients infected with few 
worms. This article briefly overviews diagnostic approaches and discusses current issues re-
lating to NC serodiagnosis. 
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Introduction 

Cysticercosis is a parasitic disease caused by infection with the larval stage of the cyclo-
phyllidean tapeworm Taenia solium. The T. solium metacestode (TsM) preferentially lodg-
es in subcutaneous tissues and muscles, but often invades the central nervous system 
(CNS), resulting in neurocysticercosis (NC). NC, which is a leading cause of adult-onset 
seizure disorder, is a major global public health concern in several endemic areas [1]. An-
nually, NC causes approximately 28,000 deaths and more than three million people are at 
risk [2]. In endemic areas of Latin America and Africa, NC accounts for 10%–12% of all 
hospital admissions to neurological departments [3]. NC is becoming an emerging or a 
re-emerging disease in industrialized countries, due to the high frequency of immigration 
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from endemic areas. Moreover, NC is now regarded as one of the 
most important food-borne zoonotic helminthiases [4]. 

Historically, taeniasis and cysticercosis have posed formidable 
public health problems in Korea. In the 1970s, the prevalence of 
taeniasis was 0.3%–12.7% according to stool examinations and 
4.5%–38.0% by questionnaire surveys [5]. However, the prevalence 
is currently below 0.02%, and most affected patients are elderly and 
originate from remote islands [6]. From 1987 to 1990, a survey in-
vestigated the seroprevalence of NC in mixed epilepsy patients in 
Korea. A total of 2667 serum samples, randomly selected from 27 
different localities, were tested for their specific antibody levels by 
enzyme-linked immunosorbent assay (ELISA). The positivity rate 
was 4.0% in the patient group (standardized positivity rate, 3.1%) 
and 2.1% in persons without mixed epilepsy (standardized rate: 
1.8%). Geographically, the rate was the highest in patients living in 
Jeju Province (8.4%). Patients aged 50–59 years showed the high-
est positivity rates [7]. Another study of surgical specimens re-
vealed that 149 of 80,947 cases (0.18%) were of parasitic origin. Of 
these, 112 cases were cysticercosis involving several organs, most 
commonly subcutaneous tissues and muscles [8]. From 1993 to 
2006, a total of 74,448 serum samples obtained from patients with 
neurological manifestations and liver diseases were tested by ELI-
SA. The percentage of samples showing high antibody titers against 
TsM cyst fluid (CF) antigen decreased from 8.3% to 2.2% [9], 
which indicated that cysticercosis, including NC, has continued to 
occur in Korea, although its incidence has substantially decreased. 

The symptoms of NC vary depending on the number, location, 
and size of the infected worm(s); the duration of infection; the evo-
lutionary stage of lesions; and the presence or absence of acephalic 
budding cysticercus [10,11]. Major symptoms include headache, 
seizure, paresis, and focal neurologic deficits. More importantly, 
NC is a leading cause of adult-onset seizure in areas where the dis-
ease is endemic [1,12]. 

The accurate diagnosis of NC is important for effectively con-
trolling the disease. The key to the diagnosis of NC is interpreting 
the patient’s manifestations together with data provided by radio-
logical findings and immunological tests, since the parasite’s eggs 
are not present in the patients’ stool. Neuroimaging diagnosis de-
pends largely on computed tomography (CT) and/or magnetic 
resonance imaging (MRI) because a definitive histological diagno-
sis is neither possible nor feasible in many cases [13,14]. However, 
these methods have limitations due to the highly pleomorphic pre-
sentation of NC, overlapping with that of other intracranial 
space-occupying lesions [14,15]. Tests to detect specific antibodies 
in the patient’s serum/cerebrospinal fluid (CSF) have been applied 
to provide additional evidence. Immunodiagnosis might support 
other diagnostic procedures for NC in neurological patients 

[16,17]. 
Many cases of active-stage NC can be treated with specific che-

motherapeutics. However, chronic NC and acephalic cysticercosis 
in the ventricles are not susceptible to anthelminthics, but should 
instead receive surgical or symptomatic treatment, such as worm 
removal surgery, anticonvulsants, analgesics, or shunt operations to 
relieve the increased intracranial pressure or to control intractable 
seizures [18]. Specific treatment can shorten and diminish the 
symptoms caused by inflammation associated with active NC, and 
such treatment appears to reduce the risk of headache and late-re-
curring refractory seizure [1,18]. 

In Korea, the mid-1980s brought dramatic advances in the man-
agement of NC. Emerging neuroimaging techniques greatly im-
proved the capability to diagnose organic brain diseases [13,19]. 
The concomitant application of serological diagnoses [20,21] pro-
vided further evidence for the presence of the worm in the brain. 
Safe and effective chemotherapeutics for the medical treatment of 
NC were successfully launched [22,23]. Several molecular and cell 
biological studies have elucidated bioactive molecules of TsM that 
are crucially involved in the regulation of homeostatic functions 
[24,25] and the symbiotic protein interactome network of the 
worm [26]. These efforts have made the disease controllable and 
manageable. However, unsolved problems remain for the more ef-
fective management of the disease, such as control of intractable 
seizures, especially after medical treatment; the diagnosis of ace-
phalic cysticercosis in the ventricles; and the serological diagnosis 
of early infections and patients who are infected with relatively few 
worms in the CNS and other areas. In this article, we briefly over-
view the advances and current status of the immunodiagnosis of 
NC in Korea. 

Assessment of Serodiagnosis of Cysticercosis 

As a first step toward NC serodiagnosis, an extensive study to deter-
mine the applicability of ELISA employing TsM CF as an antigen 
was carried out using paired samples of serum and CSF from pa-
tients with NC. The overall sensitivity and specificity were 90.1% 
and 88.5%, respectively. CSF showed greater sensitivity. This result 
demonstrated that a serological test using paired samples of serum 
and CSF was highly beneficial for differentiating NC from other 
causes of organic brain diseases [20]. 

To establish the appropriate diagnostic criteria, the specific anti-
body levels were measured in 1:100 diluted serum (in phosphate 
buffered saline containing 0.05% Tween 20) and undiluted CSF 
samples from 355 patients with several neurological diseases, in-
cluding NC. The positive criterion was set as the low limit of the 
positive reaction, which was also the mid-point of the absorbance 
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range of the lowest frequency in serum samples used in the blind 
test [20]. Considering that the amount of specific IgG might be 
1/100 of the amount in serum [27], the same positive criterion 
could be applied for CSF samples. Detection of specific antibody 
levels by ELISA either in serum or in CSF, thereafter, became the 
main mode of NC serodiagnosis. IgG subclass responses demon-
strated that sera from patients with NC reacted mainly with the 
IgG4 subclass [28]. 

Identification of the Immunopotent 
Component of TsM for NC Serodiagnosis 

One of the critical problems encountered in the serological diagno-
sis of NC is the differential diagnosis from other parasitic infections. 
Cross-reactions that arise from other larval cestodiases, such as al-
veolar and cystic echinococcoses (AE and CE, respectively), and 
sparganosis should be ruled out, since these larval cestodiases fre-
quently provoke serological cross-reactions [29]. 

For the serological differentiation of NC from sparganosis, the 
diagnostic properties of TsM CF proteins were compared with 

those of parenchymal extracts. CF showed a higher antibody detec-
tion capability than parenchymal extracts. Sera from NC patients 
cross-reacted with the sparganum extracts, and the TsM antigen 
showed cross-reactions to the sera of patients with sparganosis. Ap-
proximately 50% of the sera from sparganosis patients exhibited 
cross-reactions against TsM parenchymal extracts (Fig. 1A and 1B). 
This finding suggested that some NC patients might produce IgG 
antibodies against TsM antigenic proteins, which are common in 
sparganosis and non-specifically bind to sparganum extracts. The 
antigenic components that caused the cross-reaction were not a 
single protein, but multiple proteins (Fig. 1B). 

When sera from NC patients were examined by immunoblot, 
TsM CF exhibited a variety of reaction patterns. Several protein 
bands revealed positive antibody responses, of which the bands at 7, 
10, 15, 20–40, 43, 64, 95, 106, and 160 kDa were strongly reactive 
(Fig. 1B, panel CF). The 10 kDa component showed the strongest 
reaction, with 84.6% of the samples (209 of 247) being positive 
[28]. Although the reaction pattern of the parenchymal extracts 
was similar to that of the CF, more numerous bands ranging from 
43 to 100 kDa were reactive with sera from NC patients. In general, 

Fig. 1. (A) Scattergram of specific antibody levels in sera from patients with NC, NC crossreacted to the sparganum extracts and sera from 
patients with sparganosis. Serum samples from NC cases showed the highest levels of reactivity against TsM CF. Some sparganosis sera revealed 
cross-reactions against TsM parenchymal extracts, but showed no crossreactions against TsM CF. (B) Immunoblot analysis of three different 
antigens (TsM CF, TsM parenchymal extracts, and sparganum extracts). Lanes a–c, sera from NC patients; lanes d–f, sera from sparganosis 
patients; lanes g–i, sera from NC cases cross-reacted with the sparganum extracts, lanes j–l, negative controls. NC, neurocysticercosis; TsM, 
Taenia solium metacestode; CF, cyst fluid; Mr, molecular weights in kDa.
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high-molecular-weight proteins above 47 kDa were shown to be 
cross-reactive both with TsM parenchymal extracts and with spar-
ganum extracts, while the low-molecular-weight proteins (LM-
WPs) (ranging from 7 to 24 kDa) in CF showed specific antibody 
reactions. Our research group observed similar results for serologi-
cal cross-reactivity with AE and CE. High-molecular-weight pro-
teins typically revealed cross-reactions [28,29]. Those antigenic 
bands did not seem to be the same molecules as the major antigenic 
proteins of TsM. This result further suggested that TsM CF is suit-
able for the differential diagnosis of cysticercosis from other cesto-
diases, as well as better than parenchymal extracts for the serodiag-
nosis of cysticercosis [20,28]. 

Two Macromolecular Proteins of TsM CF 
Display Specific Antibody Reactions against 
Sera from NC Patients 

A study was conducted to purify antigenic components from TsM 
CF by monoclonal antibody-ligand immunoaffinity chromatogra-
phy. The purified protein migrated as a single homogenous band by 
native gel electrophoresis and was further separated into three sub-
units of 7, 10, and 15 kDa by sodium dodecyl sulfate–polyacryl-
amide gel electrophoresis (SDS-PAGE) analysis. The diagnostic 
significance of the purified protein was evaluated by ELISA. The 
specific IgG antibody levels in serum and CSF samples from NC 
patients were not higher than the levels in crude CF [30]. This re-
sult indicated that the purified protein had higher specificity, but 

lower sensitivity, as a diagnostic antigen, which may have been par-
tially due to its limited detection of mono-specific or oligo-specific 
antibodies circulating in the patients’ sera among the diverse poly-
clonal antibodies produced in the patients. 

Another series of experiments to characterize LMWPs was car-
ried out through a proteomic analysis combined with gel perme-
ation chromatography. When eluted with Superdex 200 fast-perfor-
mance liquid chromatography, TsM CF revealed four major peaks 
(Fig. 2A), in which fractions III and IV constituted the major 
groups. Fractions III and IV harbored a 150 kDa and a 120 kDa 
macromolecular protein, respectively (Fig. 2B). The proteins were 
further divided into several LMWPs that showed high antibody re-
sponses against anti-CF antibody (Fig. 2C). These molecules are 
members of the major groups of LMWPs that have been extensive-
ly studied owing to their potent antigenic properties [28,31-33]. 

We characterized the 120 kDa macromolecule (fraction IV) 
(Fig. 2B). The protein consisted of two major components of 42– 
46 and 22–28 kDa when analyzed using non-reducing SDS-PAGE 
gels and shared three subunits of 14, 16, and 18 kDa in the results of 
reducing SDS-PAGE analysis. The 42–46 kDa component con-
tained three additional subunits of 22, 28, and 38 kDa [34]. These 
molecules were linked by intra-/inter-subunit disulfide bonds. 
Two-dimensional electrophoresis (2DE) showed that each of these 
subunit proteins might be the result of post-translational modifica-
tions, such as glycosylation and phosphorylation (Fig. 3A). Cloning 
and phylogenetic analysis of these molecules established that these 
six subunits potentially originated from either the 14 or 18 kDa pre-

Fig. 2. Partial purification of 120 and 150 kDa macromolecular proteins from TsM CF. (A) A 1.6 × 60 cm long FPLC packed with Superdex 
200 prep grade was equilibrated with 20 mM Tris-HCl (pH 8.0) containing 150 mM NaCl. A total of 3 mL (10 mg) of TsM CF was applied to 
the column with a flow rate of 0.5 mL/min. Eighty-five fractions (1.5 mL each) were analyzed for their absorbance at 280 nm, as monitored 
by UNICORN (v3.0). (B) Analysis of the eluted group III and IV proteins by native PAGE. (C) Western blot analysis of the fraction III and IV 
proteins probed with anti-CF antibody. TsM, Taenia solium metacestode; CF, cyst fluid; FPLC, fast-performance liquid chromatography; PAGE, 
polyacrylamide gel electrophoresis; Mr, molecular weights in kDa; SDS-PAGE, sodium dodecyl sulfate–polyacrylamide gel electrophoresis.

Fraction no.

200

150

100

50

0

Mr
97
66
43

30.1

20.1

14.1

Ab
s. 

at
 2

80
 n

m
/m

Au

SDS-PAGE

40  41  42  48  49  50 40  41  42  48  49  50CFCF

Blot: anti-CF Ab

A C
CF     III     IV

B

https://doi.org/10.5808/GI.2019.17.1.e74 / 10

Ahn CS et al. • Serodiagnosis of neurocysticercosis



cursor (Fig. 3B), which might have consisted of heterozygous mol-
ecules. Our research group assessed the antibody reactivity of the 
native protein and the recombinant 14 and 18 kDa proteins and 
observed that both the native and recombinant proteins had a high 
reliability for differentiation of active- and mixed-stage NC from 
chronic NC [34]. Interestingly, the derivatives of the 18 kDa sub-
units displayed different isoelectric point values and were shown to 
be abundantly detected in the CF collected from the Americas, but 
the opposite was evident for the 14 kDa subunits [17]. Immune 
recognition patterns against the 120 kDa protein also varied accord-
ing to the geographic origins. The reactions were more distinct and 
prominent in CFs of Central/Latin American origin than those of 

Asian origin [17]. 
We also investigated the biochemical, biophysical, and immuno-

logical properties of the 150 kDa protein (fraction III) (Fig. 2B). The 
protein was found to be a hetero-oligomeric complex consisting of 
multiple subunits of 7, 10, and 15 kDa within the pH range of 8.0–
9.7. The subunits may have originated from four unique genes of 7 
and 10 kDa gene families with 2–3 polymorphic alleles/paralogs 
(Fig. 3C). The 10 kDa group had diverged from CyDA1 and 2, b1 
variant (b1v) 1 and 2, and m13h variant (m13v) 1 and 2. The 7 kDa 
proteins were separately clustered with RS sublineages (RS1 and 
RS2) (gene names were adapted from GenBank DB) (Fig. 3D). 
However, we could not identify the RS2 lineage through the 2DE 

Fig. 3. Biophysical properties and phylogenetic relationship of the 120 and 150 kDa proteins of the TsM CF. (A) The 120 kDa protein (fraction IV) 
was separated in a pH range of 6–11, after which it was further resolved by 15% SDS-PAGE. The subunit proteins of 14, 16, 18, 22, and 28 kDa, 
which were identified by proteome analysis, are seen. (B) Phylogenetic analysis demonstrated that the subunits of the 120 kDa macromolecule 
were clustered into two groups of 14 and 18 kDa lineages. (C) 2DE analysis of the 150 kDa protein (fraction III). The protein was isoelectrically 
focused using IPGphor (pH 6–11), after which it was further separated by 15% SDS-PAGE. Each protein was subjected to MALDI-TOF analysis. 
(D) Phylogenetic analyses of the subunit proteins. The representative amino acid sequences were aligned, and optimized with ClustalW and 
GeneDoc. The phylogram was constructed with the neighborjoining algorithm (PHYLIP). The statistical significance of each branching node was 
evaluated with 1,000 random samples. TsM, Taenia solium metacestode; CF, cyst fluid; SDS-PAGE, sodium dodecyl sulfate–polyacrylamide gel 
electrophoresis; 2DE, two-dimensional electrophoresis; MALDI-TOF, matrix-assisted laser desorption ionization time-of-flight; Mr, molecular 
weights in kDa.
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analysis. The 15 kDa protein represented a glycosylated form of the 
10 kDa protein [24]. These subunit proteins showed highly specific 
antibody reactivity against sera from NC patients, but were not re-
active with the sera from patients with other parasitic infections, in-
cluding AE, CE, and sparganosis [17]. Epitope mapping of the 10 
kDa subunit, which showed the most reliable diagnostic perfor-
mance, revealed that amino acid residues 30–34—Asn-Met-Thr-
Val-Met (NMTVM)—comprised the core sequence of the domi-
nant epitope [35]. In contrast to the 120 kDa protein, the expres-
sion characteristics of the 150 kDa molecule did not significantly 
differ between Asian and Latin American samples of TsM. This re-
sult further suggested that 150 kDa molecule was better for detect-
ing specific antibodies circulating in the patient sera, without ge-
nomic drift compared to the 120 kDa protein [17]. Additional 
studies are warranted to determine the involvement of each subunit 
in antibody recognition, the molecular mechanism that controls 
the transcriptional/translational expression of these subunits, and 
the manner in which these subunits are linked to form tertiary and 
quaternary structures. 

Our research group also investigated the biological function of 
the 150 kDa protein. An ex vivo experiment employing viable TsM 
demonstrated that the excreted protein bound to lipids and partici-
pated in the uptake of lipids from the surrounding host tissues. The 
process was substantially inhibited by specific anti-150 kDa anti-
bodies. The protein was localized in the parasite syncytium and in 
the lipid droplets within the host granuloma wall, where significant 
lipase activity was expressed [24]. The subunits comprising the 
150 kDa protein indeed revealed high binding affinity to lipid ana-
logs with non-overlapping patterns. The protein showed evidence 
of high-level sequence identity with other cestode hydrophobic-li-
gand binding proteins (HLBPs) and formed a novel clade associat-
ed with excretory-secretory HLBPs. A study with mutagenic RS1 
proteins demonstrated that structural/electrostatic integrity around 
the second α-helix, rather than the conventional Trp residue, was 
the major factor governing the hydrophobic interaction [36]. 
HLBP-mediated uptake of the host lipids may be critical for the 
survival of the parasite and maintenance of parasitic homeostasis; 
therefore, therapeutics or vaccines might be exploited by interrup-
tion of the biological functions of this protein [24]. 

Antigen Cocktail and Chimeric Antigen for the 
Specific Diagnosis of Early Active-Stage NC 

We cloned four representative proteins (one from the 120 kDa pro-
tein and three from the 150 kDa protein) that showed different epi-
tope specificities, and an antigenic cocktail and a chimeric protein 
were constructed by fusing catenated genes. These regimens had a 

great deal of potential to facilitate the development of novel stan-
dard diagnostic assays, as this protein had the advantage of com-
pensating for epitope specificity (Fig. 4). The overall sensitivity and 
specificity of the chimera was determined to be 97.5% (156 of 160 
samples) and 97.8% (265 of 271 cases), respectively [17]. The anti-
genic cocktail also showed similar results. More studies employing 
large numbers of serum and CSF samples may be essential to vali-
date the practical value of these regimens. Identifying and compil-
ing other novel antigenic molecules that bear different epitope 
specificity will further contribute to the design of final platform reg-
imen(s). 

Endophilin B1 and Fasciclin Proteins of TsM 
Show High Antibody Reactivity against Sera from 
Chronic Inactive NC Cases 

Endophilin B1 plays critical roles in the maintenance of membrane 
coverture and endocytosis in living organisms [37]. We isolated 
three proteins homologous to endophilin B1 from three human-in-
fecting Taenia species (sequence identity, 92.9%–96.6%). Taeniidae 
endophilin B1 showed a unique immunological profile and was 
abundantly expressed in the tegumental syncytium of the larval and 
adult worms. Taeniidae endophilin B1 might be involved in the con-

Fig. 4. Immune response of the representative recombinant proteins 
derived from the 120 and 150 kDa subunits and chimera against 
sera from active-stage NC patients. Each protein was separated by 
12% SDS-PAGE and transblotted to a PVDF membrane. The blots 
were incubated with 1:200 diluted individual NC sera overnight. 
The blots were further incubated with horseradish peroxidase–
conjugated anti-human IgG and developed with 4-chloro-1- 
naphthol as a chromogen. NC, neurocysticercosis; SDS-PAGE, 
sodium dodecyl sulfate–polyacrylamide gel electrophoresis; PVDF, 
polyvinylidene difluoride.
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trol of membrane dynamics, thereby contributing to shaping and 
maintaining the tegumental curvature. The protein was secreted into 
the host tissue and induced strong host immune responses, especial-
ly against sera from patients with chronic NC, CE, and AE. Bacteri-
ally expressed recombinant T. solium endophilin B1 (rTsMEndoB1) 
also revealed similar results. It demonstrated a sensitivity of 79.7% 
(345 of 433 cases) for serodiagnosis of larval Taeniidae infections. 
The characteristic patterns of TsMEndoB1 expression may be relat-
ed to the antibody responses observed in chronic cases. Endophilin 
B1, as a major constituent of the tegument, may be continuously ex-
pressed during the involution process of the parasites, although its 
expression levels decline over time. It may continually stimulate the 
host immune systems to produce specific antibodies until the para-
sites are completely regressed or calcified. Use of rTsMEndoB1 
might not be suitable for the initial diagnosis of NC patients, but 
could be beneficial for follow-up surveillance of NC [38].  

We also isolated two paralogous fasciclin-like molecules (TsM-
Fas1 and 2) that demonstrated fairly high antibody responses 
against sera from chronic NC patients. These molecules had molec-
ular weights of 83 kDa (secretory form, 65 kDa) and harbored fas-
ciclin and fasciclin-superfamily domains. The proteins were shown 
to be expressed as multiple isoforms by post-translational phos-
phorylation. The proteins were constitutively expressed in metaces-
tode and adult stages, with preferential locality in the scolex. Bacte-
rially expressed rTsMFas1 exhibited 78.8% sensitivity (63 of 80 
cases) and 93% specificity (278 of 299 samples) in diagnosing 
chronic NC. Although TsMFas1 demonstrated some cross-reac-
tions with sera from CE patients (10 of 56, 17.8%) and sparganosis 
(4 of 50, 8%), TsMFas1 may be useful for the differential diagnosis 
of chronic NC in clinical settings, especially where both NC and 
other infectious cerebral granulomatoses are prevalent. The expres-
sion pattern of these molecules in the scolex was also found to be 
related to the antibody reactivity that culminated in chronic cases, 
as evidenced by endophilin B1 [39]. In addition, TsMFas mole-
cules bound to calcareous corpuscles may symbiotically mediate 
protein-protein interactions governing carbohydrate-metabolizing 
enzymes and cytoskeleton/cell motility to maintain efficacious ho-
meostatic functions and ensure the prolonged survival of the TsM 
in the host [26]. 

Detection of the 150 kDa Protein in Serum and 
CSF Samples from NC Patients 

The amount of the 150 kDa protein in CF was measured by anti-
body-sandwich ELISA in serum and CSF samples from NC pa-
tients. The capture antibodies were a rabbit anti-CF antibody and a 
monoclonal antibody against the 150 kDa protein. The detection 

limit of the test was 8 ng/mL of the protein. The levels of the pro-
tein in 351 sera from 255 patients (55 surgery-proven cases and 
200 cases diagnosed by positive antibody reactions and pathogno-
monic CT/MRI findings) were below the sensitivity of the assay. 
Of the 276 CSF samples tested, 31 (11.2%) revealed a detectable 
range, which indicated that the detection of antigenemia might not 
be sensitive enough to diagnose NC. The 150 kDa protein ap-
peared in the CSF in situations such as 2 days after praziquantel 
treatment, or a patient infected with a racemose cysticercus with a 
degenerated cyst wall. The appearance of free 150 kDa protein 
might be associated with cyst wall rupture. Either by drug treat-
ment or by natural degeneration of old TsM, CF proteins might be 
released into the CSF [40]. 

Serological Follow-up Monitoring of NC 

Our research group assessed changing patterns of specific antibody 
levels after medical treatment. A total of 69 patients with NC par-
ticipated in the study. The intervals and number of examinations 
during the follow-up period varied according to the patient (up to 
22 months). Serially-collected serum and CSF samples were exam-
ined simultaneously for their specific IgG antibody levels by ELISA 
using a CF antigen. Individual patients showed a typical pattern of 
specific IgG antibody levels after treatment (Fig. 5). Within four-
month post-treatment, the antibody levels were temporarily elevat-
ed in both the serum and CSF in most patients. However, in some 
cases, antibody levels steadily declined after treatment. Some sam-

Fig. 5. Changing patterns of specific IgG antibody levels in serum 
and CSF samples from the NC cases after medical treatment shown 
by individual patients. Acute encephalitic attacks in each patient 
are indicated by red arrows. Significant changes of specific IgG 
antibody levels in either serum or CSF were not observed during 
the 22-month observation period. CSF, cerebrospinal fluid; NC, 
neurocysticercosis.
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ples that showed a negative antibody reaction before treatment 
turned out to be positive after treatment. This result suggested that 
follow-up examinations could be beneficial as a complementary 
tool (provocation test) in serodiagnosis. One to two months were 
considered to be a sufficient interval for initial follow-up surveil-
lance for that purpose [41]. However, at the 22-month follow-up, 
most NC patients with a long history did not show any significant 
changes in specific antibody levels in either the serum or CSF. 
These results demonstrated that yearly serologic follow-up should 
be continued for at least 5 years after treatment to differentiate 
cured patients from chronic patients with slowly calcifying lesions. 

Concluding Remarks 

NC, a parasitic disease caused by infection of the CNS with the 
TsM, poses formidable global public health problems and critically 
affects disability-adjusted life years. NC has become an emerging or 
a re-emerging disease in industrialized countries due to an increas-
ing frequency of immigration from endemic areas. The disease is 
now regarded as one of the most important emerging diseases, to-
gether with other viral- and drug-resistant bacterial infections [42].  

NC caused public health concerns in Korea over the past several 
decades. However, dramatic improvements in control and manage-
ment took place during the mid-1980s. The introduction of CT 
and MRI greatly increased the diagnostic accuracy, and the devel-
opment of serodiagnostics provided supportive or confirmatory 
evidence for NC. Several investigations have shown that the detec-
tion of LMWPs of the 150 kDa and 120 kDa subunits in either se-
rum or CSF is a good target for the diagnosis of active-stage NC. 
Recent progress in NC serodiagnosis has resulted in two different 
types of antigenic platforms. One is a chimeric protein fused with 
defined molecules with different epitope specificities [17], and the 
other is a multi-antigen print immunoassay that uses different anti-
gens as a cocktail [17,43]. Both of these regimens exhibited reliable 
diagnostic feasibility, especially for the diagnosis of active-stage NC. 
Diagnosing active NC is important because it allows treatment 
with specific chemotherapeutics, while chronic-stage or acephalic 
budding cysticercosis in the ventricles is not subject to anthelmin-
thics, but requires surgical or symptomatic treatment to control in-
tractable seizures. 

All these efforts have made NC controllable and manageable. 
However, further study is required to find solutions for the control 
of late-onset intractable seizures, especially after medical treatment, 
and for the serological diagnosis of NC patients infected with few 
worms. Such further advances would enhance the detection, man-
agement, and prevention of NC. The identification and combing of 
other novel antigenic molecules that bear different epitope specific-

ity will further contribute to the design of final platform regimen(s). 
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Chronic obstructive pulmonary disease (COPD) is a type of progressive lung disease, featured 
by airflow obstruction. Recently, a comprehensive analysis of the transcriptome in lung tis-
sue of COPD patients was performed, but the heterogeneity of the sample was not seriously 
considered in characterizing the mechanistic dysregulation of COPD. Here, we established a 
new transcriptome analysis pipeline using a deconvolution process to reduce the heteroge-
neity and clearly identified that these transcriptome data originated from the mild or mod-
erate stage of COPD patients. Differentially expressed or co-expressed genes in the protein 
interaction subnetworks were linked with mitochondrial dysfunction and the immune re-
sponse, as expected. Computational protein localization prediction revealed that 19 proteins 
showing changes in subcellular localization were mostly related to mitochondria, suggesting 
that mislocalization of mitochondria-targeting proteins plays an important role in COPD pa-
thology. Our extensive evaluation of COPD transcriptome data could provide guidelines for 
analyzing heterogeneous gene expression profiles and classifying potential candidate genes 
that are responsible for the pathogenesis of COPD. 

Keywords: chronic obstructive pulmonary disease, deconvolution, gene co-expression, gene 
heterogeneity, protein sublocalization
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Introduction 

COPD, or chronic obstructive pulmonary disease, is a type of obstructive lung disease 
characterized by long-term poor airflow [1]. It is a general term referring to chronic bron-
chitis, emphysema, and refractory (non-reversible) asthma. These progressive lung diseas-
es are commonly characterized by increased shortness of breath, frequent coughing, in-
creased breathlessness, and wheezing. COPD may be caused by a variety of environmental 
factors, such as air pollution, secondhand smoke, dust, fumes, and chemicals [2]. It is ex-
pected that diverse causes and symptoms of COPD may lead to heterogeneous gene ex-
pression profiles in individual COPD patients, as mentioned by Wedzicha [3]. 

Currently, more than 70% of COPD patients suffer from limited physical activity, and 
50% among them can not lead a normal life [4,5]. In 2015, COPD ranked as the third 
leading cause of death worldwide, and it is expected that the mortality from COPD will in-
crease greatly by 2030 [1]. 

Smoking causes about 80% to 90% of all deaths from COPD [2]. Chemical compounds 
in tobacco smoke may impair immunity to respiratory infections and increase the risk of 
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lung damage. The number of female COPD cases is increasing due 
to the use of tobacco in some high-income countries and exposure 
to air pollution in low-income countries [5]. However, 25% of all 
COPD patients are never-smokers or passive smokers [5]. Genetic 
factors also contribute to the development of COPD. For example, 
alpha-1 antitrypsin, a serum serine protease inhibitor, functions to 
protect the lung from neutrophil elastase, and its deficiency allows 
chronic, uninhibited inflammation in the lung, leading to emphyse-
ma, along with chronic bronchitis [6]. 

The prevalence of COPD is well documented. The diagnostic 
assessment of COPD, as proposed by the Global Initiative for 
Chronic Obstructive Lung Disease (GOLD), is based on 4 multi-
ple factors, such as the patient’s level of symptoms, the extent of air-
flow obstruction, spirometric abnormality, and the identification of 
comorbidities [1]. About 12 million adults in the United States are 
diagnosed with COPD, and 1% of them lose their life from it every 
year. Also, another 12 million people in the United States are re-
garded as having undiagnosed COPD [7]. However, most undiag-
nosed people are estimated to be in the mild or moderate stage of 
COPD and are not likely to be detected. Many case studies have 
considered alternative diagnostic aspects, which do not seem 
enough to cover the whole spectrum of COPD [2,8]. For example, 
inflammatory markers in COPD from the Bergen COPD cohort 
study have been used for the early diagnosis of COPD [9]. 

Recently, major biological and clinical discoveries have been al-
lowed by great technical advances in next-generation sequencing 
techniques. Kim et al. [10] analyzed RNA sequencing (RNA-seq) 
data of 98 COPD lung tissue samples and 91 normal samples clas-
sified by the GOLD definition. In this study, they identified differ-
entially expressed genes (DEGs) and isoforms (DEIs) between 
COPD and normal tissue. But, DEGs and DEIs could not be used 
for distinguishing COPD from normal tissue, probably due to the 
heterogeneity of the COPD samples. 

Here, we established a new transcriptome analysis pipeline to 
remove heterogeneity and find suitable markers to clearly sepa-
rate COPD from normal tissue. The removal of heterogeneity en-
abled us to detect emergent gene expression changes and protein 
interaction subnetworks that were missed in the previous study. 
Especially, the importance of mitochondrial proteins was revital-
ized through our analysis regarding co-expression relationships 
and changes in the subcellular localization of proteins. The analy-
sis pipeline used in this study could be used to classify heteroge-
neous gene expression profiles and predict potential candidates 
for COPD pathogenesis. 

Methods 

Exploratory analysis of gene expression profiles 
Raw RNA-seq data from 98 male COPD and 91 normal samples 
were downloaded from the Gene Expression Omnibus database 
(GSE57148, https://www.ncbi.nlm.nih.gov/geo/). The reads 
were aligned to the human genome (hg19) using tophat (v2.0.9) 
and bowtie2 (v2.1.0.0), along with—segment-length 50—seg-
ment-mismatches 1 [11,12]. The expression levels of individual 
transcripts by fragments per kilobase of exon per million fragments 
mapped (FPKM) were calculated by Cufflinks (v2.21) [13]. A total 
of 1,420 DEGs previously identified by Kim et al. [10] were used 
for comparison purposes. Principal component analysis (PCA) was 
performed with DEGs, and a three-dimensional plot was drawn in 
R. p-values in the bar graph were estimated by student’s t test. After 
500 repeats with the e1071 library in R, the classification power of 
certain genes was examined by building a naive Bayes model with 
10-times cross-validation. The performance of individual classifica-
tion models, estimating sensitivity and specificity, was measured by 
computing area under the curve (AUC) values with the Receiver 
Operating characteristic Curve in R (ROCR) package. 

Measurement of VJ recombination events 
Unmapped reads were collapsed, such that repeatedly appearing 
reads were regarded as a single read. The read count of each se-
quence was sorted in descending order, and the top 10,000 reads 
were selected from individual samples. The reads corresponding to 
V, D, J regions of the B cell receptor (BCR) and T cell receptor 
(TCR) loci were selected by an immunoglobulin variable domain 
sequence analysis tool, called IgBlast (http://www.ncbi.nlm.nih.
gov/igblast/) [14]. Then, VJ recombination events were consid-
ered, using only in-frame sequence reads of 6 V, D, J regions. Alpha 
and beta diversity levels were calculated by vegan and the betapart 
library in R, respectively. A dot plot and a violin plot were visualized 
using R. p-values were calculated by permutation test with 1,000 
permutations. 

Pipeline to remove heterogeneity 
To remove transcriptome heterogeneity, DeMix [15], a statistical 
tool for deconvolving mixed transcriptomes, was used for 2,803 
variable genes with a coefficient of variation of over 0.5 due to the 
high requirement of computer memory. In order to identify DEGs 
confidently, three different tests (t-test, Wilcoxon test, and median 
difference test) were performed with 1,000 permutations. Using 
POINTILLIST [16], the three p-values from each test were inte-
grated into one. Genes with absolute fold-change over 1.25 and 
p-values less than 0.01 in COPD and normal subjects were regard-
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ed as DEGs. Functional and pathway enrichment assays of DEGs 
were carried out by DAVID [17]. Biological terms with p-values 
less than 0.01 were considered significant. 

COPD-related subnetworks 
PhenomeExpress [18] was used to build vital subnetworks in 
COPD. Phenotypes relevant to COPD were used as seeds to con-
struct the subnetworks. The seed phenotypes were HP:0002875 
(exertional dyspnea), HP:0006510 (chronic obstructive pulmo-
nary disease), MP:0001183 (overexpanded pulmonary alveoli), 
MP:0001951 (abnormal breathing pattern), MP:0010959 (abnor-
mal oxidative phosphorylation), MP:0010956 (abnormal mito-
chondrial ATP synthesis-coupled electron transport), and 
MP:0002499 (chronic inflammation). Information on protein in-
teractions was extracted from ConsensusPathDB [19]. Functional 
enrichment of subnetworks was examined by the Biological Net-
works Gene Ontology tool 7 (BiNGO), an open-source Cytoscape 
(v2.8.1) plugin to assess over-representation of gene ontology 
terms in networks [20]. Subnetworks enriched with specific func-
tions were selected for further consideration. 

Pipeline to predict protein subcellular localization 
Protein subcellular localization was examined and predicted using 
the analysis scheme suggested by Liu and Hu [21] and support 
vector machine (SVM). Information on protein interactions and 
subcellular localization was obtained from ConsensusPathDB 
[19] and the Human Protein Atlas [22], respectively. Gene ex-
pression profiles were converted into a matrix of maximal infor-
mation coefficients (MICs), and the relationships between pro-
teins were calculated using maximal information-based nonpara-
metric exploration statistics [23]. Training and prediction with 
SVM were carried out with the e1071 library in R. The MICs for 
a protein pair were computed in individual COPD and normal 
samples, and the protein pairs with an absolute difference (delta 
MIC >  0.4) of 2 MICs were randomly defined as differentially 
co-expressed gene pairs (DCGPs).  

Results 

Evaluation of heterogeneity in COPD data 
In a previous study by Kim et al. [10], 1,420 DEGs between COPD 
and normal subjects were identified by student’s t-test and edgeR in 
Biocoductor [24]. To see the Euclidean distance and relatedness 
between COPD and normal subjects, PCA was performed (Fig. 
1A). In a three-dimensional data space, it was hard to distinguish 
COPD samples from normal samples. Moreover, three principal 
components explained less than one-half of the variability between 

samples (PC1, 0.422; PC2, 0.069; and PC3, 0.047). These results 
revealed 8 heterogeneity in the COPD samples and indicated that 
simple conventional DEG comparison was not enough to classify 
the samples. 

To identify the status of COPD samples, the average expression 
levels of known COPD marker genes were examined (Fig. 1B) [25-
31]. Genes encoding acute phase proteins, such as fibrinogen α 
(FGA) and fibrinogen γ (FGG), were up-regulated in COPD. The 
expression levels of the immune cytokines interleukin 6 (IL6) and 
CXCL8 (IL8) were also increased. Genes of immune receptors as-
sociated with smoking were highly expressed in COPD than in 
normal samples. However, the extent of changes was generally less 
than 2-fold, suggesting that these COPD samples were in the mild 
stage of COPD. Unusually, the expression levels of tumor necrosis 
factor (TNF; TNF-α) and CSF2 (granulocyte-macrophage colo-
ny-stimulating factor [GM-CSF]) were lower in COPD, which was 
different from previous observations [27,28]. 

By analyzing RNA-seq data, it was possible to measure recombi-
nation events in BCR and TCR loci. VJ recombination occurs in 
the primary lymphoid organs and involves the joining of the vari-
able (V) and joining (J) chains, resulting in the variation of amino 
acid sequences in the antigen-binding regions of BCRs and TCRs. 
By using IgBlast [14], frequent VJ recombination events in the im-
munoglobulin K (IGK) locus were identified. Alpha diversity rep-
resents how many components constitute a particular complex 
within a sample. In contrast, beta diversity is the compositional dis-
similarity between samples. The alpha diversity levels of the IGK 
locus indicated that COPD samples contained marginally higher 
combinatorial diversity than normal samples (Fig. 1C). Besides, 
beta diversity levels showed lower similarity between COPD sam-
ples compared with normal samples (Fig. 1D). Normal samples 
were more similar to each other than to COPD samples. Other im-
munoglobulins (IGH and IGL) and TCRs (TCRA and TCRB) 
showed similar patterns in alpha and beta diversity levels as IGK 
(Supplementary Fig. 1 and 2). From these analyses, the COPD 
samples could be regarded 9 as heterogeneous in the mild stage of 
COPD. 

Reduction of heterogeneity of COPD samples 
A workflow, including the prediction of estimates and the deconvo-
lution process, was set up to resolve the issue of complexity (Fig. 
2A). The critical steps in the pipeline were the prediction of esti-
mates and deconvolution. The deconvolution process was original-
ly designed to estimate the proportions of known sample types in a 
mixture of multiple samples. By assuming the RNA-seq data of our 
98 COPD and 91 normal samples to be a mixture, the deconvolu-
tion process was applied to extract the unique profile of COPD 

Genomics & Informatics 2019;17(1):e2

3 / 12https://doi.org/10.5808/GI.2019.17.1.e2



Fig. 1. Heterogeneous chronic obstructive pulmonary disease (COPD) samples in the mild stage. (A) Principal component analysis plot depicting 
relative similarities between COPD samples (red) and normal (NOR) samples (blue) using previously identified differentially expressed genes. 
(B) Expression levels of COPD marker genes. Recep., receptor; S., surfactant. *p < 0.01, **p < 0.0001 by student’s t-test. (C) Alpha diversity 
of VJ combinations in IGK. (D) Beta diversity showing an inverse relation with the compositional similarity between samples in terms of VJ 
combinations in IGK. p-values were calculated after 1,000 per bmutation.
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samples. Having many samples was helpful to increase the accuracy. 
Then, integrative statistical test was performed to identify confident 
DEGs. p-values from the three tests were combined by POINTIL-
LIST [16]. 

In order to confirm the effect of the deconvolution, expression 

levels of known marker genes were re-evaluated (Fig. 2B). The 
p-values of gene expression differences in the FGA, FGG, IL6, and 
CXCL8 genes were not changed. Immune receptors associated 
with smoking kept their higher expression levels in COPD versus 
normal tissue. However, in contrast to Fig. 1B, C-reactive protein 
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(CRP) and β-fibrinogen (FGB) were now up-regulated in COPD. 
SFTPD was significantly down-regulated in COPD. The expres-
sion levels of TNF and CSF2 were not significantly different be-
tween COPD and normal tissue. These results suggest that the 
gene expression profiles of heterogeneous samples can be normal-
ized in good agreement with known patterns through the deconvo-
lution process.  

DEGs and biologically relevant subnetworks 
DEGs—80 up-regulated genes and 757 down-regulated genes in 
COPD—could be 10 identified by applying the following condi-
tions: genes with absolute fold-change over 1.25 and p-values less 
than 0.01 (Fig. 3A, Supplementary Table 1). Of them, 66 (82.5%) 
up-regulated genes and 501 (66.2%) down-regulated genes over-
lapped with the 1,420 genes previously identified by Kim et al. [10]. 
However, PCA of the DEGs showed a clear difference between 
COPD samples and normal samples (Fig. 3B). These DEGs might 
explain the variability between samples better than the previously 
identified DEGs (PC1, 0.702; PC2, 0.031; and PC3, 0.018). Ac-
cordingly, the performance of the prediction model with DEGs 
(AUC) increased from 0.793 to 0.931. 

To detect biological functions or pathways closely related to 
specific genes, we performed enrichment assays with DEGs (Fig. 
3C and 3D). A relatively small number of up-regulated genes in 

COPD were related to several functions, such as smooth muscle 
cell proliferation, protein autophosphorylation, and wound heal-
ing, as previously shown. On the other hand, down-regulated 
genes were associated with translational elongation, antigen pro-
cessing and presentation, and oxidative phosphorylation coupled 
with electron transport in mitochondria. Additionally, in terms of 
biological pathways, down-regulated genes were linked to the ri-
bosome, oxidative phosphorylation, the proteasome, and a cou-
ple of neurodegenerative disorders. 

The identification of protein interaction subnetworks using the 
transcriptome can provide useful information on interaction 
modules for specific functions. Reliable subnetworks were con-
structed by PhenomeExpress in combination with gene expres-
sion profiles and disease-related phenotypes [18]. There were 
five meaningful subnetworks significantly enriched with specific 
functions (Fig. 4A-4D). The largest subnetwork was too complex 
to interpret (Supplementary Fig. 3), and it was further divided 
into three subnetworks (Fig. 4E-4G). Functions, such as electron 
transport chain and translation elongation, were detected in 11 
subnetworks, as with DEGs. In contrast, functions related to the 
regulation of transcription, vesicle-mediated transport, regulation 
of apoptosis, and immune system processes, were only observed 
in subnetworks. Whereas the term ‘general antigen presenting 
and presentation’ was enriched in DEGs, their function was con-

Fig. 2. Deconvolution of chronic obstructive pulmonary disease (COPD) samples increases the difference between COPD and normal (NOR) 
tissue. (A) Deconvolution process to identify differentially expressed genes. (B) Expression levels of COPD marker genes after deconvolution. 
Recep., receptor; S., surfactant. *p < 0.01, **p < 0.0001 by student’s t-test.

A B91 Normal 98 COPD

Deconvolution of 
expression levels of all genes

Prediction of estimates

Integrative statistical testing
(T-test, Wilcoxon test, Median difference test)

Differentially expressd genes

POINTILLIST

DeMix

3.0

2.5

2.0

1.5

1.0

0.5

0.0

NOR
COPD

CR
P

SA
A1

SA
A2 FG
A

FG
B

FG
G IL
6

CX
CL

8

TN
F

CS
F2

TL
R2

TL
R4

IL
1R

1

SF
TP

D

Acute-phase Cytokine Recep. S.

**

**

**

**

**

*

*

*

*
*

lo
g 1

0(
FP

KM
)

Genomics & Informatics 2019;17(1):e2

5 / 12https://doi.org/10.5808/GI.2019.17.1.e2



Fig. 3. Differentially expressed genes (DEGs) between chronic obstructive pulmonary disease (COPD) and normal tissue. (A) Scatterplot of gene 
expression levels. Red and blue dots represent up-regulated and down-regulated genes in COPD compared with normal tissue, respectively. 
(B) Principal component analysis plot depicting relative similarities between COPD samples (red) and normal samples (blue) using DEGs. (C, D) 
Biological functions (C) and pathways (D) highly enriched in up-regulated (red) and down-regulated (blue) genes. Individual bars demonstrate 
fold-changes relative to background, and lines display their p-values.
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Fig. 4. Biologically relevant subnetworks in consideration of certain disease phenotypes and gene expression changes. (A–G) Letters at the top 
are the most highly enriched biological functions in individual subnetworks.
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fined to MHC class II in a subnetwork. 

DCGPs and protein sublocalization changes 
One emergent subnetwork associated with vesicle-mediated trans-
port might be linked to the possibility that changes in protein sub-
cellular localization play an important role in COPD development. 
Protein localization was predicted, based on gene expression pro-
files (Fig. 5A). To construct a co-expression network, gene expres-
sion profiles were converted into another format, and co-expression 
relationships of gene pairs were measured using MICs [23]. 

Two genes were regarded as DCGPs if the absolute MIC changes 
between COPD and normal subjects was greater than 0.4. Under 
this condition, 139 up-regulated pairs and 303 down-regulated 
pairs in COPD could be identified (Fig. 5B, Supplementary Table 2). 
In PCA with the DCGPs, there was a clear difference between 
COPD samples and normal samples (Fig. 5C), even though they 
showed variability between samples that was not large as with the 
DEGs (PC1, 0.102; PC2, 0.008; and PC3, 0.005). The prediction 
model with the DCGPs exhibited good performance (AUC, 
0.946). Sixty-two genes among 424 genes in 442 DCGPs over-
lapped significantly with DEGs (hypergeometric test, p =  3.146e-
16), but the remaining 362 genes were not matched to DEGs (Fig. 
5D). These results imply that DCGPs could be complementary to 
DEGs for understanding gene expression profiles. 

The prediction of protein subcellular localization is exemplified 
in Fig. 6A. A mitochondrial protein, NDUFA12, was selected, be-
cause it had 8 interacting proteins and showed coherent changes in 
all interactions. The predicted chance of NDUFA12 translocating 
toward 12 mitochondria was increased in COPD (43.8%), com-
pared with normal tissue (25.5%). In COPD, protein interactions 
between NDUFA12 and other mitochondrial proteins were rein-
forced. However, the actual protein sublocalization changes were 
expected to be much more complex when considering all protein 
interactions. Our analysis workflow was designed to include all pro-
tein interactions and thus predicted the probabilities of 10 subcellu-
lar locations of each protein for each status (Fig. 5A). Out of 76 sig-
nificant subcellular localization changes between COPD and nor-
mal tissue, 19 (25.0%) were related to mitochondria and 52 
(68.4%) were related to the nucleus (Fig. 6B). 

The predicted probabilities of subcellular locations of the mito-
chondria-related proteins were examined (Fig. 6C). Except for 
ILF3, all proteins showed higher chances of localizing to mitochon-
dria in COPD than in normal tissue. Seven of them were mitochon-
drial ribosomal proteins, and other proteins, such as CYC1, AT-
P5C1, NDUFA12, C1QBP, ATP5A1, SDHB, ATP5O, ECH1, 
ACADVL, and SFXN3, acted on the matrix of mitochondria. Col-
lectively, proteins targeting mitochondria might be influenced by 

mitochondrial dysfunction in COPD. 

Discussion 

COPD is a complex and heterogeneous disease, and thus, it is not 
easy to investigate the pathogenesis and diagnosis of COPD [3]. 
Previously, Kim et al. [10] performed RNA-seq analysis with 98 
COPD samples and 91 normal samples. However, DEGs identi-
fied by a simple calculation of fold-change in gene expression lev-
el might not be useful—especially in this study: COPD versus 
normal (Fig. 1A). The heterogeneity might be attributed to a 
number of different pathological processes. Among them, bacte-
ria have been reported as one of the major causes in the exacerba-
tion of COPD, contributing to the severe inflammatory response 
in the 13 airways [32]. While mild-to-moderate COPD exhibits 
higher diversity in the bacterial population [33], severe COPD 
shows lower diversity [34]. 

We confirmed that our COPD data were in the mild stage, 
based on the expression levels of known marker genes (Fig. 1B). 
These COPD samples exhibited a marginal but consistent rise in 
combinatorial diversity in all BCR and TCR loci (Fig. 1C, Sup-
plementary Fig. 1). It is possible that increased diversity of the 
microbiome in the mild stage of COPD led to increased diversity 
of BCR and TCR loci. Accordingly, a lower level of similarity was 
observed between COPD samples compared with normal sam-
ples (Fig. 1D, Supplementary Fig. 2). 

Our analysis pipeline to identify DEGs was performed consider-
ing two aspects: heterogeneity and confidence (Fig. 2A). First, 
computational deconvolution reduced the heterogeneity between 
COPD samples. Second, integrative statistical tests were applied to 
identify confident DEGs. It is known that a combination of t-test, 
Wilcoxon test, and median difference test can reduce the overesti-
mation by removing biases [35], because conventional t-test-based 
tools tend to calculate p-values too optimistically when they are ap-
plied to a large number of samples [10]. 

By reducing the heterogeneity, gene expression profiles of COPD 
samples could become consistent with known expression patterns 
of marker genes. The DEGs that were identified in our pipeline 
were better in distinguishing COPD from normal subjects than 
previously defined DEGs (Fig. 3A and 3B). Through deconvolu-
tion, gene expression profiles among COPD samples could become 
consistent when examined, based on known expression patterns of 
marker genes. Acute-phase proteins, such as CRP, acute-phase se-
rum amyloid A, and fibrinogens, are well known and are induced in 
response to inflammation and in COPD [26]. IL6, CXCL8 (IL8), 
TNF (TNF α), and CSF2 (GM-CSF) are airway inflammatory cy-
tokines that are up-regulated in COPD patients [27,28]. The levels 
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Fig. 5. Differentially expressed pairs (DEPs) between chronic obstructive pulmonary disease (COPD) and normal (NOR) samples. (A) Pipeline 
to predict protein sublocalization from gene expression profiles. (B) Maximal information coefficient (MIC) scores for describing coexpression 
changes between two genes. Red and blue dots represent up-regulated and downregulated pairs in COPD compared with NOR samples, 
respectively. (C) Principal component analysis plot depicting relative similarities between COPD (red) and NOR samples (blue) using DEPs. (D) 
Venn diagram showing overlap between differentially expressed genes (DEGs) and DEPs. DCGP, differentially co-expressed gene pairs. p-values 
were calculated by hypergeometric test.

DEG
DCGP

362775 62
*

*p = 3.146e-16

A

D

1.0

0.8

0.6

0.4

0.2

0.0

0.0 0.2 0.4 0.6 0.8 1.0

M
IC

 CO
PD

MIC NOR

B C

Genomics & Informatics 2019;17(1):e2

9 / 12https://doi.org/10.5808/GI.2019.17.1.e2



of immune receptors, such as TLR2, 14 TLR4, and IL1R1, increase 
with smoking [29], but the levels of surfactant protein D decrease 
[30]. Regardless of deconvolution, some acute-phase proteins 
(FGA, FGG), cytokines (IL6, CXCL8), and immune receptors 
were consistently up-regulated in COPD. However, CRP and FGB 
were up-regulated and SFTPD was down-regulated in COPD only 
after deconvolution. Moreover, TNF and CSF2 were no longer sig-
nificantly down-regulated. These observations could be identified, 
because sample heterogeneity was considered in the analysis. 

Up-regulated genes in COPD were related with to functions, 
such as smooth muscle cell proliferation, protein autophosphoryla-
tion, and wound healing (Fig. 3C), consistent with a previous re-
port that oxidative stress-induced mitochondrial dysfunction in-
duces inflammation and airway smooth muscle remodeling in 
COPD [36]. On the other hand, down-regulated genes in COPD 
were relevant to translational elongation, oxidative phosphorylation 

coupled to electron transport in mitochondria, and, in particular, 
neurodegenerative disorders (Fig. 3D), agreeing that COPD pa-
tients are likely to develop specific cognitive impairments [37]. 

Identification of protein interaction subnetworks shed light on 
specific functions of interaction modules related to the typical phe-
notypes of COPD (Fig. 4). Functions related to the regulation of 
transcription, vesicle-mediated transport, regulation of apoptosis, 
and immune system processes were only observed in subnetworks, 
not in DEGs. Furthermore, antigen presentation was more con-
fined to MHC class II. In this analysis, the levels of MHC class II 
genes and some immune components decreased, whereas other 
immune components were down-regulated in COPD, showing the 
complexity of immune responses in COPD. 

One attractive subnetwork associated with vesicle-mediated 
transport raised the question of whether protein subcellular local-
ization plays some role in COPD. A group of proteins with subcel-

Fig. 6. Prediction of protein subcellular localization changes between chronic obstructive pulmonary disease (COPD) and normal (NOR) samples. 
(A) The correlation scores between NDUFA12 and other mitochondrial proteins in NOR and COPD samples. The thickness and color of the edges 
were determined by maximal information coefficient (MIC). (B) Genes with significant subcellular localization changes between COPD and NOR 
samples. (C) Heatmap demonstrating probability of changes in mitochondria-related proteins.
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lular localization changes in COPD were predicted by measuring 
co-expression scores using information on protein interaction and 
subcellular localization (Figs. 5 and 6).  Interestingly, one-quarter of 
predicted changes were related to mitochondria, suggesting that 
proteins targeting mitochondria might be influenced by mitochon-
drial dysfunction. Mitochondrial ribosomal proteins and other pro-
teins on the mitochondrial matrix were enriched in mitochondria 
in COPD cases. 

Here, we used public gene expression profiles generated from 
COPD and normal subjects and re-evaluated the differential tran-
scriptomes by removing sample heterogeneity. The overall data 
analysis revealed a group of gene expression changes that were 
missed in previous research. Co-expression relationships between 
conditions could be inferred from gene expression profiles and 
might be useful in classifying samples and predicting protein sub-
cellular localization. In conclusion, COPD is a complex and hetero-
geneous disease. The newly identified DEGs in this study and 
DCGPs could partially explain COPD pathogenesis in the mild 
stage. We expect that our strategy of analyzing heterogeneous sam-
ples will be applicable to other systems. 
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In previous studies, we demonstrated that some sites in the first intron likely regulate gene 
expression. In the present work, we sought to further confirm the functional relevance of 
first intron sites by estimating the quantity of rare alleles in the first intron. A basic hypoth-
esis posited herein is that genomic regions carrying more functionally important sites will 
have a higher proportion of rare alleles. We estimated the proportions of rare single nucleo-
tide polymorphisms with a minor allele frequency < 0.01 located in several histone marks in 
the first introns of various genes, and compared them with those in other introns and those 
in 2-kb upstream regions. As expected, rare alleles were found to be significantly enriched in 
most of the regulatory sites located in the first introns. Meanwhile, transcription factor 
binding sites were significantly more enriched in the 2-kb upstream regions (i.e., the regions 
of putative promoters of genes) than in the first introns. These results strongly support our 
proposal that the first intron sites of genes may have important regulatory functions in gene 
expression independent of promoters. 

Keywords: first intron, minor allele frequency, promoter, rare allele
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Introduction 

All eukaryotic genomes contain introns within their gene structures [1,2]. It has long 
been a mystery how cells have maintained such a seemingly burdensome entity over the 
time scale of evolutionary processes [3-8]. Recent high- throughput genomic technolo-
gies based on next-generation sequencing have helped to prove that intron sites are in 
fact subject to natural selection. In other words, introns play functional roles in various 
aspects of molecular dynamics occurring inside cells, such as regulation of gene expres-
sion, primary transcript splicing, and mRNA stability [9]. 

We have previously reported some evidence on the functional roles of introns—more 
specifically, the first ordinally positioned introns (referred to as first introns)—in regu-
lating gene expression [10,11]. Briefly, we investigated whether first introns were con-
served to a significantly greater extent than other downstream introns [10]. In addition, 
we showed that the greater conservation of first introns, associated with a greater num-
ber of epigenetic marks, was independent of the conservation of the 5' flanking or pro-
moter regions of genes [10]. In other words, the signatures that we found in the first in-
trons were not a spillover effect of the promoter or 5′ flanking regions of the genes. 
Moreover, we expanded our first study on introns by adding more multi-omics data, 
coupled with the enrichment of epigenetic marks in the first introns [11]. In that study, 
we showed that trait-associated single-nucleotide polymorphisms (TASs) were signifi-
cantly more enriched in first introns than would be expected by random chance. Sec-
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ond, we showed that patterns of epigenetic signals varied by ex-
pression specificity or gene essentiality. Third, we expanded the 
depth of our analysis to show that genes carrying multiple first-in-
tron TASs constituted a large protein-protein interaction network 
with each other, ultimately connecting to the UBC protein, which 
plays a well-established role in ubiquitination. 

Several other recent reports have confirmed the functional im-
portance of introns, particularly first introns, in regulating gene 
expression. For instance, the first intron of the Col1A1 gene in 
mice was found to play a role in tissue-specific and developmental 
gene expression [12]. Similarly, the first introns of PRF1 and 
PRF2 in Arabidopsis thaliana were observed to affect constitutive 
gene expression in vegetative tissues [13]. The determination of 
the transcription start site of the UBC gene was found to be de-
pendent on the presence of its first intron [14]. 

In the present work, we sought to provide further evidence on 
the functionality of first introns, by investigating whether rare al-
leles located in the sites overlaying epigenomic marks in first in-
trons were more enriched than in 2-kb upstream sequences and 
other downstream introns. 

Methods 

Obtaining genomic structures, including introns and promoters, 
in the human genome 
We retrieved information about introns and other genomic struc-
tures using the same methods as in our previous studies [10,11]. 
Briefly, the 300-bp regions around exon-intron boundaries were 
excluded to avoid including splicing control sites [15]. Extremely 
short or long genes were also removed; too short was defined as a 
total length <  1 kb, while too long was defined as a length >  
[third quartile + (interquartile range ×  1.5)] of the total length. 
Sequences from the Y chromosome were removed. Repeats were 
removed using RepeatMasker (http://repeatmasker.org/cgi-bin/
WEBRepeatMasker). Repeat sequences in the 2-kb upstream se-
quences were also masked using RepeatMasker after they were 
retrieved from the University of California, Santa Cruz (UCSC) 
genome browser. 

Rare single-nucleotide polymorphisms 
dbSNP152 was downloaded from the dbSNP database through 
ftp://ftp.ncbi.nih.gov/snp/ to obtain information about rare sin-
gle-nucleotide polymorphisms (SNPs). Rare SNPs were retrieved 
after excluding indels, SNPs with a minor allele frequency (MAF) 
of >  0.01, and SNPs without information about the MAF. The se-
lected rare SNPs were mapped onto the intronic sequences filtered 
by the criteria described above. A total of 4,128,907 rare SNPs were 

mapped onto the filtered introns, of which 1,417,251 (34%) were 
mapped onto the first introns, whereas 505,637 SNPs were mapped 
onto the 2-kb upstream regions of genes with repeats masked. 

Regulatory chromatin marks 
Regulatory signals, such as DNaseI hypersensitive sites (DHSs), 
CCCTC-binding factor (CTCF) binding sites, transcription fac-
tor binding sites (TFBSs), and other regulatory chromatin marks 
including H3K4me1, H3K4me3, H3K9me3, H3K27ac, and 
H3K27me3 were downloaded from the ENCODE browser 
(https://www.encodeproject.org), with the search limited to EN-
CODE Tier-1 cell lines, including GM12878, H1-hESC, and 
K562 cells. The site information about all these regulatory signals 
was mapped onto the intron sequences and the 2-kb upstream se-
quences, as described above. 

Statistical tests 
All statistical tests and box plot representations were conducted 
using R (version 3.5.2) [16] with R studio (version 1.1.463) [17]. 
The Wilcoxon test was performed using the stat_compare_means 
function of the ggpubr R package (https:// rpkgs.datanovia.com/
ggpubr/index.html) to investigate the statistical significance of 6 
differences among groups. In-house Python scripts were used for 
the remaining mapping and parsing analyses (version 3.7.2, 
http://www.python.org). 

Results 

The first introns and the 2-kb upstream regions showed different 
enrichment patterns of epigenetic signals 
It is a well-established principle that mutant alleles generated 
from functionally important sites show very low population-level 
frequencies. In other words, a MAF <  0.01 in the population, 
which is a common definition of a rare allele, is a good indicator 
of the functional importance of an allele. Therefore, we hypothe-
sized that the number of sites with an MAF <  0.01 (i.e., the pro-
portion of rare alleles) per unit of genomic length should be high-
er if a genomic region carries a greater quantity of functionally 
important sites. Under this hypothesis, we investigated differenc-
es in the distribution of the patterns with which rare alleles were 
assigned to epigenetic regulatory marks in the first introns and 
the 2-kb upstream region of genes. Interestingly, we found that 
most epigenetic signals located in the first introns carried a sig-
nificantly greater proportion of rare alleles than those in the 2-kb 
upstream region, whereas the proportions of rare alleles assigned 
to CTCFs, DHSs, and TFBSs were more enriched in the 2-kb up-
stream region than in the first introns (Fig. 1A). However, it 
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Fig. 1. Comparison of the proportions of rare alleles in the first introns, in the 2-kb upstream regions, and in other downstream introns. (A) The 
proportions of rare alleles assigned to each chromatin mark located in the first introns and the 2-kb upstream regions of genes were estimated 
and plotted using the box plot method (see Methods). (B) The proportions of rare alleles assigned to each chromatin mark located in the first 
introns and other downstream introns. CTCF, CCCTC-binding factor; DHS, DNaseI hypersensitive site; TFBS, transcription factor binding site; N/A, 
not available. **Statistical significance estimated by a p-value much less than 0.001 from the Wilcoxon rank-sum test.
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should be noted that the higher proportion of rare alleles in the 
first intron than in the 2-kb upstream regions was inconsistent for 
H3K4me3 signals across different cell types. These results may 
imply that the roles of epigenetic signals in the first introns and 
the 2-kb upstream region might be independent or complemen-
tary to each other. The three different Tier-1 cell lines yielded es-
sentially the same results, although there were some slight differ-
ences among the cell lines. 

Rare alleles are more enriched in the epigenetic signals located 
in the first introns than in other introns 
We next investigated whether the proportions of rare alleles in the 
first introns were significantly different from those in other down-
stream introns. As expected, rare alleles in the first introns were 
significantly more enriched with all the epigenetic signals we test-
ed than other downstream introns (Fig. 1B). It seems reasonable 
that the first introns carried significantly more rare alleles than the 
other downstream introns at the sites where epigenetic chromatin 
marks are located, considering that first introns tend to harbor a 
greater quantity of epigenetic signals [10,11]. A further notable 
finding is that the different Tier-1 cell lines showed significantly 
different amounts of rare alleles in H3K27ac, an active chromatin 
mark, and in H3K27me3, a polycomb repressive mark. It seems 
that embryonic stem cells (i.e., H1- hESC cells) tended to carry 
more rare alleles in active signals (H3K27ac) than in repressive 
signals (H3K27me3), whereas fully differentiated cells, such as 
GM12878 and K562 cells, showed higher proportions of rare al-
leles in repressive marks than in active marks (Fig. 1B). However, 
the observation of a significantly greater quantity of rare alleles in 
the first introns than in other introns still stands, despite these 
differences in the proportions of rare alleles in each chromatin 
mark site in different cell types. 

Discussion 

In our previous research, we demonstrated that the first intron is 
special compared with other introns for the following reasons: it 
is the longest intron; it has the largest proportion of conserved 
sites among introns; it harbors the highest proportion of TASs 
among introns; and it is the most enriched with various chroma-
tin regulatory signals. Moreover, chromatin regulatory signals are 
significantly linked to the level and breadth of gene expression. In 
the 8 present study, we added further evidence, proving that the 
first intron carries functional sequences (i.e., sequences for locat-
ing various active or repressive epigenomic marks) by analyzing 
the proportions of rare alleles in the chromatin marks located 
within introns. 

Unfortunately, the influence exerted by intronic sequences on 
the control of gene expression has yet to be experimentally prov-
en. Experimental studies have demonstrated links between some 
intronic mutations occurring at the sites of splicing regulation or 
miRNA binding and certain diseases [18,19]. However, contro-
versy remains regarding whether intronic alterations can directly 
cause changes in gene expression. According to Nott et al. (2003) 
[20], gene expression of the same coding genes was not affected 
by the absence or presence of introns. Moreover, some studies ar-
gued that intronic sequences evolve through neutral evolution 
due to the absence of selective constraints, and that their evolu-
tionary rates are faster than fourfold degenerate sites [7,21]. 

The difficulty in experimentally proving the functions of in-
tronic sequences in gene regulation seems to be mainly due to the 
complexity of the epigenomic chromatin signals that exist in dif-
ferent combinations in different cell or tissue types. Moreover, 
gene expression patterns are controlled by highly complex combi-
natorial interactions among these regulatory signals. 

Although the functional importance of introns has not yet been 
experimentally proven, our findings provide support for the pro-
posal that intron sites, particularly those in the first intron, are 
subject to natural selection. We suggest that regulation of gene ex-
pression is likely to ultimately emerge as a function of the sites 
implicated as being subject to natural selection. 
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Athletic performance is a complex multifactorial trait involving genetic and environmen-
tal factors. The heritability of an athlete status was reported to be about 70% in a twin 
study, and at least 155 genetic markers are known to be related with athlete status. Mi-
tochondrial DNA (mtDNA) encodes essential proteins for oxidative phosphorylation, which 
is related to aerobic capacity. Thus, mtDNA is a candidate marker for determining physical 
performance. Recent studies have suggested that polymorphisms of mtDNA are associat-
ed with athlete status and/or physical performance in various populations. Therefore, we 
analyzed mtDNA haplogroups to assess their association with the physical performance of 
Korean population. The 20 mtDNA haplogroups were determined using the SNaPshot as-
say. Our result showed a significant association of the haplogroup F with athlete status 
(odds ratio, 3.04; 95% confidence interval, 1.094 to 8.464; p = 0.012). Athletes with hap-
logroup F (60.64 ± 3.04) also demonstrated a higher Sargent jump than athletes with 
other haplogroups (54.28 ± 1.23) (p = 0.041). Thus, our data imply that haplogroup F may 
play a crucial role in the physical performance of Korean athletes. Functional studies with 
larger sample sizes are necessary to further substantiate these findings. 

Keywords: athletes, haplogroup, Korean population, mitochondrial DNA, physical functional 
performance
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Introduction 

Athletic performance is a complex multifactorial trait affected by genetic and environmen-
tal factors [1]. Genetic factors are particularly known to contribute to strength, endurance, 
power, and aerobic capacity [2]. A twin study reported the heritability of an athlete status 
as 70% [3]. To date, at least 155 genetic markers are known to be related to the athlete sta-
tus [2]. ACE gene is the first reported genetic marker associated with athletic performance 
and known to regulate vasoconstriction [4]. Previous studies reported an association be-
tween ACE enzyme activity and endurance performance [5,6]. ACTN3 is the most stud-
ied genetic marker; the XX genotype of ACTN3 R577X polymorphism has a complete 
deficiency of α-actinin-3 [7]. Several studies reported the association of the RR genotype 
of ACTN3 with sprint performance, whereas the XX genotype reportedly contributed to 
endurance performance [7-10]. However, despite several genetic approaches, the effect of 
genetic markers on athletic performance has not yet been fully understood [2]. 

Aerobic capacity reportedly plays an important role in endurance performance [11]. 
Additionally, aerobic capacity has been shown to be inherited maternally rather than pater-
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nally [12]. Mitochondria are subcellular organelles that generate 36 
molecules of adenosine triphosphate (ATP) by oxidative phos-
phorylation (OXPHOS), whereas two ATP molecules are pro-
duced through glycolysis [13]. Mitochondria have their own ma-
ternally inherited circular DNA (mtDNA), which is approximately 
16,569 bp in size. It encodes 13 OXPHOS, two rRNA, and 22 
tRNA genes [14]. Because mtDNA is haploid, it does not undergo 
recombination [15]. Therefore, the human population can be de-
fined as a pool of various haplogroups based on accumulated spe-
cific mtDNA polymorphisms, with the polymorphism frequencies 
differing between populations [16,17]. Several studies have been 
conducted in various populations to identify the role of popula-
tion-specific mtDNA haplogroups on the expression of phenotypes 
including diseases and longevity [11,18,19]. 

The sprint and endurance ability of athletes is determined by dif-
ferent genetic factors [20]. Aerobic capacity is necessary for endur-
ance performance and is regulated by mitochondrial OXPHOS. 
Thus, it is believed that mitochondria play an important role in en-
durance performance [21,22]. Initial studies used familial studies to 
report on associations between mtDNA and exercise phenotype 
[23,24]. A number of genetic studies have been performed using 
the mtDNA haplogroup for athlete status and physical performanc-
es. The haplogroup H has been reportedly related to higher oxygen 
consumption and has been associated with athlete status in Finnish 
and Polish populations [20,25]. Scott et al. (2009) [26] reported 
that haplogroup L0 (African specific haplogroup) contributes to 
physical performance in Kenyan population. Furthermore, the as-
sociation of haplogroups G1 and F with athlete status in Japanese 
population has also been reported [27]. Haplogroups M and N9 
are involved with athlete status in Korean population [17]. Togeth-
er, these results suggest that mtDNA haplogroups may play an im-
portant factor in athlete status and/or physical performance. 

The frequency of mtDNA haplogroups vary among ethnic 
groups, mainly to differing different genetic backgrounds and envi-
ronmental factors [12]. This suggests that multiple replication 
studies are necessary to clarify the role of mtDNA haplogroup in 
athlete status among independent ethnic groups. Therefore, from 
Korean population, we recruited a total of 256 college-level subjects 
(111 athletes and 145 controls) and analyzed the genetic associa-
tion between 20 mtDNA haplogroups and athlete status as well as 
physical performance. 

Methods 

Subjects 
We analyzed a total of 111 athletes (85 males and 26 females) en-
rolled in College of Sports Science at Dankook University in 

Cheonan, Korea (Table 1). The athlete group included subjects 
who participated in basketball, climbing, rugby, soccer, golf, base-
ball, ssireum, rowing, speed skating, short track, soft ball, tennis, 
soft tennis, marathon, running, judo, badminton, swimming, 
horse-riding, weight lifting, aerobics, jazz dance, body building, 
rhythmic gymnastics, squash, taekwondo, shooting, and futsal. 
The control group involved a total of randomly selected (therefore, 
likely to be unrelated) 145 subjects (72 males, 73 females) among 
students of College of Natural Science at Dankook University; 
none were regularly trained for athletics or had success in any offi-
cial competitions. The study was approved by the Ethics Commit-
tee and Institutional Review Board of Dankook University, Korea 

Table 1. Subject characteristics of Korean sport players and control 
groups

Characteristic Athlete (n=111) Control (n=145) p-value

Sex
 Male 85 72 <0.001
 Female 26 73
Age, mean ± SD (yr) 21.1 ± 2.26 21.3 ± 2.54 0.858
Sport
 Basketball 9 -
 Climbing 2 -
 Rugby 14 -
 Soccer 18 -
 Golf 1 -
 Baseball 15 -
 Ssireum 3 -
 Rowing 4 -
 Speed skating 1 -
 Short track 1 -
 Softball 4 -
 Tennis 2 -
 Soft tennis 1 -
 Marathon 1 -
 Running 3 -
 Judo 3 -
 Badminton 9 -
 Swimming 2 -
 Horse-riding 2 -
 Weightlifting 5 -
 Aerobics 2 -
 Jazz dance 1 -
 Bodybuilding 2 -
 Rhythmic gymnastics 1 -
 Squash 2 -
 Taekwondo 1 -
 Shooting 1 -
 Futsal 1 -
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and conformed to the standards set by the Declaration of Helsinki. 
A separate written informed consent was obtained for enrolment 
in the study from all the subjects. 

Physical fitness tests 
Seven performance tests were carried out. These included 20 m 
shuttle run, Sargent jump, right and left hand grip, 50 m run, sit-up, 
side-step, and sit-and-reach. We measured the fitness tests only for 
possible participants due to the long measuring time, so some of 
the fitness tests results were missing. The test protocols are de-
scribed below. 
- 20 m shuttle run: The subjects were required to run back and 

forth between two lines set 20 m apart. Running pace was regu-
lated by a sound signal. The starting speed was set to 8.5 km/h 
and increased by 0.5 km/h every minute. The test ended when 
the subjects failed to reach the target line in time. 

- Sargent jump: Test subjects were made to stand on a platform 
and were belted at the waist. Next, they were made to jump ver-
tically as high as possible using both arms and legs. The mea-
surement rope was then pulled onto the platform when the sub-
jects jumped vertically and the length of the rope was compared 
to each other. 

- Hand grip: Hand grip was assessed using Takei A5401-Digital 
Hand Grip Strength Dynamometer (Takei, Yashiroda, Japan). 
The subjects spread out their arms while squeezing as forcefully 
as possible (right, left), palms facing inward. 

- 50 m run: The subjects were made to stand at a starting line and 
then made to run forward at full speed for a distance of 50 m. 

- Sit-up: Subjects were made to sit on mats with knees bent at an 
angle of 90°C with hands placed on both sides of the head. One 
sit-up was determined as touching the knees with the elbows 
and returning the hands to the ground. The number of sit-ups 
performed within one minute was counted. 

- Side-step: Subjects were made to stand on a ground with a mid-
line, which was equidistantly marked (100 cm) on either side 
with a parallel line each. They were made to step to the right un-
til their right foot reached the right-line. Next, they were made 
to step to the left-line and pass the mid-line. After left foot 
reached the left-line subjects returned to their original position 
on the mid-line. This process was repeated for 60 s. 

- Sit-and-Reach: Subjects were made to sit on a mat. Their knees 
pointed upwards as they stretched out legs. Next, they were 
made to bend forward with their upper body with their hands 
outstretched to push the measuring instrument. 

DNA extraction and genotyping 
DNA was extracted from buccal swabs using the GeneAll Exgene 

Clinic SV mini kit (GeneALL, Seoul, Korea). We analyzed a total 
of 20 mtDNA haplogroups specific to East Asia from previous re-
port (M, D, D4, D4a, D4b, D4b2, D5, M7, M8, M9, M10, M11, G, 
C4, N9a, Y, A, F, B4, and B5) [28]. For mtDNA haplogroups de-
termination, we used a 20-plex SNaPshot assay [28]. Primer se-
quences for polymerase chain reaction (PCR) amplification and 
single base extension (SBE) reaction were presented in Supple-
mentary Tables 1 and 2 [28]. The PCR reaction was performed in 
a total volume of 10 μL containing 10 ng DNA of genomic DNA, 
0.035–0.180 μM each primer, 0.2 mM dNTPs, 1 ×  PCR buffer, 4 
mM MgCl2, and 0.5 U AmpliTaq Gold DNA polymerase (Applied 
Biosystems, Foster City, CA, USA) on a C1000 Touch thermal cy-
cler (Bio-Rad, Hercules, CA, USA). 

The cycling conditions were 95°C for 10 min followed by 35 cy-
cles of amplification at 94°C for 15 s, 60°C for 15 s, 72°C for 30 s, 
and a final extension at 70°C for 10 min. PCR products were puri-
fied by adding 1 μL ExoSapIT (USB, Santa Clara, CA, USA). 
Twenty-plex SBE reaction was performed on a C1000 Touch ther-
mal cycler (Bio-Rad) in 6 μL with 1 μL of purified PCR product, 
1.75 μL of SBE primer mix (0.04–0.18 μM of each primer), and 1 
μL of SNaPshot reaction mix (Applied Biosystems). The cycling 
conditions: 25 cycles of 96°C for 10 s, 50°C for 5 s, and 60°C for 
30 s. The remaining fluorescent ddNTPs were removed by addi-
tion of 1 U shrimp alkaline phosphatase to the SBE reaction prod-
uct and incubation at 37°C for 45 min followed by 80°C for 15 
min. Samples were analyzed by capillary electrophoresis on an 
ABI Prism 310 Genetic Analyzer in which 1 μL of SBE product 
was mixed with 14 μL of Hi-Di formamide and 0.4 μL of GeneS-
can 120 LIZ internal size standard. Automated allele calls were 
made using GeneMapper v.4.0. 

Data analyses 
Mann–Whitney U-test was performed using the SPSS version 21 
Statistics software (IBM Corp., Armonk, NY, USA) to test the sig-
nificance of differences in continuous variables between the mito-
chondrial haplogroup F and results from the physical performance 
tests. Multivariate logistic regression analysis was used to adjust 
the distribution of gender between athletes and controls. The test 
of cross tabulation analyses and odds ratio (OR) with 95% confi-
dence intervals (CI) in a 2 ×  2 table was calculated using a statisti-
cal analysis program available on the internet (SISA, http://www.
quantitativeskills.com/sisa). Since mtDNA is haploid, the markers 
of mtDNA are in linkage disequilibrium. Since haplogroup com-
parisons are not independent, the adjustment of p-values for mtD-
NA haplogroups is not recommended for multiple testing [29]. In 
line with this literature reported recommendation, the p-values for 
multiple testing were not adjusted. 
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Results 

Our result showed that the mtDNA haplogroup F was significantly 
more frequent in athletes (12.6%) than in the control group 
(4.1%) (OR, 3.34; 95% CI, 1.241 to 9.007; p =  0.012) (Table 2). 
In addition, multivariate logistic regression analysis was performed 
to adjust the confounding factor (sex); the adjusted OR and 95% 
CI for the mtDNA haplogroup F was 3.04 and 1.094–8.464, re-
spectively (Table 2). We also performed the correlation analysis to 
identify a relationship between the physical performances and 
haplogroup F. Here, we found that athletes with haplogroup F 
(60.64 ±  3.04) showed a higher Sargent jump than athletes with 
other haplogroups (54.28 ±  1.23) (p =  0.041). 

Discussion 

The frequencies of mtDNA haplogroups analyzed in our study are 
summarized in Table 2. We observed significant difference in 
mtDNA haplogroup F between athletes and controls (p <  0.05). 
The frequency of mtDNA haplogroup F in the control group was 
consistent with those of the previous study [30]. The hap-
logroup-determining polymorphisms for haplogroup F are 

249delA, C3970T, T6392C, G10310A, and G13928C, in which 
249delA is located in the noncoding region (D-loop) and the oth-
er three variants are positioned in the coding region [27,31]. 
Among the polymorphisms of the coding region, only G13928C 
is a non-synonymous variant that causes a Ser531Thr replacement 
in ND5. ND5 encodes the NADH-ubiquinone oxidoreductase 
chain 5 protein, a subunit of NADH dehydrogenase that is a part 
of complex I for OXPHOS [27]. Previous studies have shown that 
the haplogroup F exhibits a low complex I activity in mitochondria 
and is associated with type 2 diabetes [18,32]. Other studies re-
ported haplogroup F to be a protective factor against various traits 
including Leber’s hereditary optic neuropathy, hearing loss, and 
aging [16,33,34]. Thus, haplogroup F can play a functional role in 
the expression of various phenotypes including athlete status. 

A genetic association between physical performance and mtD-
NA haplogroup F was also analyzed (Table 3). Here, we found 
that athletes with haplogroup F (60.64 ±  3.04) showed a higher 
Sargent jump than athletes with other haplogroups (54.28 ±  1.23) 
(p =  0.041). Sargent jump is a typically known test for measuring 
power [35]. This result is different from those observed in previ-
ous studies suggesting that mitochondria are mainly related to en-
durance performance [21,22]. Interestingly, several studies report-

Table 2. Association between athlete status and individual mtDNA haplogroup in this study

Haplogroup
Athlete (n = 111)

Control (n = 145)
No. of samples (%) OR (95% CI) p-valuea

F 14 (12.6) 3.04 (1.094–8.464)b 0.012* 6 (4.1)
N9a 7 (6.3) 1.89 (0.582–6.105) 0.219 5 (3.4)
G 6 (5.4) 1.13 (0.368–3.451) 0.526 7 (4.8)
D4a 5 (4.5) 1.74 (0.587–5.163) 0.229 11 (7.6)
B4 15 (13.5) 1.26 (0.594–2.673) 0.339 16 (11.0)
D4 20 (18.1) 1.34 (0.721–2.493) 0.221 33 (22.8)
A 9 (8.1) 1.51 (0.644–3.517) 0.231 17 (11.7)
D5 7 (6.3) 1.02 (0.367–2.821) 0.586 9 (6.2)
N9 0 - 1.000 0
M7 11 (9.9) 1.12 (0.480–2.597) 0.481 13 (9.0)
B5 4 (3.6) 1.36 (0.387–4.756) 0.439 7 (4.8)
M10 3 (2.7) 0.25 (0.026–2.437) 0.218 1 (0.7)
M9 2 (1.8) 0.38 (0.034–4.228) 0.401 1 (0.7)
M8 5 (4.5) 1.24 (0.394–3.893) 0.474 8 (5.5)
Y 1 (0.9) 0.43 (0.044–4.194) 0.417 3 (2.1)
M 1 (0.9) - 0.434 0
D 0 - 1.000 0
N 0 - 1.000 0
D4b 1 (0.9) 0.18 (0.022–1.479) 0.070 7 (2.8)
M11 0 - 0.500 1 (0.7)

mtDNA, mitochondrial DNA; OR, odds ratio; CI, confidence interval.
*Significant association: p < 0.05.
aUncorrected chi-square or Fisher exact test, as appropriate; bOR adjusted in multivariate logistic regression model including gender and mtDNA haplogroup F.
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ed that a few specific mtDNA haplogroups are associated with 
sprint performance [22,27]. Fuku et al. (2012) [22] found that 
the macrohaplogroup N contributes to stronger leg extension 
power and higher vertical jump in Japanese adults (p <  0.05). Mi-
tochondria regulate the intracellular calcium dynamics, which 
contribute to muscle contraction [36]. In this context, it has been 
previously reported that the macrohaplogroup N exhibits higher 
calcium levels in mitochondria compared with the macrohap-
logroup M [37]. This indicates that the macrohaplogroup N may 
influence anaerobic performance such as muscle power. The mtD-
NA haplogroup F is a subhaplogroup of the macrohaplogroup N 
(http://www.phylotree.org). Meanwhile, Mikami et al. (2011) 
[27] recruited 139 Olympic athletes (79 endurance/middle-pow-
er athletes, 60 sprint/power athletes) to understand the genetic 
correlations between mitochondrial haplogroup and elite Japanese 
athletes. This study observed that the frequency of mtDNA hap-
logroup F in sprint/power athletes was higher than in the control 
group (OR, 2.79; 95% CI, 1.28 to 6.07; p =  0.007) [27]. The au-
thors emphasized the role of haplogroup F in inducing glycogen 
breakdown, which is then used as a fuel for glycolysis required for 
skeletal muscle contraction. Furthermore, anaerobic capacity 
(sprint performance) prefers the glycolytic pathway compared 
with OXPHOS to acquire ATP [22]. Thus, our result supports a 
previous finding. However, further replicative studies in various 
populations are warranted. 

A limitation of the current study was the relatively small sample 
size. The sample power of association analysis in our study was 
73%. The ideal sample power of association analysis is reported to 
be approximately 80% [38]. Therefore, larger sample sets are re-
quired to further clarify the role of mtDNA haplogroup F on ath-

lete status. Also, the athlete group consisted of more than 27 sports 
categories, and the different physical abilities of each athlete would 
be cause for the heterogeneity of physical performance. Addition-
ally, we recruited college-level athletes who were not national elite 
athletes. However, they were regularly trained to win official com-
petitions. 

Our study presents the following advantage: a positive associa-
tion between the haplogroup F and athlete status was reported 
only in case of Japanese population. To the best of our knowledge, 
our results are the first to replicate a previous finding and hence 
can establish an important subject for meta-analyses as well as for 
further studies. 

In conclusion, our results imply that the haplogroup F may have 
a significant effect on athlete status and sprint performance in Ko-
rean population. However, larger sample sizes and functional stud-
ies are necessary to further elucidate our findings. 
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Table 3. Association between the physical performances and mtDNA F haplogroup

Fitness test
mtDNA haplogroup

p-valueaF Other
No. Mean ± SD No. Mean ± SD

20 m shuttle run 10 74.50 ± 29.62 63 64.25 ± 34.69 0.380
Single leg stance (R) 13 28.94 ± 21.51 96 34.85 ± 25.25 0.422
Single leg stance (L) 7 35.52 ± 19.16 62 39.87 ± 22.30 0.622
Sagent jump 14 60.64 ± 3.04 96 54.28 ± 1.23 0.041*
Hand grip (R) 14 44.34 ± 10.61 103 41.18 ± 10.67 0.300
Hand grip (L) 14 40.89 ± 11.00 102 39.14 ± 11.37 0.589
50 m running 12 6.89 ± 0.69 77 8.33 ± 5.48 0.366
Sit-up 14 44.93 ± 12.38 99 45.60 ± 11.98 0.846
Side-step 13 59.69 ± 7.35 85 62.40 ± 24.41 0.693
Sit-and-Reach 14 26.18 ± 7.78 101 24.46 ± 15.30 0.680

mtDNA, mitochondrial DNA.
*Significant association: p < 0.05.
aMann–Whitney U test.

Genomics & Informatics 2019;17(1):e11

5 / 7https://doi.org/10.5808/GI.2019.17.1.e11

http://www.phylotree.org


Conflicts of Interest 

No potential conflict of interest relevant to this article was reported. 

Acknowledgments 

We are grateful to all volunteers for providing DNA samples. 

Supplementary Materials 

Supplementary data including two tables can be found with this 
article online at https://doi.org/10.5808/2019.17.1.e11.  

References 

1. Fuku N, Mikami E, Tanaka M. Association of mitochondrial 
DNA polymorphisms and/or haplogroups with elite Japanese 
athlete status. J Phys Fit Sports Med 2013;2:17–27.

2. Ahmetov, II, Egorova ES, Gabdrakhmanova LJ, Fedotovskaya 
ON. Genes and athletic performance: an update. Med Sport Sci 
2016;61:41–54.

3. De Moor MH, Spector TD, Cherkas LF, Falchi M, Hottenga JJ, 
Boomsma DI, et al. Genome-wide linkage scan for athlete status 
in 700 British female DZ twin pairs. Twin Res Hum Genet 
2007;10:812–820.

4. Montgomery HE, Marshall R, Hemingway H, Myerson S, 
Clarkson P, Dollery C, et al. Human gene for physical perfor-
mance. Nature 1998;393:221–222.

5. Scanavini D, Bernardi F, Castoldi E, Conconi F, Mazzoni G. In-
creased frequency of the homozygous II ACE genotype in Italian 
Olympic endurance athletes. Eur J Hum Genet 2002;10:576–
577.

6. Znazen H, Mejri A, Touhami I, Chtara M, Siala H, Le Gallais D, 
et al. Genetic advantageous predisposition of angiotensin con-
verting enzyme id polymorphism in Tunisian athletes. J Sports 
Med Phys Fitness 2016;56:724–730. 

7. Yang N, MacArthur DG, Gulbin JP, Hahn AG, Beggs AH, 
Easteal S, et al. ACTN3 genotype is associated with human elite 
athletic performance. Am J Hum Genet 2003;73:627–631. 

8. Guth LM, Roth SM. Genetic influence on athletic performance. 
Curr Opin Pediatr 2013;25:653–658. 

9. Mikami E, Fuku N, Murakami H, Tsuchie H, Takahashi H, Ohi-
wa N, et al. ACTN3 R577X genotype is associated with sprinting 
in elite Japanese athletes. Int J Sports Med 2014;35:172–177.

10. Pasqua LA, Bueno S, Artioli GG, Lancha AH Jr, Matsuda M, 
Marquezini MV, et al. Influence of ACTN3 R577X polymor-
phism on ventilatory thresholds related to endurance perfor-

mance. J Sports Sci 2016;34:163–170.
11. Castro MG, Terrados N, Reguero JR, Alvarez V, Coto E. Mito-

chondrial haplogroup T is negatively associated with the status 
of elite endurance athlete. Mitochondrion 2007;7:354–357.

12. Nogales-Gadea G, Pinos T, Ruiz JR, Marzo PF, Fiuza-Luces C, 
Lopez-Gallardo E, et al. Are mitochondrial haplogroups associ-
ated with elite athletic status? A study on a Spanish cohort. Mi-
tochondrion 2011;11:905–908.

13. Mikami E, Fuku N, Takahashi H, Ohiwa N, Pitsiladis YP, Higu-
chi M, et al. Polymorphisms in the control region of mitochon-
drial DNA associated with elite Japanese athlete status. Scand J 
Med Sci Sports 2013;23:593–599.

14. Anderson S, Bankier AT, Barrell BG, de Bruijn MH, Coulson 
AR, Drouin J, et al. Sequence and organization of the human mi-
tochondrial genome. Nature 1981;290:457–465.

15. Olivo PD, Van de Walle MJ, Laipis PJ, Hauswirth WW. Nucleo-
tide sequence evidence for rapid genotypic shifts in the bovine 
mitochondrial DNA D-loop. Nature 1983;306:400–402.

16. Feng J, Zhang J, Liu M, Wan G, Qi K, Zheng C, et al. Association 
of mtDNA haplogroup F with healthy longevity in the female 
Chuang population, China. Exp Gerontol 2011;46:987–993.

17. Kim KC, Jin HJ, Kim W. Mitochondrial haplogroup B is nega-
tively associated with elite Korean endurance athlete status. 
Genes Genomics 2012;34:569–573.

18. Fuku N, Park KS, Yamada Y, Nishigaki Y, Cho YM, Matsuo H, et 
al. Mitochondrial haplogroup N9a confers resistance against 
type 2 diabetes in Asians. Am J Hum Genet 2007;80:407–415.

19. Anglin RE, Mazurek MF, Tarnopolsky MA, Rosebush PI. The 
mitochondrial genome and psychiatric illness. Am J Med Genet 
B Neuropsychiatr Genet 2012;159B:749–759.

20. Maruszak A, Adamczyk JG, Siewierski M, Sozanski H, Gajewski 
A, Zekanowski C. Mitochondrial DNA variation is associated 
with elite athletic status in the Polish population. Scand J Med 
Sci Sports 2014;24:311–318.

21. Tamura Y, Watada H, Tanaka Y, Daimaru N, Nomiyama T, Saku-
raba K, et al. Preliminary report: mitochondrial DNA 5178 
polymorphism in male elite Japanese endurance runners. Me-
tabolism 2010;59:62–63.

22. Fuku N, Murakami H, Iemitsu M, Sanada K, Tanaka M, Miyachi 
M. Mitochondrial macrohaplogroup associated with muscle 
power in healthy adults. Int J Sports Med 2012;33:410–414. 

23. Lesage R, Simoneau JA, Jobin J, Leblanc J, Bouchard C. Familial 
resemblance in maximal heart rate, blood lactate and aerobic 
power. Hum Hered 1985;35:182–189.

24. Bouchard C, An P, Rice T, Skinner JS, Wilmore JH, Gagnon J, et 
al. Familial aggregation of VO(2max) response to exercise train-
ing: results from the HERITAGE Family Study. J Appl Physiol 

https://doi.org/10.5808/GI.2019.17.1.e116 / 7

Hwang IW et al. • Mitochondrial haplogroup and physical performances

https://doi.org/10.7600/jpfsm.2.17
https://doi.org/10.7600/jpfsm.2.17
https://doi.org/10.7600/jpfsm.2.17
https://doi.org/10.1159/000445240
https://doi.org/10.1159/000445240
https://doi.org/10.1159/000445240
https://doi.org/10.1375/twin.10.6.812
https://doi.org/10.1375/twin.10.6.812
https://doi.org/10.1375/twin.10.6.812
https://doi.org/10.1375/twin.10.6.812
https://doi.org/10.1038/30374
https://doi.org/10.1038/30374
https://doi.org/10.1038/30374
https://doi.org/10.1038/sj.ejhg.5200852
https://doi.org/10.1038/sj.ejhg.5200852
https://doi.org/10.1038/sj.ejhg.5200852
https://doi.org/10.1038/sj.ejhg.5200852
https://doi.org/10.1086/377590
https://doi.org/10.1086/377590
https://doi.org/10.1086/377590
https://doi.org/10.1097/MOP.0b013e3283659087
https://doi.org/10.1097/MOP.0b013e3283659087
https://doi.org/10.1055/s-0033-1347171
https://doi.org/10.1055/s-0033-1347171
https://doi.org/10.1055/s-0033-1347171
https://doi.org/10.1080/02640414.2015.1040823
https://doi.org/10.1080/02640414.2015.1040823
https://doi.org/10.1080/02640414.2015.1040823
https://doi.org/10.1080/02640414.2015.1040823
https://doi.org/10.1016/j.mito.2007.06.002
https://doi.org/10.1016/j.mito.2007.06.002
https://doi.org/10.1016/j.mito.2007.06.002
https://doi.org/10.1016/j.mito.2011.08.002
https://doi.org/10.1016/j.mito.2011.08.002
https://doi.org/10.1016/j.mito.2011.08.002
https://doi.org/10.1016/j.mito.2011.08.002
https://doi.org/10.1111/j.1600-0838.2011.01424.x
https://doi.org/10.1111/j.1600-0838.2011.01424.x
https://doi.org/10.1111/j.1600-0838.2011.01424.x
https://doi.org/10.1111/j.1600-0838.2011.01424.x
https://doi.org/10.1038/290457a0
https://doi.org/10.1038/290457a0
https://doi.org/10.1038/290457a0
https://doi.org/10.1038/306400a0
https://doi.org/10.1038/306400a0
https://doi.org/10.1038/306400a0
https://doi.org/10.1016/j.exger.2011.09.001
https://doi.org/10.1016/j.exger.2011.09.001
https://doi.org/10.1016/j.exger.2011.09.001
https://doi.org/10.1007/s13258-012-0037-5
https://doi.org/10.1007/s13258-012-0037-5
https://doi.org/10.1007/s13258-012-0037-5
https://doi.org/10.1086/512202
https://doi.org/10.1086/512202
https://doi.org/10.1086/512202
https://doi.org/10.1002/ajmg.b.32086
https://doi.org/10.1002/ajmg.b.32086
https://doi.org/10.1002/ajmg.b.32086
https://doi.org/10.1111/sms.12012
https://doi.org/10.1111/sms.12012
https://doi.org/10.1111/sms.12012
https://doi.org/10.1111/sms.12012
https://doi.org/10.1016/j.metabol.2009.07.005
https://doi.org/10.1016/j.metabol.2009.07.005
https://doi.org/10.1016/j.metabol.2009.07.005
https://doi.org/10.1016/j.metabol.2009.07.005
https://doi.org/10.1055/s-0031-1301317
https://doi.org/10.1055/s-0031-1301317
https://doi.org/10.1055/s-0031-1301317
https://doi.org/10.1159/000153540
https://doi.org/10.1159/000153540
https://doi.org/10.1159/000153540
https://doi.org/10.1152/jappl.1999.87.3.1003
https://doi.org/10.1152/jappl.1999.87.3.1003
https://doi.org/10.1152/jappl.1999.87.3.1003


(1985) 1999;87:1003–1008.
25. Niemi AK, Majamaa K. Mitochondrial DNA and ACTN3 geno-

types in Finnish elite endurance and sprint athletes. Eur J Hum 
Genet 2005;13:965–969.

26. Scott RA, Fuku N, Onywera VO, Boit M, Wilson RH, Tanaka M, 
et al. Mitochondrial haplogroups associated with elite Kenyan 
athlete status. Med Sci Sports Exerc 2009;41:123–128.

27. Mikami E, Fuku N, Takahashi H, Ohiwa N, Scott RA, Pitsiladis 
YP, et al. Mitochondrial haplogroups associated with elite Japa-
nese athlete status. Br J Sports Med 2011;45:1179–1183.

28. Hong SB, Kim KC, Kim W. Mitochondrial DNA haplogroups 
and homogeneity in the Korean population. Genes Genomics 
2014;36:583–590.

29. Rosa A, Fonseca BV, Krug T, Manso H, Gouveia L, Albergaria I, 
et al. Mitochondrial haplogroup H1 is protective for ischemic 
stroke in Portuguese patients. BMC Med Genet 2008;9:57. 

30. Kim W, Yoo TK, Shin DJ, Rho HW, Jin HJ, Kim ET, et al. Mito-
chondrial DNA haplogroup analysis reveals no association be-
tween the common genetic lineages and prostate cancer in the 
Korean population. PLoS One 2008;3:e2211.

31. Yu D, Jia X, Zhang AM, Li S, Zou Y, Zhang Q, et al. Mitochon-
drial DNA sequence variation and haplogroup distribution in 
Chinese patients with LHON and m.14484T > C. PLoS One 
2010;5:e13426. 

32. Ji F, Sharpley MS, Derbeneva O, Alves LS, Qian P, Wang Y, et al. 

Mitochondrial DNA variant associated with Leber hereditary 
optic neuropathy and high-altitude Tibetans. Proc Natl Acad Sci 
USA 2012;109:7391–7396.

33. Wu CC, Chiu YH, Chen PJ, Hsu CJ. Prevalence and clinical fea-
tures of the mitochondrial m.1555A > G mutation in Taiwanese 
patients with idiopathic sensorineural hearing loss and associa-
tion of haplogroup F with low penetrance in three families. Ear 
Hear 2007;28:332–342. 

34. Ji Y, Zhang AM, Jia X, Zhang YP, Xiao X, Li S, et al. Mitochondri-
al DNA haplogroups M7b1’2 and M8a affect clinical expression 
of leber hereditary optic neuropathy in Chinese families with the 
m.11778G-- > a mutation. Am J Hum Genet 2008;83:760–768.

35. Sargent LW. Some observations on the Sargent test of neuro-
muscular efficiency. Am Phys Educ Rev 1924;29:47–56. 

36. Lannergren J, Westerblad H, Bruton JD. Changes in mitochon-
drial Ca2+ detected with Rhod-2 in single frog and mouse skele-
tal muscle fibres during and after repeated tetanic contractions. J 
Muscle Res Cell Motil 2001;22:265–275.

37. Kazuno AA, Munakata K, Nagai T, Shimozono S, Tanaka M, 
Yoneda M, et al. Identification of mitochondrial DNA polymor-
phisms that alter mitochondrial matrix pH and intracellular cal-
cium dynamics. PLoS Genet 2006;2:e128.

38. Suresh K, Chandrashekara S. Sample size estimation and power 
analysis for clinical research studies. J Hum Reprod Sci 2012;5:7–
13.

Genomics & Informatics 2019;17(1):e11

7 / 7https://doi.org/10.5808/GI.2019.17.1.e11

https://doi.org/10.1152/jappl.1999.87.3.1003
https://doi.org/10.1038/sj.ejhg.5201438
https://doi.org/10.1038/sj.ejhg.5201438
https://doi.org/10.1038/sj.ejhg.5201438
https://doi.org/10.1249/MSS.0b013e31818313a2
https://doi.org/10.1249/MSS.0b013e31818313a2
https://doi.org/10.1249/MSS.0b013e31818313a2
https://doi.org/10.1136/bjsm.2010.072371
https://doi.org/10.1136/bjsm.2010.072371
https://doi.org/10.1136/bjsm.2010.072371
https://doi.org/10.1007/s13258-014-0194-9
https://doi.org/10.1007/s13258-014-0194-9
https://doi.org/10.1007/s13258-014-0194-9
https://doi.org/10.1186/1471-2350-9-57
https://doi.org/10.1186/1471-2350-9-57
https://doi.org/10.1186/1471-2350-9-57
https://doi.org/10.1371/journal.pone.0002211
https://doi.org/10.1371/journal.pone.0002211
https://doi.org/10.1371/journal.pone.0002211
https://doi.org/10.1371/journal.pone.0002211
https://doi.org/10.1371/journal.pone.0013426
https://doi.org/10.1371/journal.pone.0013426
https://doi.org/10.1371/journal.pone.0013426
https://doi.org/10.1371/journal.pone.0013426
https://doi.org/10.1073/pnas.1202484109
https://doi.org/10.1073/pnas.1202484109
https://doi.org/10.1073/pnas.1202484109
https://doi.org/10.1073/pnas.1202484109
https://doi.org/10.1097/AUD.0b013e318047941e
https://doi.org/10.1097/AUD.0b013e318047941e
https://doi.org/10.1097/AUD.0b013e318047941e
https://doi.org/10.1097/AUD.0b013e318047941e
https://doi.org/10.1097/AUD.0b013e318047941e
https://doi.org/10.1016/j.ajhg.2008.11.002
https://doi.org/10.1016/j.ajhg.2008.11.002
https://doi.org/10.1016/j.ajhg.2008.11.002
https://doi.org/10.1016/j.ajhg.2008.11.002
https://doi.org/10.1080/23267224.1924.10652218
https://doi.org/10.1080/23267224.1924.10652218
https://doi.org/10.1023/A:1012227009544
https://doi.org/10.1023/A:1012227009544
https://doi.org/10.1023/A:1012227009544
https://doi.org/10.1023/A:1012227009544
https://doi.org/10.1371/journal.pgen.0020128
https://doi.org/10.1371/journal.pgen.0020128
https://doi.org/10.1371/journal.pgen.0020128
https://doi.org/10.1371/journal.pgen.0020128
https://doi.org/10.4103/0974-1208.97779
https://doi.org/10.4103/0974-1208.97779
https://doi.org/10.4103/0974-1208.97779


1 / 7

2019, Korea Genome Organization
This is an open-access article distribut-
ed under the terms of the Creative 
Commons Attribution license (http://
creativecommons.org/licenses/by/4.0/), 
which permits unrestricted use, distri-
bution, and reproduction in any medi-
um, provided the original work is prop-
erly cited.

In this paper, we propose a window-based mechanism visualization approach as an alterna-
tive way to measure the seriousness of the difference among data-insights extracted from a 
composite biodata point. The approach is based on two components: undirected graph and 
Mosaab-metric space. The significant application of this approach is to visualize the seg-
mented genome of a virus. We use Influenza and Ebola viruses as examples to demonstrate 
the robustness of this approach and to conduct comparisons. This approach can provide re-
searchers with deep insights about information structures extracted from a segmented ge-
nome as a composite biodata point, and consequently, to capture the segmented genetic 
variations and diversity (variants) in composite data points. 

Keywords: composite biodata point, diversity, Mosaab-metric space, segmented genetic varia-
tions, se riousness of the difference, variants, visualization, window-based mechanism  
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Introduction 

In recent years, biodata mining has new research problems that are related to the concept 
of composite data points. A data point is said to be a composite data point when it is a data-
set; in other words, when it has a number of biosequences or data-vectors. The composite 
data point is a new generalization to the concept of the data point from the ordinary defini-
tion (e.g., a biosequence or a data-vector). In case of visualizing a composite data point us-
ing window-based mechanism, few technical problems arise in this context. In this paper, 
we shall address those technical problems and provide insights about the window-based 
mechanism visualization approach. In the next part of this section we shall present a sum-
mary of recent related research work. We will focus on the research achievements in the 
area of alignment-free sequence analysis. 

Alignment-free sequence analysis is a developing research area [1,2], and recent years 
have shown this scientific fact clearly. Alignment-free sequence analysis algorithms (AF-
SAA) have several strengths compared with alignment-based sequence analysis algorithms 
(ABSAA). First, AFSAA can be used to map sequences into feature space as data-vectors; 
therefore, several algorithms, techniques, and approaches in data mining, machine learn-
ing, and statistical computing can be implemented effectively to analyze data-vectors that 
are extracted from sequences in feature space. Second, AFSAA are computationally less 
expansive compared with ABSAA [3]. AFSAA are window-based algorithms. Those algo-
rithms are applicable to any sequences [3] without any prior assumption about degrees of 
dissimilarities; in other words, prior knowledge about homology assumption is not re-
quired. Moreover, AFSAA can be used when ABSAA are inapplicable. 
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Daoud [4] proposed an alignment-free sequence analysis tech-
nique to measure the distance between two unaligned biosequenc-
es. The technique has the capacity to measure the distance between 
two sliding segmented windows. Quantum of distance values are 
concluded after sliding a segmented window on the longest se-
quence from left-end to right-end. The whole shortest sequence is 
considered as another static segmented window. The distance dis-
tribution is used to analyze the quantum of distance-values. The 
membership value of a given query sequence with respect to differ-
ent classes can be estimated using stochastic approximation, and 
without assuming any prior stochastic assumptions. 

Pham and Zuegg [5] proposed an alignment-free probabilistic 
measure to measure the distance between two unaligned sequenc-
es. Precisely, the probabilistic measure is defined to measure the 
distance between two estimated Markovian models, where each 
Markovian model represents a sequence. The research addressed 
the problems of alignment based-algorithms in terms of aligning se-
quences with low similarity rates and the time complexity to ac-
complish the required computational process. 

Borozan et al. [6] proposed another approach to improve the 
classification outcomes of sequence comparison by combining 
alignment-free and alignment-based measures to obtain similarity 
scores as discriminatory information about sequences. 

Vinga and Almeida [7] reviewed the majority of overwhelming 
alignment-free sequence comparison algorithms. The paper classi-
fied those algorithms into two categories. The first category is de-
fined in terms of the frequency distribution of n-grams and the dis-
tance/similarity measures are defined in a feature space (Cartesian 
space). In this context, the data-vectors are the frequency vectors of 
n-grams. The second category is based on the implementation of 
Kolmogorov complexity and Chaos Theory. 

The structure of this paper can be summarized as follows: we 
present the proposed method in section II; experiments and dis-
cussions are presented in section III; and finally, the conclusion and 
the expected future work are presented in section IV. 

Methods 

The window-based mechanism is a well-known mechanism in data 
science and biodata mining. Usually, it can be implemented with 
data that has a sequential relation to capture the local statistical pa-
rameters and to infer the main global information structure. The 
window-based mechanism has specific computational parameters, 
these parameters can be summarized as follows: (1) window-length 
or size (L), (2) shifting distance (α), and (3) random feature vector 
(Xn). Those computational parameters play a key role in estimating 
the local statistical parameters and in inferring the main global in-

formation structure of the data under consideration. Therefore, 
those computational parameters provide the analyst with various 
insights about data, and they can help to understand data and to 
evaluate the implemented computational mechanism. In case of 
composite data point, each data point is a dataset, thus, we have an-
other level of computations. In other words, we have to model da-
ta-insight of extracted information using a distance measure/metric 
or a composite distance measure/metric and a visualization tool 
(e.g., graphs). In case of a segmented genome of a virus, each seg-
ment can be encoded to 1 or more proteins, and each protein is a 
sequence. Therefore, a segmented genome is a composite data 
point. Now, without loss of generality, let us assume that we define 
a (p × 1) random feature vector X in IRp, to use it in screening a 
composite data point and model its information structure. Howev-
er, to model any information structure, we have to define a statisti-
cal concept, and in this case, we choose the variation theory as a 
statistical concept. In other words, we aim to model variation-based 
information structure as data-insight to evaluate the window-based 
mechanism and to visualize composite data point in a given feature 
space. In case of univariate or multivariate, the variation theory has 
various statistical parameters and models. One of those parameters 
is the variance-covariance matrix. Define Xn as occurrence of all 
possible n-grams, hence X has the dimension (p × 1), where p = | Σ 
|n, Σ is a finite alphabet, and n is string-length. Define the vari-
ance-covariance matrix of Xn as ΩXn, which it has the dimension 
(p × p). Up to this point, each sequence in a composite data point 
can be represented by a variance-covariance matrix. Thus, let the 
composite data point be denoted by CDP =  {Seq1, Seq2, ... , Seqm}, 
thus, obviously each sequence Seqi in CDP can be represented by a 
variance-covariance matrix ΩXn . To compute ΩXn , we have to ex-
tract data-vectors {x1, x2, ..., xl} from Seqi as defined by Xn using the 
window-based mechanism. We can motivate the main idea of this 
paper in the following way. We aim to model an existing informa-
tion structure as a data-insight of a given composite data point us-
ing undirected graph as a visualization technique, and to evaluate 
window-based mechanism as a feature extraction technique. One 
of the essential difficulties involved in this problem is measuring the 
distance between any two variance-covariance matrices. As stated 
in his PhD dissertation, Mosaab Daoud [8] proposed a solution for 
the composite data points proximity problem. The solution defined 
a new metric space (Ψ,Dij(γ1)), where Ψ is a class of composite 
data points, and Dij(γ1)is a metric. Dij(γ1) is defined as follows: 

 

where λ1 is the largest generalized eigenvalue (associated with the 
generalized eigenvector γ1) of the matrix (                      ). Now, by us-

Dij (c1) =| c 1
j (ΩX n

i] g - ΩX n

i )c1| =| m1| > 0

ΩX ni] g-ΩXj] g

,11
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ing the window-based feature extraction mechanism we can map 
CDP into a family of sets of data-vectors 

thereafter, we can map each DVα,L into a set of variance-covariance 
matrices VC =  {ΩXn ; Seqi       CDP}. In this way, we compose a 
family of sets of variance-covariance matrices. By implementing the 
metric Dij(γ1), we can map each V C into a set of distance values in 
the interval [0, ∞). It should be noted that Θ is a set of all possible 
values of the shifting-distance α, L is the window-size, and Z+ is the 
set of positive integers (Θ and Z+ are parameter spaces). In deci-
sion theory and risk analysis [9], we have a concept called the seri-
ousness of the difference. It is hard to measure the seriousness of 
the difference in a family of variance-covariance matrices (note: a 
family is a set of instances, and each instance is a set of variance-co-
variance matrices), but we can depict the seriousness of the differ-
ence among instances in a family of variance-covariance matrices 
using undirected graph, which is one of the objectives of this paper. 
Consequently, in an undirected graph, each sequence will be repre-
sented by a node and each distance value will be represented by an 
edge. In this way, we can measure the seriousness of the difference 
in a family of variance-covariance matrices. Finally, in the next sec-
tion, we shall discuss the proposed approach by using real data. The 
computational process of this approach is illustrated in Figs. 1 and 
2. 

Fig. 1. Computational process of window-based mechanize.

Results and Discussion 

In this section, we shall present the implementation of the proposed 
approach using real data. Meanwhile, we shall discuss the practical 
outputs and implementations in details. We will use the segmented 
genomes of flu virus, and segments of Ebola virus as composite 
data points. 

One of the highly mutable viruses is the flu virus, and it has seri-
ous negative impacts on various populations (e.g., human popula-
tion). The genome of influenza virus has eight segments, and each 
segment can be encoded into either 1 or 2 proteins. The virus is 
classified under the family Orthomyxoviridae [10-12]. The eleven 
RNA-proteins of influenza virus genome are: PB1 (polymerase 
protein), PB2 (polymerase protein), PA (polymerase protein), HA 
(haemagglutinin protein), NP (nucleoprotein), NA (neuramini-
dase), M1 (matrix protein), M2 (matrix protein), NS1 (non-struc-
tural protein), and NS2 (non-structural protein). The variability of 
the influenza virus is embedded in the genetic text of the two sur-
face proteins: (1) HA and NA [13, 14]. The identification of influ-
enza sub-type can be accomplished using the variability of HA and 
NA proteins. 

The other composite data point that we shall consider in this pa-
per is Ebola virus. The Ebola virus is a negative-sense RNA virus, 
and it is classified under the family Filoviridae [15]. The genome of 

DVa ,L={ x 1
i] g, x 2

i] g, , xl
i] g}; S i] g

e q i! CDP, a ! H,L! Z+}

!

Genomics & Informatics 2019;17(1):e4

3 / 7https://doi.org/10.5808/GI.2019.17.1.e4



Ebola has seven segments. The seven RNA proteins of Ebola virus 
genome are follows: nucleoprotein (NP), nucleocapsid protein 
(VP35), matrix protein (VP40), glycoprotein (GP), nucleocapsid 
protein (VP30), nucleocapsid protein (VP24), and polymerase 
protein (L). 

To proceed further, we downloaded a few composite data points 
from on-line databases. The composite data points represent the 
segmented genomes of influenza virus type A, influenza virus type 
B, and Ebola virus. Consequently, we compose a family of vari-
ance-covariance matrices for the composite data point: influenza 
virus type A, which it has 4 instances: the first instance: α =  1, L =  
50, and n =  1; the second instance: α =  1, L =  50, and n =  2; the 
third instance: α =  1, L =  50, and n =  3; and the forth instance: α 
=  1, L =  50, and n =  4. Each instance represents an information 
structure of the composite data point, and each undirected graph 
represents an insight of the information structure. To measure the 
seriousness of difference in a family of variance-covariance matri-
ces, we depict those instances in Figs. 3–6. From those figures we 
can conclude the seriousness of the difference caused by consider-

ing different feature vectors. Fig. 3 has the highest variability 
(spread) compared with Figs. 4–6. In other words, in the graph, the 
distances among nodes can be used as an indicator about the seri-
ousness of the difference caused by biodiversity and/or variability 
to detect new variants. 

In the second part of this experiment, we compare three compos-
ite data points. Each composite data point is a segmented genome. 
Those composite data points are follows: (1) influenza virus type 
A, (2) influenza virus type B, and (3) Ebola virus. We compose a 
family of variance-covariance matrices with three instances using 
the following parameters: α =  1, L =  80, and n =  1. Figs. 7–9 de-
pict those instances respectively. It is clear that the insights of inner 
information structure of those composite data points are different 
in terms of distance-variability and inner information structure, and 
this variability reflects the genetic diversity in the segmented ge-
nomes of the considered viruses. 

Another comparison can be conducted between the two instanc-
es of variance-covariance matrices given in Figs. 3 and 7, and it is 
clear that the seriousness of the difference occurs between the two 

Fig. 2. Prototypes for a composite data point, a family of variance-covariance matrices, an undirected graph model for an instance of 
variance-covariance matrices.  
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Fig. 3. The insight of information structure for Influenza A virus. 
This instance of variance-covariance matrices is captured using the 
following parameters: α = 1, L = 50, and n = 1.  

Euclidean of Mosaab Distance-(CompositeDataPoint)

Fig. 5. The insight of information structure for influenza A virus. 
This instance of variance-covariance matrices is captured using the 
following parameters: α = 1, L = 50, and n = 3.  

Euclidean of Mosaab Distance-(CompositeDataPoint)

Fig. 4. The insight of information structure for Influenza A virus. 
This instance of variance-covariance matrices is captured using the 
following parameters: α=1, L = 50, and n = 2.  

Euclidean of Mosaab Distance-(CompositeDataPoint)

Fig. 6. The insight of information structure for influenza A virus. 
This instance of variance-covariance matrices is captured using the 
following parameters: α = 1, L = 50, and n = 4. 

Euclidean of Mosaab Distance-(CompositeDataPoint)
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Fig. 9. The insight of information structure for Ebola virus. This 
instance of variance-covariance matrices is captured using the 
following parameters: α 1, L = 80, and n = 1.  

instances due to the window-size. 
Based on these results, we should shift the purpose of this ap-

proach to the level of a tool. This tool can help researchers and users 
in the field of computational biology to understand and evaluate 
the mechanisms of window-based approaches, and to understand 
the segmented genetic variation of a composite data point through 
depicting the seriousness of the difference among information 
structures extracted from a given composite data point using win-
dow-based mechanism. In addition, the tool can be used to visual-
ize the genetic diversity of composite data points. 

We presented experiments and results, and in the next section, 
we shall present conclusions and future work. 

In this paper, we have analyzed window-based mechanism ap-
proach as a sequence analysis approach. We introduced the termi-
nology: the seriousness of the difference, composite data point, 
data insight, and information structure. There is a difficulty in mea-
suring the seriousness of the difference among the existing insights 
of information structure in a composite data point. The contribu-
tions of this paper can be summarized as follows: we proposed the 
concept of a family of variance-covariance matrices, where each in-
stance of this family is a set of variance-covariance matrices, which 
represents a data-insight about the information structure of a com-
posite data point. We proposed an alternative approach to measure 
the seriousness of the difference among data-insights extracted 

Fig. 7. The insight of information structure for influenza A virus. 
This instance of variance-covariance matrices is captured using the 
following parameters: α = 1, L = 80, and n = 1.  

Euclidean of Mosaab Distance-(CompositeDataPoint)

Euclidean of Mosaab Distance-(CompositeDataPoint)

Fig. 8. The insight of information structure for influenza B virus. 
This instance of variance-covariance matrices is captured using the 
following parameters: α 1, L = 80, and n = 1.  

Euclidean of Mosaab Distance-(CompositeDataPoint)
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from a composite data point by using undirected graph and Mo-
saab-metric space to visualize the differences caused by estimates of 
the parameters: (1) window-length or size (L), (2) shifting dis-
tance (α), and (3) random feature vector (Xn). This approach can 
be used to evaluate window-based sequence analysis algorithms, 
and to capture segmented genetic variation and diversity in com-
posite data points. The approach can be used to answer critical bio-
logical questions: for example, are the corresponding segments of 
influenza A and B similar in distance? Can we capture the rates of 
change in those segments? Which may be interesting to epidemiol-
ogists. Finally, as future work, we can use this approach as an inte-
grated tool to visualize the diversity and variability of outliers (vari-
ants) in a dataset of composite data points.
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The chinstrap (Pygoscelis antarcticus) and gentoo (P. papua) penguins are distributed 
throughout Antarctica and the sub-Antarctic islands. In this study, high-quality de novo as-
semblies of blood transcriptomes from these penguins were generated using the Illumina 
MiSeq platform. A total of 22.2 and 21.8 raw reads were obtained from chinstrap and gen-
too penguins, respectively. These reads were assembled using the Oases assembly platform 
and resulted in 26,036 and 21,854 contigs with N50 values of 929 and 933 base pairs, re-
spectively. Functional gene annotations through pathway analyses of the Gene Ontology, 
EuKaryotic Orthologous Groups, and Kyoto Encyclopedia of Genes and Genomes (KEGG) da-
tabases were performed for each blood transcriptome, resulting in a similar compositional 
order between the two transcriptomes. Ortholog comparisons with previously published 
transcriptomes from the Adélie (P. adeliae) and emperor (Aptenodytes forsteri) penguins re-
vealed that a high proportion of the four penguins’ transcriptomes had significant sequence 
homology. Because blood and tissues of penguins have been used to monitor pollution in 
Antarctica, immune parameters in blood could be important indicators for understanding 
the health status of penguins and other Antarctic animals. In the blood transcriptomes, 
KEGG analyses detected many essential genes involved in the major innate immunity path-
ways, which are key metabolic pathways for maintaining homeostasis against exogenous 
infections or toxins. Blood transcriptome studies such as this may be useful for checking the 
immune and health status of penguins without sacrifice. 
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Introduction 

Penguins are a monophyletic group within the Spheniscidae family [1]. Approximately 18 
species breed sympatrically in several regions within Antarctica and the sub-Antarctic is-
lands [2]. Pygoscelids include three species of penguin (Adélie Pygoscelis adeliae, chinstrap P. 
antarctica, and gentoo P. papua), and represent congeneric penguins based on their co-oc-
currence, coexistence, and similarities in their breeding and foraging ecologies [3-5]. Pygos-
celids are densely distributed throughout the South Shetland and South Orkney Islands be-
tween the latitudes 54°S and 65°S. The chinstraps have a more southern distribution and 



are located almost exclusively around the Antarctic Peninsula [1,6]. 
The gentoo have the most northern distribution and forage deeper 
in the water column. The Adélie and chinstrap are relatively ice-tol-
erant and depend on ice more than the gentoo [1,6]. In 2017, pygos-
celids were placed on the International Union for Conservation of 
Nature Red List of Threatened Species at the level of Least Concern 
(http://www.iucnredlist.org). Because their habitats are strongly 
correlated with Antarctic environmental conditions, fluctuations in 
the marine environment due to global warming could be the most 
obvious factor influencing their declining populations [7]. There-
fore, consistent monitoring and conservation of pygoscelids is highly 
recommended. 

Penguins serve as important models for studying ecology, the 
environment, physiology, behavior, reproduction, and population 
dynamics [8,9]. Antarctica is continuously threated by anthropo-
genic activities affecting the atmosphere and water including cli-
mate change, over-fishing, disease, and tourism [10-12]. Penguins 
are promising sentinels for monitoring marine pollution and dis-
ease in Antarctica given their high trophic position, long lifespan, 
philopatry, and conspicuous nature [8,9]. While previous studies 
have analyzed pathogen diversity or toxicant accumulation from 
penguin blood samples [13-18], to date there have been no pub-
lished gene expression studies from the blood of any penguin spe-
cies. 

In this study, we analyzed the blood transcriptome of chinstrap 
(P. antarcticus) and gentoo (P. papua) penguins using Illumina 
MiSeq sequencing and a series of bioinformatics tools. Given that 
blood is highly sensitive to diverse endogenous and exogenous 
stimulations, including parasites, pathogens, and environmental 
pollutants, transcriptomic profiling and the measurement of tar-
get gene/pathway-specific expression is useful for predicting ho-
meostasis, disease, immunity, and population health status in 
penguins. Although genomic analyses of penguin blood have 
been limited, several analytical applications have been conducted 
on their blood tissues. For example, blood-borne parasitic infec-
tions are a potential factor for the mortality of wild penguins [19-
21]. Chemical analyses (i.e., dioxins, persistent organic pollutants, 
polychlorinated biphenyls, and pesticides) of blood samples from 
penguins have been used as a promising indicator of Antarctic en-
vironmental contamination [22-25]. In fact, among birds, blood 
transcriptome profiling has been successfully employed to predict 
the homeostasis of immune systems and to analyze transcription-
al changes after pathogen or pollutant challenges [26-30]. Thus, 
genomic information from penguin blood samples will allow the 
evaluation of their health status using gene expression analyses to 
determine their immune status. 

Methods 

Ethics statement 
All animal handling and experimental procedures were approved by 
the Animal Welfare Ethical Committee and the Animal Experimental 
Ethics Committee of the Korea Polar Research Institute (KOPRI). 

Sample collection and Illumina sequencing 
Blood specimens (approximately 1 mL) were collected from one in-
dividual of each penguin species on King George Island, South Shet-
land Islands, Antarctica (Table 1). Both species were identified in 
reference to morphological characteristics and their mitochondrial 
cytochrome oxidase subunit 1 sequences. Blood samples were im-
mediately transferred to a vial containing RNAlater (Qiagen, 
Valencia, CA, USA) and stored at –20°C until RNA extraction. 
Total RNA was extracted using an RNeasy Micro Kit (Qiagen) 
according to the manufacturer’s instructions and stored in 
RNAstable (Biometrica, San Diego, CA, USA). The quality and 
quantity of the total RNA was assessed using the Bioanalyer 2100 
(Agilent Technologies, Santa Clara, CA, USA). High-quality mRNA 
(2 µg) was used to generate a double-stranded cDNA library using 
poly A selection. Entire experimental reagents and equipments were 
purchased from Illumina Inc. (San Diego, CA, USA). The NuGEN 
Encore Complete RNA-Seq Library System (NuGEN, San Carlos, 
CA, USA) was used to construct paired-end libraries (PE500) of 
sheared cDNA (500 bp fragments) that were sequenced on an Illu-
mina MiSeq System platform (300 × 2 paired-end reads). Index and 
adaptor sequences were trimmed using Trimmomatic [31] and 
low-quality reads were removed using the FASTX toolkit [32] with 
parameters set to –t = 20, –l = 70, and –Q = 33. 

De novo assembly and transcriptome annotation 
Low-quality reads (average quality score < 10), adapters, linkers, 
and polymerase chain reaction primers were removed through 
quality filtering. High-quality reads were assembled de novo using 
Oases (ver. 0.2.08) with default parameters [33]. The TransDe-
coder was used to identify coding regions. Unclustered transcripts 
and the longest sequences were considered unigenes. To identify 
functional transcripts, all unigenes were searched against the Na-
tional Center for Biotechnology Information (NCBI) nonredun-
dant database using BLASTx with an E-value threshold of 1.00E-04. 
Gene Ontology (GO) and Kyoto Encyclopedia of Genes and Ge-
nomes (KEGG) pathway analyses of all contigs were performed 
using the Blast2GO sequence annotation tool (ver. 4.0) [34]. 
BLAST searches and functional domain annotations were con-
ducted using InterProScan within the Blast2GO software package. 

Finally, the assembled data were arranged in terms of read 
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length, gene annotation, GenBank number, E-value, species, and 
species accession number. The mRNA expression levels were cal-
culated using the reads per kilobase of the transcriptome per mil-
lion mapped reads (RPKM) method [35]. 

Data deposition 
Raw RNA-seq data were deposited into the NCBI Sequence Read 
Archive (accession numbers, SRR7874621 for P. antarcticus and 
SRR7874380 for P. papua) under the bioproject numbers, PRJ-
NA491756 for P. antarcticus and PRJNA491755 for P. papua, re-
spectively. The Transcriptome Shotgun Assembly project was de-
posited into the DDBJ/ENA/GenBank database under accession 
numbers, GGXL00000000 for P. antarcticus and GGXK00000000 
for P. papua. 

Results and Discussion 

Approximately 22.2 and 21.8 million reads were obtained by Illu-
mina sequencing for P. antarcticus (accumulated base pairs, 
6,675,343,822 bp) and P. papua (accumulated base pairs, 
6,574,802,598 bp), respectively. In total, 26,036 contigs with an 
average length of 863 bp and an N50 length of 929 bp were ob-
tained in the P. antarcticus blood transcriptome, whereas in the P. 

papua blood transcriptome, 21,854 contigs with an average length 
of 857 bp and an N50 length of 933 bp were obtained. 

Overall, the principal BLAST hits of the penguin transcripts exhib-
ited high similarity to avian genomic information at both class and 
family levels (Fig. 1A). Of the top hits, 86% of P. antarcticus and P. 
papua contigs were homologous to transcripts from the class Aves. At 
the family level, both contigs showed high similarity to Falconiformes 
(28%), followed by Passeriformes (19%). These results suggest that 
the blood sample preparation and Illumina sequencing were success-
ful, as the raw read assembly was undoubtedly characterized as avian. 
Of the P. antarcticus contigs, 2,476 and 2,450 exhibited sequence sim-
ilarity to transcripts from the rock pigeon Columba livia and the pere-
grine falcon Falco peregrinus, respectively. In the case of the P. papua 
contigs, approximately 2,130 and 2,197 showed sequence similarity 
to transcripts from C. livia and F. peregrinus, respectively. A previous 
study generated a total of 15,270 and 16,070 protein-coding genes 
annotated from Adélie (P. adeliae) and emperor (Aptenodytes forsteri) 
penguin genomes [36]. However, the contigs from the current study 
did not match their genomic information, because only raw sequenc-
ing reads of Adélie and emperor penguins were registered in NCBI 
and annotation data were deposited. Thus, we analyzed orthologous 
similarity of the penguin transcripts after retrieving the annotated 
genes of Adélie and emperor penguins [36]. 

Table 1. Characteristics of the blood transcriptomes of the chinstrap (Pygoscelis antarcticus) and gentoo (Pygoscelis papua) penguins in 
compliance with MIxS standards
Item Pygoscelis antarcticus Pygoscelis papua
Investigation type Eukaryote transcriptome Eukaryote transcriptome
Classification Eukaryota; Opisthokonta; Metazoa; Eumetazoa; 

Bilateria; Deuterostomia; Chordata; Craniata; Vertebrata; 
Gnathostomata; Teleostomi; Euteleostomi; Sarcopterygii; 
Dipnotetrapodomorpha; Tetrapoda; Amniota; Sauropsida; 
Sauria; Archelosauria; Archosauria; Dinosauria; 
Saurischia; Theropoda; Coelurosauria; Aves; Neognathae; 
Sphenisciformes; Spheniscidae; Pygoscelis

Eukaryota; Opisthokonta; Metazoa; Eumetazoa; 
Bilateria; Deuterostomia; Chordata; Craniata; Vertebrata; 
Gnathostomata; Teleostomi; Euteleostomi; Sarcopterygii; 
Dipnotetrapodomorpha; Tetrapoda; Amniota; Sauropsida; 
Sauria; Archelosauria; Archosauria; Dinosauria; 
Saurischia; Theropoda; Coelurosauria; Aves; Neognathae; 
Sphenisciformes; Spheniscidae; Pygoscelis

Project name Pygoscelis antarcticus blood transcriptome sequencing Pygoscelis papua blood transcriptome sequencing
Geographic location name King George Island (South Shetland Islands), Antarctica King George Island (South Shetland Islands), Antarctica
Geographic location 62°14′30.8′′S, 58°44′47.7′′W 62°14′30.8′′S, 58°44′47.7′′W
Collection data 17 Jan 2015 17 Jan 2015
Environment (biome) OMIT_0002267 (Antarctic region) OMIT_0002267 (Antarctic region)
Environment (feature) ENVO_00000098 (island) ENVO_00000098 (island)
Environment (material) ENVO_01000428 (rocky shore) ENVO_01000428 (rocky shore)
Tissue type Blood Blood
Sequencing method Pyrosequencing Pyrosequencing
Sequencing platform Illumina Miseq Illumina Miseq
Assembly program Oases (ver. 0.2.08) Oases (ver. 0.2.08)
Assembly method De novo assembly De novo assembly
Finishing strategy Contig Contig
Bioproject number PRJNA491756 PRJNA491755
Data accessibility SRR7874621 SRR7874380
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Fig. 1. Major BLAST hits matching the chinstrap and gentoo blood transcripts at the phylum and species levels. Each number indicates the 
quantity of orthologous gene families shared by the indicated genomic database (A). Four-way Venn diagram of orthologous gene conservation 
in four species of penguins: Adélie (Pygoscelis adeliae), chinstrap (P. antarcticus), emperor (Aptenodytes forsteri), and gentoo (P. papua) (B). The 
diagram was constructed with orthologous genes identified by the best reciprocal hit method with tBLASTx (E-value < 10–10) pair-wise ortholog 
matches. Numbers represent unique or shared genes between penguin species.
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Ortholog comparisons showed extensive similarity within pen-
guins (Fig. 1B). Most transcripts of each penguin matched at least 
one of the other species. Of the contigs, 3,969 were shared among 
the four penguins, whereas 1,320, 13,294, 1,699, and 9,290 contigs 
remained unique to the species Adélie, chinstrap, emperor, and 
gentoo, respectively. Within the genus Pygoscelis, 4,018 contigs 
were shared among the three penguins within that genus. Overall, 
11,045 homologues were observed between the chinstrap and 
gentoo penguins and 12,387 contigs were identified as homo-
logues between the Adélie and emperor penguins. Although a rela-
tively small number of genes were annotated from the genomes of 
the Adélie and emperor penguins, this result suggests that blood 

transcriptomes share many genes encoding for proteins with 
blood-specific functions. 

The specific GO composition of each principal category (i.e., cellu-
lar components, biological processes, and molecular functions) is 
presented for the P. antarcticus and P. papua contigs at a Level 2 per-
centage using default parameters. Overall, similar compositions of 
GO terms in each category were observed among the blood tran-
scriptomes (Fig. 2). The vast majority of transcripts in the cellular 
components category were assigned to cells (34%), organelles (30%), 
and macromolecular complexes (12%–13%) (Fig. 2A). In terms of 
the biological processes category, many genes were classified as cellu-
lar (18%–19%), metabolic (15%), and single-organism processes 

Fig. 2. Gene Ontology analyses: cellular components (A), biological processes (B), and molecular functions (C) enriched in the chinstrap and 
gentoo blood transcriptomes.
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(13%–14%) (Fig. 2B). Of the GO terms related to molecular func-
tion, many genes were categorized as binding (49%–50%) and cata-
lytic activity (30%–31%) components (Fig. 2C). Because blood is 
one of the most dynamic tissues and encompasses a wide range of 
cellular metabolisms and numerous exogenous and endogenous fac-
tors, the diverse GO assignments analyzed by Blast2GO suggest that 
penguin blood performs many complex biological functions. 

Of the 20 highest RPKM values, several mRNAs coding for he-
moglobin genes were detected in both the P. antarcticus and P. papua 
transcriptomes. Because diving birds have developed elevated he-
moglobin levels to hold their breath for long periods of time [37], 
high RPKM values for hemoglobin genes would relate to the capaci-
ty for oxygen storage and transfer during routine diving by penguins. 

Although only limited information is available on the correlation be-
tween abundance of hemoglobin gene and oxygen level in penguins, 
it was identified that hemoglobin concentration is strongly associat-
ed with free-diving physiology such as gas exchanges (e.g., oxygen 
storage, saturation, and depletion) in seals [38,39]. Several major 
vertebrate canonical signaling pathways such as the nuclear factor 
kappa B (NF-κB, #04064), Janus kinase/signal transducers and acti-
vators of transcription (JAK-STAT, #04630), and Toll-like receptor 
(TLR, #04620) are important for responding to exogenous patho-
gens and maintaining homeostasis [40]. In the P. antarcticus and P. 
papua blood transcriptomes, the most crucial proteins of innate im-
munity signaling were detected in the NF-κB (Fig. 3), JAK-STAT 
(Fig. 4A), and TLR (Fig. 4B) pathways in KEGG pathway analyses. 

Fig. 3. Transcriptional coverage of penguin transcripts within the vertebrate nuclear factor kappa B (NF-κB) signaling pathway (#04064). 
Matched homologues of each penguin are highlighted in different colors. 

NF-KAPPA B SIGNALING PATHWAY

■ Adélie ■ Chinstrap  ■ Emperor ■ Gentoo
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Fig. 4. Transcriptional coverage of penguin transcripts on the vertebrate Janus kinase/signal transducers and activators of transcription (JAK-STAT) 
(#04630) (A) and vertebrate Toll-like receptor (TLR) signaling pathway (#04620) (B). Matched homologues of each penguin are highlighted in 
different colors.

In addition, the transcriptional involvement of immunity-related 
genes of the TLR, immune deficiency (Imd, #04624), transforming 
growth factor β (#04350), and interleukin 17 (#04657) signaling 
pathways were also identified. Overall, the emperor penguin had the 
greatest number of matched transcripts, whereas the Adélie only had 
a few proteins from each pathway. A relatively low amount of immu-

nity-related genes were identified in the in the chinstrap and gentoo 
transcriptomes compared to the emperor penguin. In addition, there 
was a complete lack of several components from each pathway. This 
could be explained by the fact that both penguins considered in this 
study may not be affected by environmental factors or infections. 
However, the core proteins matched from each pathway suggest that 
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JAK-STAT SIGNALING PATHWAY
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the major innate immune systems are likely expressed and serve as 
a host defense modulator against exogenous pathological changes 
in penguin blood. Because the profiling of blood transcriptomes 
can reflect pathological changes such as immune cell circulation 
throughout the animal body [41-44] and penguins are sentinel 
species in the circumpolar region of the Southern Ocean, analyses 
of blood transcriptomes and hematological parameters could be 
used as a marker of health status, disease, and response to exposure 
in penguins. 

Here, we presented the first whole-blood transcriptome of two 
penguin species, the chinstrap and gentoo, and a comparison of 
pathways involved in the major innate immune systems of four 
penguin species. Transcriptomic data were successfully obtained 
from the blood of the penguins and the transcriptomes covered 
the essential gene repertoire. These data will be useful for under-
standing the molecular adaptations and immune homeostasis of 
Antarctic penguins, thereby allowing researchers to assess their 
health status and resistance to diseases. 
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Alveolar type II cells constitute a small fraction of the total lung cell mass. However, they 
play an important role in many cellular processes including trans-differentiation into type I 
cells as well as repair of lung injury in response to toxic chemicals and respiratory patho-
gens. Transcription factors are the regulatory proteins dynamically modulating DNA struc-
ture and gene expression. Transcription factor profiling in microarray datasets revealed that 
several members of AP1, ATF, NF-κB, and C/EBP families involved in diverse responses were 
expressed in mouse lung type II cells. A transcriptional factor signature consisting of Cebpa, 
Srebf1, Stat3, Klf5, and Elf3 was identified in lung type II cells, Sox9+ pluripotent lung stem 
cells as well as in mouse lung development. Identification of the transcription factor profile 
in mouse lung type II cells will serve as a useful resource and facilitate the integrated analy-
sis of signal transduction pathways and specific gene targets in a variety of physiological 
conditions.  

Keywords: gene signature, lung injury, lung type II cells, microarrays, signal transduction 
pathways, transcription factor profiling 

Insights into the signal transduction 
pathways of mouse lung type II cells 
revealed by transcription factor profiling 
in the transcriptome 
Chilakamarti V. Ramana* 
Department of Medicine, Dartmouth-Hitchcock Medical Center, Dartmouth Medical School, 
Lebanon, NH 03766, USA 

Introduction 

The lung is a major organ involved in the critical function of respiration. In addition, the 
lung is also involved in removal of pathogens such as influenza and Mycobacterium as well 
as detoxification of environmental chemical pollutants accumulated in respiratory tissue 
[1-3]. Lung tissue contains airway and parenchyma compartments with more than 30 cell 
types including fibroblast, endothelial, epithelial, smooth muscle and macrophages [4-6]. 
Alveolar epithelium consists of two morphologically distinct type I and type II cells repre-
senting approximately 95% and 5% of the alveolar surface area, respectively [7]. Consider-
able progress has been made in understanding the role of type II cells in lung function and 
disease. Lung epithelium plays an important and active role in influenza virus and CD8+ 
T-cell mediated lung injury [8,9]. Surfactant is composed of phospholipids, proteins and 
carbohydrates and is mainly produced by lung type II cells. Surfactant promotes lung ex-
pansion, reduces edema and surface tension [10]. Lung type II cells participate in vesicular 
transport, lipid metabolism and detoxification. Furthermore, type II cells can undergo cell 
proliferation and transdifferentiate into type I cells in response to lung injury [11]. The de-
velopment of type I and type II cell-selective monoclonal antibodies to apical surface 
membrane proteins such as T1-α and MMC4 facilitated investigating the role of lung epi-
thelium in lung injury and repair [12,13]. Cell specific expression of a small number of 
genes such as surfactant proteins (SP-A, SP-B, and SP-C) in type II cells has been de-
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scribed [6,7]. Identification of sequence elements in the SP-C gene 
promoter and transcription factors that mediate tissue-specific ex-
pression in lung type II cells facilitated transgenic expression of het-
erologous genes [5,14]. Microarray technology allows for monitor-
ing the transcriptional activity of several thousands of genes simul-
taneously [15]. Application of this technology to the lung develop-
mental regulation, response to toxic chemicals and diseases have 
been described [16-18]. Furthermore, gene expression profile of 
human and mouse primary lung type II cells were reported [19-
21]. Transcription factors are regulatory proteins that bind specific 
parts of the genome in tightly coiled structures called chromatin 
and regulate the availability of distinct stretches of DNA to be ex-
pressed in a tissue-specific manner. However, the role of transcrip-
tion factors in the functional 2 organization of the mouse lung type 
II cell transcriptome is not well understood. The role of transcrip-
tion factors such as Sox9 in pluripotent lung stem cells and AP1, ac-
tivator transcription factor (ATF) in tissue-specific expression of 
Surfactant protein genes in type II cells has been demonstrated [22-
24]. Isolation and characterization of lung stem cells capable of dif-
ferentiating into alveolar epithelial type II cells has been described 
[22,25]. However, connecting the distinct profile of transcription 
factors and the gene expression within the transcriptome to eluci-
date biological functions of type II cells remains a major challenge. 
Gene knockout mice provided significant insights into the relative 
contribution of individual transcription factors into lung type II cell 
development and function [20,26,27]. Signal transduction path-
ways and transcriptional regulatory control of mouse lung type II 
cells were investigated using mouse lung and type II microarray 
data to gain novel insights into the biological organization of the 
transcriptome. 

Methods 

Animals and primary alveolar type II cell preparation 
BALB/c mice (5–7 weeks old) were used. All experiments were 
conducted in strict accordance with the guidelines of the institution-
al animal care and use committee. Lung primary alveolar type II cells 
were prepared as described [7,21]. Briefly, lungs from BALB/c mice 
were dissected and put in a sterile culture tube containing serum-free 
Dulbecco’s modified Eagle’s medium (DMEM) and dispase and in-
cubated for 45 min at room temperature. Lungs were then trans-
ferred to a culture dish containing DNAse1 (Sigma, St. Louis, MO, 
USA) and the tissue gently teased away from the airways. The cell 
suspension was successively filtered and then pelleted. Crude cell 
suspensions were added to culture dishes coated with anti-CD45 
and anti-CD32 antibodies (BD Pharmingen, San Diego, CA, USA) 
and incubated for 1–2 h. Culture dishes were removed from the in-

cubator, gently rocked to free settled type II cells and then resus-
pended in DMEM with 10% fetal bovine serum. Purity of the type 
II cell preparations 3 used for these studies was greater than 95% by 
morphological, immunocytochemical, and reverse transcriptase 
PCR assays of selected cell-specific markers criteria. 

Gene expression profiling 
Total RNA was prepared from lung type II cells by using the Qia-
gen Rneasy kit (Valencia, CA, USA). For cDNA synthesis, RNA 
(10 μg) was annealed to the oligodT-T7 promoter at 70℃ for 10 
min and then reverse transcribed at 42℃ for 3 h. The resulting 
double-stranded cDNA was used as a template to generate bioti-
nylated cRNA from an in vitro transcription reaction using the 
Enzo Diagnostics RNA transcript labeling kit (Farmindale, NY, 
USA). The biotin-labeled cRNA were purified and hybridized to 
the murine U74A genomic array as directed by Affymetrix techni-
cal procedures manual (http:// www.affymetrix.com). The washed 
arrays were stained with phycoerythrin-streptavidin and scanned 
by using an Affymetrix Gene-array scanner. The experiment was 
performed with RNA from lung type II cells pooled from 3 animals 
each for a chip and a total of 4 chips were used with similar results. 

Microarray data analysis 
Scanned images were analyzed with Affymetrix microarray analysis 
suite 6.0 gene expression software. The gene list was selected based 
on the signal intensity of > 700 arbitrary units and consistency of 
the signal intensity across the four chips. The signal intensity was 
normalized to glyceraldehyde-3-phosphate dehydrogenase (Gap-
dh) levels. Functional organization of the transcriptome was estab-
lished using Database for Annotation, Visualization and Integrated 
Discovery (DAVID) bioinformatics [28]. Affymetrix identifiers 
(ID) of transcription factors were analyzed in the functional anno-
tation tool of the DAVID 6.8 website (http://david.abcc.ncifcrf.
gov). The software generated annotated chart with biological terms 
and p-value (Benjamini-Hochberg corrected for false discovery 
rate) associated with the transcriptional factors. Selected examples 
were shown. Expression profiling of a variety of mouse tissues has 
been described previously [29]. Tissue-specific gene expression 
dataset from multiple mouse tissues was downloaded from the 
website (http://www.biogps.org). Mouse lung type II data were 
normalized to 4 Gapdh levels and resulting data were analyzed by 
linkage across arrays and genes by using CLUSTER software [30]. 

Transcription factor interactions were visualized using pro-
tein-protein interactions databases (https://openwetware.org/ 
wiki). Microarray datasets for mouse developmental stage E12.5 
and adult CDH+, CDH–; EpCAM+, EpCAM– Sox9+ lung stem 
cells as well as in vitro differentiated E12.5 stage Sox9+ cells at pas-
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sage 2 and 10 (P2, P10) were previously reported [22]. Mouse lung 
developmental gene expression dataset was downloaded from Jack-
son Lab website (http://www.jax.org) and analyzed using software 
from the website (http://www.heatmapper.ca). 

Results and Discussion 

Global gene expression in mouse lung type II cells was examined 
using oligonucleotide microarrays in order to gain insights into the 
expression levels of transcription factors and signal transduction 
pathways critical for the transcriptome. Transcript analysis revealed 
that approximately 2,000 genes (16.6%) were expressed in type II 
cells, out of the 12,000 genes represented on the U74A mouse 
Affymetrix chip. About 575 genes were highly expressed whereas 
about 1,425 were expressed at low levels. Furthermore, a master list 
of about 350 known and highly expressed genes was constructed 
(Supplementary Table 1). This list includes about 50 transcription 
factors that were highly expressed in mouse lung type II transcrip-
tome. Transcriptional factors bind to upstream regulatory elements 
such as promoters and enhancers and in co-operation with co-reg-
ulators and general transcriptional factors regulate gene expression 
[31]. The transcription factor profile of type II cells includes several 

members of the activator protein (AP1), ATF, nuclear factor-kap-
paB (NF-κB), Kruppel-like zinc-finger proteins (KLF), and CAAT/
enhancer binding proteins (c/EBP) families. A general feature of 
the transcriptome is the differential expression of multiple mem-
bers of a transcription factor family that controls redundant, over-
lapping or non-redundant functions (Fig. 1A and 1B). These in-
clude AP1 (Fos, Fosb, jun, Junb, and Jund), ATF (Atf3 and Atf4), 
NF-κB (Nfkb1 and Rela), and nuclear receptor or NR (Nr4a1 and 
Nr5a1) 5 family members. Many of these transcription factors have 
a prominent role in immune responses. Protein domain analysis re-
vealed that the transcription factors have specific domains (leucine 
zipper, helix-loop-helix, zinc finger, Rel or Kruppel) that facilitate 
extensive homo-dimerization (ex., c-Jun) or hetero-dimerization 
(ex., Fos-Jun) that further expands the repertoire of gene regulation. 
Members of cellular enhancer binding protein or C/EBP family are 
involved in the regulation of multiple cell types [26]. Metallo-
thioneins (Mt) are regulated by heavy metals and inflammatory re-
sponse [32]. Nrf2 is a transcription factor with a basic-leucine zip-
per domain and regulates a large number antioxidant and xenobiot-
ic-metabolizing enzyme genes through the antioxidant response el-
ement (ARE) [27]. Nuclear Receptor family members (Nr4a1 and 
Nr5a1) are highly expressed in lung epithelium [33]. KLF family 

Fig. 1. Relative mRNA expression levels of transcription factors in the mouse lung type II transcriptome. (A) The mRNA levels of activator 
protein (AP1), activation transcription factor (ATF), nuclear factor-κB (NF-κB), and nuclear hormone receptors (NR) family members involved 
in inflammatory response. (B) The mRNA levels of Mt, Cebp, Klf, and Btg family members of transcription factors. (C) High, medium, and low 
expression of transcription factors in four separate RNA preparations of mouse lung type II cells represented by red, yellow and green colors, 
respectively.
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members such as Klf4, Klf5 and Klf9 are implicated in the regula-
tion of cell growth, differentiation and apoptosis [34]. Mammalian 
Btg/Tob family regulates transcription in the nucleus and messen-
ger RNA deadenylation and implicated in anti-proliferation in mul-
tiple cell types [35]. Expression levels of transcription factors could 
vary significantly from high such as Y-box1 (Ybx1) and high mobil-
ity group (Hmgn1); moderate such as catennin β (Ctnnb) and 
metallothionein1 (Mt1) or low like Stat3 and sterol regulatory ele-
ment binding protein (Srebf1) in type II cells (Fig. 1C). Cluster 
analysis of transcription factors with biological terms in DAVID 
Bioinformatics revealed that hetero-dimerization leucine zipper 
domain as a key regulatory property present in AP1, ATF, and NR 
families. Furthermore, protein phosphorylation, metal binding and 
dimerization are major regulatory mechanisms of this category 
(data not shown). Functional properties of type II cells such as de-
toxification (response to organic cyclic compounds), cytokine sig-
naling (tumor necrosis factor or TNF-α) and cell growth (develop-
ment and cancer) were also well represented based on p-value (Fig. 

2A). Mapping the list of transcription factors on to Kyoto Encyclo-
pedia of Genes and Genomes (KEGG) pathways revealed that 
TNF-α is the major signal transduction pathway functional in lung 
type II cells (Fig. 2B). TNF receptor 1 (TNFR1) is ubiquitous and 
is expressed on lung epithelial cells [9]. TNF signaling is mediated 
through TNFR1 to regulate mitogen-activated protein kinases in-
cluding c-Jun N-terminal kinase ( JNK), extracellular receptor ki-
nases (ERK), p38 and IκB kinases to activate NF-κB [36,37]. In ad-
dition to NF-κB, TNF-α also activates AP1 via JNK and ATF via 
JNK, ERK, and p38 mitogen-activated protein (MAP) kinase path-
ways [36-38]. Involvement of ERK, JNK, p38 MAP kinases and 
transcription factors AP1, NF-κB, and ATF has been described in 
response to influenza infection [39]. TNF-α plays an important 
role in CD8+ T-cell mediated lung injury [21]. In a mouse trans-
genic model, lung injury was largely mediated by chemokines ex-
pressed by the epithelial cells upon CD8+ T-cell recognition and 
this response was dependent on TNFR1 [9]. Protein-protein inter-
actions play an important role in co-operative and functional diver-

Fig. 2. Annotation of biological functions and signal transduction pathways in mouse lung type II cells. (A) Signaling pathway terms associated 
with transcription factors of mouse lung type II were ranked by significance. (B) Schematic representation of tumor necrosis factor (TNF-α) 
mediated intracellular signal transduction pathways in mouse lung type II cells. NF-κB, nuclear factor-κB; MAP, mitogen-activated protein.
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sity of transcriptional networks in biological functions of multiple 
cell types [31]. Network analysis of transcription factor interactions 
in protein interaction databases revealed that extensive interactions 
between AP1, ATF, NF-κB, NR, and C/EBP family members are 
possible (Fig. 3). Furthermore, these interactions also predict a po-
tential role for Atf3, Nr4a1, and AP1 family members in TNF-α in-
duced CD8+ T-cell mediated lung injury. In gene expression analy-
sis, clustering algorithm is often used to discriminate genes that are 
co-regulated in the experimental conditions studied [30]. Further-
more, cluster analysis in multiple tissues facilitates detection of 
overlapping and tissue-specific patterns of gene expression. This 
analysis revealed that the gene expression profile of lung and type II 
were closely related among all tissues tested (Supplementary Fig. 1). 
Consistent with these observations, shared transcription factor 
co-expression profiles include Xbp1, Stat3, and Srebf1. Further-
more, transcripts of Mt1, Atf3, Ybx1, and Hmgn1 levels were highly 
expressed in lung type II compared to the lung (Fig. 4). Cluster 
analysis also showed examples of highly expressed genes in type II 
cells compared to lung included SP-C, mucin1 (Muc1), lysozyme2 
(Lyz2), ATP binding cassette transporter (ABCA3), sodium-phos-
phate co-transporter, hemolytic component, heat shock protein (84 
kDa), catenin-src, Gro1, and Rab9 (Figs. 4 and 5, Supplementary 
Fig. 1). There is an overlapping gene expression profile signature 
between liver and type II cells (data not shown). Liver and lung 
type II have also a common role in lipid metabolism and express 

Fig. 3. Transcription factor interactions in mouse lung type II cells 
predicted from Protein Interaction Databases. Transcription factors 
are represented by ovals and protein-protein interactions represented 
by connecting lines.

Fig. 4. Tissue-specific expression of transcription factors. Cluster analysis of transcription factor levels in multiple mouse tissues. Lung type II 
markers such as surfactant protein C (Sftpc), mucin (Muc1), and lysozyme (Lyz2) were included for the purpose of comparison.
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Fig. 5. Heat Map representation of differentially expressed genes between E12.5 development and adult lung Sox9+ progenitors in vivo. (A) 
Cadherin (Cdh) and epithelial cell adhesion molecule (EpCAM) positive (+) and negative (–) adult epithelial cell populations were shown. (B) 
E12.5 Sox9+ progenitor cells after early (P2) or late (P10) cell passage in chemically defined medium in vitro. Lung type II gene markers such 
as Sftpc, Muc1, and Lyz2 were included for the purpose of comparison. Representative genes with differential expression are shown. Raw data 
values were normalized and are shown as rlog and a >2-fold change were represented by blue and red colors in either direction.

high level of transcription factors Cebpa and Srebf1 that are impli-
cated in lipid metabolism [26,40]. 

Expression levels of cell surface adhesion molecules such as 
E-cadherin (Cdh) and EpCAM are useful for staining and sorting 
lung epithelial cells [22]. A highly conserved cellular process in de-
velopment known as epithelial-to-mesenchyme transition is re-
sponsible for transforming epithelial cells in metastatic lung cancer 
and tumor [41]. Sex determining region Y-box 9 (Sox9) was origi-
nally known for its functions in embryonic development specifical-
ly in bone formation, testis and lung development [42]. Sox9 is im-
portant for stem cell maintenance, tumor progression and metasta-
sis [43]. Pluripotent Sox9 positive lung stem cells are capable of 
generating airway and type II cells in mice and transplantation of 
the Sox9+ human lung stem cells in cancer patients have been de-
scribed [22,25]. I have investigated the transcription factors signa-
ture characteristic of lung type II cells in Sox9 positive stem cells of 
E12.5 lung mouse development and adult lung stem cells from 
mice [22]. Cluster analysis showed that the gene signature consist-
ing of Stat3, Srebf1, Elf3, Klf5, Cebpa was highly expressed in adult 

mouse lung stem cells sorted for epithelial markers Cdh or EpCAM 
(Fig. 5A). Consistent with these results, lung type II marker genes 
such as surfactant protein C (sftpc), Mucin (Muc1), lysozyme 2 
(Lyz2) were also highly expressed in adult compared with E12.5 
Sox9+ stem cells. Under defined chemical conditions, E12.5 Sox9 
positive lung stem cells can be differentiated into type II cells in vi-
tro, after 2–10 passages in cell culture [22]. Interestingly, the same 
five transcription factors were also highly expressed under these 
conditions (Fig. 5B). A major disadvantage of many transcriptome 
data studies is that they provide a snapshot of gene expression pro-
file in cells or tissues. However, it is well known that gene expres-
sion is dynamically and temporally regulated during mouse devel-
opment. For example, gene expression profile of proteins encoding 
extra-cellular matrix varies significantly during lung development 
[16]. Klf5 is expressed at higher levels in lung epithelial cells at the 
E18.5 stage of mouse development and mice lacking Klf5 die at the 
time of birth due to respiratory distress [34,44]. Data mining of the 
transcription factor signature of Stat3, Srebf1, Elf3, Klf5, and Cebpa 
within the gene expression data set of mouse lung developmental 
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stages revealed that the expression was relatively low in early devel-
opmental stages such as E9.5–E12.5, moderate in E14.5–E15.5 and 
relatively high during late embryonic developmental stages of 
E16.5–E18.5 (Fig. 6). These results suggest that the gene expres-
sion levels are dynamic over time in 8 different stages of mouse lung 
development. Transcription factor profile is intimately linked with 
the gene expression profile of any given cell type. Unique combina-
tion of transcription factors assembled on individual gene promoter 
determines the level of gene activity [23,31]. Furthermore, func-
tional organization of mouse lung type II transcriptome can be elu-
cidated in terms of potential role of specific combination of tran-
scription factors. Multiple transcription factors have been shown to 
play an important role in the lung type II specific cell functions 
such as detoxification, lipid metabolism, immune responses and 
cell growth as revealed by knockout mouse models, as discussed 
below (Fig. 7). 

Detoxification 
Proteins involved in detoxification and antioxidant defense are 
abundant in lung type II transcriptome. The redox system of gluta-
thione (GSH) consists of primary and secondary antioxidants, in-
cluding GSH peroxidase, GSH reductase and GSH S-transferase 
[45]. Depletion of GSH in the lung is associated with the increased 

risk of lung injury and disease [46]. Nrf2 plays a major role in de-
toxification by sequence-specific binding to ARE and up-regulating 
several genes [47,48]. Pathogenesis of lung diseases is tightly linked 
to exposure to environmental chemicals which require an enzymat-
ic activation to exert their deleterious effects on pulmonary cells 
[49]. Nrf2 has a potential chemo-preventive activity, by upregulat-
ing antioxidant defenses and attenuating of inflammation and oxi-
dative stress. Deficiency in Nrf2-GSH signaling attenuates type II 
cell growth and enhances sensitivity to oxidants implicated in ciga-
rette smoke induced emphysema [46,48]. Metallothionein regu-
lates the intensity of the induction of inflammatory proteins such as 
chemokines and cytokines. In Mt knockout mice the induction of 
cytokines and chemokines as well as pulmonary inflammation were 
greater in response to bacterial lipopolysaccharide. Mt protects 
against coagulation and fibrinolytic disturbance and acute lung in-
jury by inhibition of pro-inflammatory mediators [50]. Knock-
down of Nr4a1 in human lung epithelial cells resulted in significant 
increase in IκB-α phosphorylation and degradation resulting in en-
hanced NF-κB activity, whereas Nr4a1 overexpression decreased 
NF-κB activity [33,51]. Nr4a1 knockout mice show significantly 
enhanced allergic airway inflammation and aggravated mucus pro-
duction [33].  

Lipid metabolism 
Alveolar type II cells convert glycogen into phospholipids that are a 
major component of the surfactant proteins [8,52]. Keratinocyte 
growth factor (KGF) stimulates lipid metabolism in alveolar type II 
cells cultured on a matrix of collagen and matrigel [53]. Lung type 
II cells express lipogenic enzymes such as fatty acid synthase (Fasn) 
and stearoyl-CoA desaturases (Scd1, Scd2) and transcription fac-
tors such as C/eba, Klf5, Srebf1, and Stat3 that are implicated in fat-
ty acid and phospholipid synthesis [20,26,40]. It is interesting to 
note that Cebpa, Fasn, and Scd1 are also highly expressed in brown 

Fig. 6. Heat map representation of differentially expressed 
transcription factors during mouse lung development. Raw data values 
were normalized and are shown as rlog and a >2-fold change were 
represented by blue and red colors in either direction. Transcription 
factors with differential expression are shown during development. 
Lung type II markers such as Sftpc and Lyz2 were included for the 
purpose of comparison.

Fig. 7. Schematic view of the transcription factors network in the 
functional organization of the transcriptome in mouse lung type II 
cells.
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fat, adipose and liver tissues that are involved in lipid and energy 
metabolism [54]. Cebpa knockout mice display abnormalities in 
liver and adipose tissues as well as hyper proliferation of lung type 
II cells and disturbed alveolar architecture resulting in perinatal 
death [26,55]. Klf5 is required for lung development and knockout 
mice die perinatally due to respiratory distress and also have defects 
in surfactant and lipid metabolism [44]. Stat3 regulates Abca3 
transporter expression and influences lamellar body formation in 
alveolar type II cells [20,56]. 

Immune responses 
Alveolar type II cells secrete a variety of anti-inflammatory and an-
timicrobial substances into the alveolar fluid including surfactant 
proteins, lysozyme, lipocalin 2 and reduced GSH. A variety of his-
tocompatibility antigens involved in antigen processing and adhe-
sion molecules involved in inflammation were also expressed in 
type II cells. Pathogen response was mediated by chemokine-guid-
ed neutrophil and macrophage influx in pathogen response of lung 
type II cells [9]. AP1, ATF, and NF-κB transcription factors have a 
major role in influenza virus and cytokine induced signal transduc-
tion pathways and is consistent with the functional role of alveolar 
epithelium in virus and CD8+ T-cell mediated lung injury [8,21]. 

Regulation of cell growth 
Lung type II cells can undergo cell proliferation and differentiate 
into type I cells [11]. Several growth-associated genes regulate cell 
proliferation, growth arrest and apoptosis in the lung. These in-
clude KGF, hepatoma derived growth factor (Hdgf), heparin bind-
ing epidermal growth factor (Hb-egf), and amphiregulin (Areg). 
Previous studies have shown that keratinocyte and hepatocyte 
growth factors play an important role in lung development, inflam-
mation and repair [53]. Klf5 is part of the pluripotent stem cell 
gene signature along with Oct4, Sox2 and, Myc that is required for 
perinatal lung morphogenesis and function [44]. AP1, NF-κB, ATF 
family members have been shown to participate in a variety of 
growth factor, stress response and cell death pathways [36,37]. Elf3 
is a member of Ets family of transcription factors and is highly ex-
pressed in epithelial tissues. High level of Elf3 expression in mouse 
embryogenesis and 30% fetal lethality in homozygous knockout 
mice suggest important role in early development [57]. Further-
more, Elf3 regulates non-small cell lung carcinoma by modulating 
oncogenic signal transduction pathways [58]. 

Global gene expression profiling studies revealed that transcrip-
tion factors regulate the functional organization of the transcrip-
tome in mouse lung type II cells and the list provides an important 
resource. Taken together, transcription factor profiling in signal 
transduction pathways involved in lung injury as well as develop-

ment expand our view of the transcription factor landscape in the 
regulatory genome architecture of mouse lung type II cells. A com-
prehensive transcriptome resource of many cell types in humans 
and mice called Cell Atlas is being developed [29,59]. This ap-
proach may be used for constructing novel signal transduction 
pathways from transcription factor profiles in developmental and li-
gand inducible gene expression microarray datasets. Further studies 
may provide a framework for generating novel mouse models for 
human lung diseases and potential therapeutic targets.  
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Intratumor heterogeneity within a single tumor mass is one of the hallmarks of malignancy 
and has been reported in various tumor types. The molecular characterization of intratumor 
heterogeneity in breast cancer is a significant challenge for effective treatment. Using sin-
gle-cell RNA sequencing (RNA-seq) data from a public resource, an ERBB pathway activated 
triple-negative cell population was identified. The differential expression of three subtyping 
marker genes (ERBB2, ESR1, and PGR) was not changed in the bulk RNA-seq data, but the 
single-cell transcriptomes showed intratumor heterogeneity. This result shows that ERBB 
signaling is activated using an indirect route and that the molecular subtype is changed on 
a single-cell level. Our data propose a different view on breast cancer subtypes, clarifying 
much confusion in this field and contributing to precision medicine. 

Keywords: breast neoplasms, ERBB signaling pathway, intratumor heterogeneity, molecular 
subtyping, single-cell RNA-seq

Identification of ERBB pathway-activated 
cells in triple-negative breast cancer 
Soo Young Cho* 
Clinical Genomics Analysis Branch, National Cancer Center, Goyang 10408, Korea 

Introduction 

Breast cancer is the most common cancer in women, and it is estimated that over 508,000 
women have died due to breast cancer [1]. Five main intrinsic or molecular subtypes of 
breast cancer have been proposed: luminal A, luminal B, triple-negative (TNBC)/bas-
al-like, human epidermal growth factor receptor 2 (HER2)-enriched (HER2+), and nor-
mal-like [2,3]. These breast cancer molecular subtypes have different gene expression pat-
terns, clinical features, treatments, and prognoses. 

Chung et al. [4] proposed a single-cell-level breast cancer transcriptome and identified a 
clinically important subpopulation. To understand intratumor heterogeneity expression 
patterns in breast cancer, a breast cancer cell population from single-cell RNA-seq 
(scRNA) data was analyzed from a public database. 

The HER2+-like TNBC subtype from GSE75688 was identified. ERBB2 expression in 
a BC07 triple-negative patient was not significantly different in bulk-RNA and scRNA 
data. PIK3CB and RAF1 were highly expressed in the cell population in the BC07 patient. 
Our data propose a different view on breast cancer subtypes, clarifying much confusion in 
this field and contributing to precision medicine. 

Methods 

Data analysis 
scRNA data for breast cancer were downloaded from GSE75688, which contains 549 pri-
mary breast cancer cells for 11 patients with estrogen receptor (ER)-positive (BC01, 
BC02), ER- and HER2-positive (BC03), lymph node metastasis (BC03LN), HER2-posi-
tive (BC04, BC05, BC06), triple-negative breast cancer (BC07-BC11), and matched bulk 
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tumors [4]. Data for 11 primary breast cancers, excluding the me-
tastasis sample, were selected (Supplementary Table 1). The reads 
were aligned to the human reference genome hg19 using STAR 
2-pass mode and fragments per kilobase million (FPKM), calculat-
ed by RSEM. The cells contained more than 70% unique mapping 
reads. Genes with an average FPKM of more than 2.5 across all cells 
were selected, and the average FPKM was more than 4 in the same 
sample. Finally, in total, 415 cells and 4,269 genes were selected. 

Statistical analyses 
R package was used for all statistical analyses. Data were analyzed 
using student’s ttest. A p-value < 0.05 was considered statistically 
significant. 

Results 

Tumor cell clustering in breast cancer 
To understand subtype-specific expression patterns, hierarchical 
clustering method was used for 4,269 genes and 415 cells. All cells 
were clustered into 16 groups (Fig. 1). However, BC07 patient tu-
mor cells were divided in two groups in the clustering result. To 
identify functional differences in BC07 patient tumor cells, Gene 
Set Enrichment Analysis was performed, and the ERBB signaling 
pathway was enriched in a subpopulation of BC07 patient tumor 
cells. ERBB signaling was predominantly manifested by the ERBB2 
gene in the HER2+ subtype, not in TNBC. The BC07 patient had 

Fig. 1. Hierarchical clustering for 515 single cells and 4,269 genes.
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Fig. 2. Breast cancer marker gene expression in bulk RNA sequencing (RNA-seq) and single-cell RNA-seq. (A) Breast cancer marker gene 
expression pattern in bulk RNA-seq (red, ERBB2; green, ESR1; and blue, PGR). (B) ERBB pathway activation marker gene expression pattern in 
selected cells (red, CBLB; green, ERBB2; blue, PIK3CB; and purple, RAF1). ER, estrogen receptor; HER2, human epidermal growth factor receptor 2; 
TNBC, triple-negative breast cancer.

a heterogeneous intratumor expression pattern regarding the 
HER2+ and TNBC type. 

ERBB signaling pathway activation cells in TNBC 
To validate HER2+ pathway activated TNBC for the breast cancer 
subtype, marker gene expression was evaluated with bulk RNA-seq 
and single cell RNA-seq data. Three subtyping marker genes 
(ERBB2, ESR1, and PGR) were selected [5]. In the bulk RNA-seq 
data, BC07 showed low expression for ERBB2, ESR1, and PGR 
(Fig. 2A). In the scRNA data, ERBB2 expression in HER2+ likely 
cells from BC07 was lower than in other HER2+ subtype patients 
(2.2e16) and not higher than the other TNBC patients (p > 0.01) 
(Fig. 2B). The subtyping marker gene expression pattern in the 
bulk RNA-seq and scRNA data looked like that of the TNBC sub-

type. However, ERBB pathway regulators (PIK3CB and RAF1) 
were highly expressed in HER2+ likely cells. PIK3CB and RAF1 
have been reported to be ERBB signaling pathway regulators and 
activators in cancer [6,7]. The expression of PIK3CN and RAF1 
was increased in HER2+ likely cells and activated (p < 0.01). This 
result shows that the ERBB signaling pathway was activated in the 
TNBC subtype but that the mechanism was different from the 
HER+ subtype.  

Discussion 

In conclusion, this result shows that ERBB signaling in TNBC is 
activated using an indirect route. Finally, the ERBB signaling path-
way was activated in TNBC. Our data propose a different view on 
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breast cancer subtypes, which clarifies much confusion in this field 
and contributes to precision medicine. Hence, further insights into 
the biology of ERBB activation TNBC should be forthcoming 
through additional studies. 
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To identify miRNA-mRNA interaction pairs associated with binary phenotypes, we propose a 
hierarchical structural component model for miRNA-mRNA integration (HisCoM-mimi). In-
formation on known mRNA targets provided by TargetScan is used to perform His-
CoM-mimi. However, multiple databases can be used to find miRNA-mRNA signatures with 
known biological information through different algorithms. To take these additional data-
bases into account, we present our advanced application software for HisCoM-mimi for bi-
nary phenotypes. The proposed HisCoM-mimi supports both TargetScan and miRTarBase, 
which provides manually-verified information initially gathered by text-mining the litera-
ture. By integrating information from miRTarBase into HisCoM-mimi, a broad range of tar-
get information derived from the research literature can be analyzed. Another improvement 
of the new HisCoM-mimi approach is the inclusion of updated algorithms to provide the 
lasso and elastic-net penalties for users who want to fit a model with a smaller number of 
selected miRNAs and mRNAs. We expect that our HisCoM-mimi software will make ad-
vanced methods accessible to researchers who want to identify miRNA-mRNA interaction 
pairs related with binary phenotypes. 

Keywords: integration analysis, miRNA, miRNA database, mRNA
Availability: HisCoM-mimi is available at http://statgen.snu.ac.kr/software/hiscom-mimi/.

HisCoM-mimi: software for hierarchical 
structural component analysis for 
miRNA-mRNA integration model for 
binary phenotypes 
Yongkang Kim1, Taesung Park1,2*

1Department of Statistics, Seoul National University, Seoul 08826, Korea 
2Interdisciplinary Program in Bioinformatics, Seoul National University, Seoul 08826, Korea 

Introduction 

miRNA is a well-known form of noncoding RNA that affects biological mechanisms by 
regulating the expression of target mRNA. Many researchers have found that cancer 
cells and normal cells exhibit different inhibition mechanisms, suggesting that miRNAs 
could be used as biological markers for the diagnosis of cancer [1-3]. In our previous 
study, we presented a hierarchical structural component model (HisCoM-mimi) to find 
the miRNA-mRNA interaction pairs associated with binary phenotypes that could be 
candidates for cancer diagnosis biomarkers with an interpretable biological inhibition 
mechanism. Recently, many findings regarding the target mRNAs of miRNAs have been 
incorporated into various databases. TargetScan is one such database with recently up-
dated findings [4]. The basic principle used by TargetScan to predict the mRNAs that 
miRNAs target for inhibition is to compare the sequences of untranslated mRNA re-
gions to those of miRNAs [5]. However, many studies have shown that miRNAs select 
their target mRNAs based not only on the similarity of sequences, but also on other 
structural findings [6]. Thus, miRNA-mRNA integration analysis requires experimental 
confirmation of which mRNAs are truly inactivated by miRNAs. MiRTarBase is a data-
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base that collects experimental findings [6]. In our previous 
study, we only used TargetScan to find pairs of miRNA-mRNA 
relationships [7]. To enable researchers to utilize more flexibly in-
formation regarding the target mRNAs inhibited by miRNAs, we 
added miRTarBase database information to our software. 

Implementation 

Fig. 1 shows the hierarchical structural component analysis work-

flow for the HisCoM-mimi application, which requires miRNA and 
mRNA expression datasets and additional files (phenotype and co-
variates). The program now accepts two formats (miRNA and 
mRNA CEL files or an Excel-type expression dataset). 

Next, miRNA-mRNA networks are constructed by combining 
the miRNA database information and correlation coefficients com-
puted based on the user-entered datasets. Users can select an miR-
NA database in three ways: TargetScan results, miRTarBase results, 
and the intersection of both databases. The user can define the fil-

Fig. 1. Workflow of HisCoM-mimi. The hierarchical structural component analysis workflow for the HisCoM-mimi application is shown. 
HisCoM-mimi first constructs an mRNA-miRNA network that connects negatively correlated miRNAs and target mRNAs. It then estimates 
the model parameters by maximizing the objective function via the alternating least square method with double-penalty functions for the 
coefficients. HisCoM-mimi, hierarchical structural component model for miRNA-mRNA integration.

https://doi.org/10.5808/GI.2019.17.1.e102 / 3
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tering network criteria by two options: (1) the choice of the data-
bases and (2) a p-value threshold for the correlation coefficients 
between miRNAs and mRNAs. 

After constructing an mRNA-miRNA integration set, His-
CoM-mimi can be performed. HisCoM-mimi can accommodate 
not only the ridge penalty, but also the lasso and elastic-net penal-
ties, which result in reduced computing time and a smaller number 
of nonzero coefficients [8,9]. A cross-validation procedure is neces-
sary to find the optimal penalties that maximize the log likelihood 
of the validation set [7]. 

Conclusion 

In this paper, we introduced our HisCoM-mimi software for miR-
NA-mRNA integration analysis. The current HisCoM-mimi appli-
cation can use both the TargetScan and miRTarBase databases. 
Furthermore, in addition to the ridge penalty, HisCoM-mimi can 
accommodate lasso and elastic-net penalties. 
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genomics or informatics. Only manuscripts written in English 
under the Genomics & Informatics author guidelines are accepted. 
Genomics & Informatics follows the open access journal policy. All 
of the content of Genomics & Informatics is freely available online. 
Digital files can be read, downloaded, and printed without charge.

Manuscripts for submission to Genomics & Informatics should 
be prepared according to the following instructions. Genomics 
& Informatics follows the Recommendations for the Conduct, 
Reporting, Editing, and Publication of Scholarly Work in Medical 
Journals (http://www.icmje.org) from ICMJE and Principles 
of Transparency and Best Practice in Scholarly Publishing (joint 
statement by COPE, DOAJ, WAME, and OASPA; (http://doaj.
org/bestpractice) if otherwise not described below.

Research and publication ethics

For the policies on research and publication ethics that are not 
stated in these instructions, the Good Publication Practice 
Guidelines for Medical Journals (http://kamje.or.kr/intro.
php?body=publishing_ethics) and the Guidelines on Good 
Publication(http://publicationethics.org/resources/guidelines) 
can be applied. The Editor-in-Chief reserves the right to reject 
manuscripts that do not comply with the below requirements. 
The author will be held responsible for false statements or failure 
to fulfill the below requirements.

Statement of Informed Consent
Copies of written informed consent and Institutional Review 

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

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

Authorship
Authorship credit should be based on 1) substantial 

contributions to conception and design, acquisition of data, and/
or analysis and interpretation of data; 2) drafting the article or 
revising it critically for important intellectual content; 3) final 
approval of the version to be published; and 4) agreement to be 
accountable for all aspects of the work in ensuring that questions 
related to the accuracy or integrity of any part of the work are 
appropriately investigated and resolved. Every author should 
meet all of these four conditions. After the initial submission of 
a manuscript, any changes whatsoever in authorship (adding 
author(s), deleting author(s), or re-arranging the order of authors) 
must be explained by a letter to the editor from the authors 
concerned. This letter must be signed by all authors of the paper. 
Copyright assignment must also be completed by every author.

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

Enacted January 2003
Recently revised January 9, 2019

Instructions for authors



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

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

Originality and Duplicate Publication
No part of the accepted manuscript should be duplicated in any 
other scientific journal without the permission of the Editorial 
Board. If duplicate publication or plagiarism related to the papers 
of this journal is detected, the authors will be announced in the 
journal, their institutes will be informed, and the authors will be 
penalized. All submitted manuscripts are screened by CrossCheck 
(Similarity Check), a plagiarism detection program provided by 
iThenticate. The authors assure that no substantial part of the work 
has been published or is being considered for publication elsewhere. 
When any of the results is to appear in another journal, details must 
be submitted to the Editor-in-Chief, together with a copy of the 
other paper(s) and the expected date(s) of publication.

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

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

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

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

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

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

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

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

Preparation of manuscripts

General requirement
Authors are recommended to keep the length of papers below 10 
printed pages (30 typed pages of manuscript, including figures 
and tables) for original articles, four printed pages for research 
communications, and two printed pages (approximately 1,400 
words or 1,000 words plus one figure) for application notes. All 
sections of the typescript should be double-spaced on one side 
of A4 paper (210 × 297 mm), and all pages must be numbered in 
order.

Manuscript type
Original articles
Original research articles are full scientific reports of original 
research. The manuscript should be organized as follows: Title 
Page, Abstract & Keywords, Introduction, Methods, Results, 



Discussion, Acknowledgments, References, Tables, and Figure 
Legends. The Results and Discussion can be combined. 

Application notes
Application notes are short communications about novel 
software, new algorithm implementations, databases, and network 
services (web servers and interfaces). The manuscripts include 
the following: Title Page, Abstract & Keywords, Availability, 
Introduction, Main Text, References, and Supplementary 
Information.

Clinical genomics
Clinical genomics is for a short report of all kinds of genome 
analysis data from clinical fields, such as cancer, diverse complex 
diseases, and genetic diseases. Especially, Genomics & Informatics 
would encourage submitting cancer panel analysis data for a 
single cancer patient or a group of patients. Genomics & Informatics 
also would encourage depositing genome data into the Genomics 
& Informatics database. The manuscript should be organized as 
follows: Title Page, Abstract & Keywords, Introduction, Methods, 
Results, Discussion, Acknowledgments, References, Tables, 
and Figure Legends. The Introduction, Methods, Results, and 
Discussion can be combined.

Genome archives
Genome Archives is for a short manuscript announcing the 
genetic information of recently sequenced prokaryotic and 
eukaryotic genomes. Genomics & Informatics would encourage 
depositing the genome data into the Genomics & Informatics 
database. These genome archive data can make the rationale 
for sequencing a specific organism. The manuscript should 
be organized as follows: Title Page, Abstract & Keywords, 
Introduction, Methods, Results, Discussion, Acknowledgments, 
References, Tables, and Figure Legends. The Introduction, 
Methods, Results, and Discussion can be combined.

Letters to the editor
Critical comments are welcomed for correcting errors of 
published facts and for providing alternative interpretations 
of published data. The sequence for a Letter to the Editor is 
the following: Title Page, Text, References, and Names and 
Affiliations of Authors. If needed, tables and figures can be 
included. A Letter to the Editor should not be longer than a 
printed page.

Review articles
Review Articles are usually solicited by the Editor-in-Chief. 

Authors wishing to prepare a review article should contact the 
Editor-in-Chief to discuss the suitability of the subject for the 
journal. There is no specific requirement for subsections of the 
body text of the paper.

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.

Machine readability:
Genomics & Informatics articles can be accessed programmatically 



through PubMed Central or Europe PMC's RESTful Web Service 
(https://europepmc.org/RestfulWebService). For inquiries, please 
contact editorial office, as below:

Article processing charge

Neither page charge, article processing fee nor submission fee will 
be applied since 2019. It is the platinum open access journal 

Contact address
Editorial office

Rm.1011, The Korea Science & Technology Center, 22, 
Teheran-ro, 7-gil, Gangnam-gu, Seoul, 06130, Korea
Tel: +82-2-558-9394
Fax: +82-2-558-9434
E-mail: kogo3@kogo.or.kr

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?
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