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This issue contains one review article, 12 original articles, one application note, and two
opinions. In this editorial, I would like to focus on three articles about genetic association
studies. The first article, by Wonil Chung (Soongsil University, Korea), provides a good
review of statistical models and computational tools for predicting complex traits and diseases. The author focused on utilizing large-sample public biobanks to perform accurate
polygenic predictions based on genetic variants across the whole genome based on polygenic risk scores (PRS). The authors reviewed various statistical methodologies and diverse computational tools that have been developed to estimate PRS more accurately
from genome-wide association studies (GWASs). The author emphasized that the successful utilization of PRS tools requires a thorough understanding of what the underlying
model is and how to specify the parameters to achieve the best performance. I think that
this review is quite informative for researchers working on PRS computation.
Next, an original article by Young Jin Kim’s group at National Institute of Health, Korea
also presents a large-scale GWAS. The Division of Genome Science, Department of Precision Medicine, National Institute of Health of Korea, with which the authors are affiliated, has been in charge of the Korean Genome Epidemiology Study (KoGES) since 2001
[1]. KoGES is a cohort study focusing on the prevention of major chronic diseases such
as type 2 diabetes (T2D) and hypertension. The Korea Biobank Array (KBA) was recently developed for genomic studies in the Korean population. The optimized KBA
comprises approximately 830K variants [2]. Using 125,850 samples from a Korean population genotyped by the KBA, the authors validated known associations with T2D and
related metabolic traits. To the best of my knowledge, this is one of the largest GWASs for
T2D in Korean population. The authors considered the imputed datasets available in the
KBA genomic data, publicly available East-Asian T2D summary statistics, and the linkage
disequilibrium among the variants. The authors identified 1,837 statistically significant (p
< 0.05) variants. Although the 0.05 threshold is relatively non-stringent, the identified
variants can be used for valuable scientific evidence in future study designs, evaluations of
the current power of GWASs, and future applications in precision medicine for the Korean population.
Next, an original article by Jong-Keuk Lee’s group at the Asan Institute for Life Sciences, Asan Medical Center, Seoul, Korea presents a genetic study identifying rare coding
variants associated with Kawasaki disease (KD) by whole-exome sequencing. Although
previous GWASs have successfully identified common variants associated with KD, this
study is the first to focus on rare variants of KD in the Korean population. The authors
identified five rare coding variants associated with KD, which I think will provide insights
into new candidate genes and genetic variants potentially involved in the development of
KD.
So far, I have provided comments on three articles about genetic association studies.
1/2
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The first review article provided the most up-to-date review on
PRS. The second article presented novel variants for T2D from
the largest GWAS in Korea. The third article summarized rare
variants for KD identified by whole-exome sequencing. I think
that both common variants and rare variants are informative for a
disease. In addition to the identification of variants relevant to the
disease of interest, it is also important to make accurate predictions
based on these genetic variants for the prevention or personalized
treatment of a disease (e.g., T2D or KD). I hope that the variants
reported in these two original articles can be further utilized to develop PRS for these diseases in the Korean population.
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Predicting individual traits and diseases from genetic variants is critical to fulfilling the
promise of personalized medicine. The genetic variants from genome-wide association
studies (GWAS), including variants well below GWAS significance, can be aggregated into
highly significant predictions across a wide range of complex traits and diseases. The recent arrival of large-sample public biobanks enables highly accurate polygenic predictions
based on genetic variants across the whole genome. Various statistical methodologies and
diverse computational tools have been introduced and developed to computed the polygenic risk score (PRS) more accurately. However, many researchers utilize PRS tools without
a thorough understanding of the underlying model and how to specify the parameters for
the best performance. It is advantageous to study the statistical models implemented in
computational tools for PRS estimation and the formulas of parameters to be specified.
Here, we review a variety of recent statistical methodologies and computational tools for
PRS computation.
Keywords: computational tools, polygenic risk score, PRS models
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Accurately predicting complex traits and diseases (e.g., type 2 diabetes, cancer, and asthma) based on an individual’s genetic variants is crucial for effective disease prevention
and personalized treatment [1-8]. The genetic architecture of many diseases contains a
substantial polygenic component, meaning that thousands of variants with small effects
contribute to disease risk. This limited the predictive ability of genetic variants in early
studies based on significant associations from genome-wide association studies (GWAS).
However, genetic variants—mostly single-nucleotide polymorphisms (SNPs)—from
GWAS, including variants well below genome-wide significance, can be aggregated into
highly significant predictions of phenotypes across a wide range of complex traits and
diseases. With the recent arrival of public biobanks with 500K–1M samples, highly accurate polygenic prediction is poised to become a reality [9]. The emergence of highly accurate polygenic prediction has led to the revitalization of the polygenic risk score (PRS),
which is the score for predicting a trait and disease risk, calculated as the weighted sum of
risk alleles with predicted weights computed by coefficients from GWAS.
For accurate PRS estimation, various statistical methodologies have been proposed
and diverse computational tools have been developed, such as PLINK (https://zzz.bwh.
harvard.edu/plink/) [10], GCTA (Genome-wide Complex Trait Analysis, https://
cnsgenomics.com/software/gcta/) [11], and LDpred (https://github.com/bvilhjal/ld1 / 11
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pred) [12]. These PRS tools have been widely adopted for genetic
risk prediction in practice due to their easy usability with a proper
theoretical basis. These tools compute the PRS using various data
types, including the individual-level genotype as well as summary-level data on the basis of multiple regression, linear mixed models (LMMs), and Bayesian models. Despite the popularity of PRS
tools, many researchers have utilized them without a thorough understanding of the underlying model and how to specify the parameters for the best performance. To achieve better prediction, it
is advantageous to study the statistical models implemented in
computational tools for PRS estimation and the mathematical formula of parameters to be specified. A deep understanding of the
underlying statistical models in PRS software and a comparison of
their advantages and disadvantages will help researchers to find an
appropriate PRS tool for themselves.
Here, we review various statistical methodologies and computational tools for PRS computation. First, we review summary-based
PRS methods with a few published SNPs or whole SNPs from
large-sample GWAS using PLINK [10] and LDpred [12], with
two main considerations: non-infinitesimal genetic architecture
and the linkage disequilibrium (LD) structure of the genotype
data. Second, we review traditional best linear unbiased prediction
(BLUP)-based prediction with individual-level genotypes using genomic BLUP (GBLUP) [13] and summary-level data using summary statistics BLUP (SBLUP) [14]. Third, we review Bayesian
multiple regression (BMR)-based prediction with individual-level
data using BayesR [15,16] and summary-level data using summary

statistics BayesR (SBayesR) [17]. Fourth, we review penalized regression-based approaches using the least absolute shrinkage and
selection operator (lasso) [18,19], the elastic net [20], and lassosum (https://github.com/tshmak/lassosum/) [21]. Fifth, we review statistical methods for jointly analyzing multiple phenotypes
to further improve prediction accuracy using multi-trait GBLUP
(MTGBLUP, https://github.com/uqrmaie1/mtgblup) [16],
weighted multi-trait SBLUP (wMT-SBLUP, https://github.com/
uqrmaie1/smtpred) [22], and cross-trait penalized regression
(CTPR, http://lianglab.rc.fas.harvard.edu/CTPR/) [23]. Finally,
we review multi-ethnic approaches to incorporate information
from multiple populations using XP-BLUP (https://github.com/
tanglab/XP-BLUP) [24], multi-ethnic PRS [25], and multi-ancestry PRS [26]. We conclude with a discussion of statistical models
and computational tools that require further work on improving
the accuracy of PRS prediction. Table 1 presents a list of the PRS
methods reviewed in this paper, along with their underlying statistical models, computational tools, and required data.

Polygenic Risk Prediction
A study of schizophrenia showed that the PRS achieved significantly better prediction in validation samples than a random model , and far more accurate prediction than was possible using single
GWAS loci [27]. This study describes an early demonstration of
the importance and advantages of the PRS for the prediction of
disease risk [28].

Table 1. List of PRS methods, underlying statistical models, computational tools, and required data
Trait/Ethnicity
Single trait, single ethnicity

Multiple traits, single ethnicity

Single trait, multiple ethnicities

Method
PRS
LDpred
GBLUP
SBLUP
BayesR
SBayesR
Penalized Regression
Lassosum
MTGBLUP
wMT-SBLUP
CTPR
XP-BLUP
Multi-ethnic PRS
Multi-ancestry PRS

Statistical model
Linear model
Bayesian model
LMM
LMM
Bayesian model
Bayesian model
Penalized regression
Penalized regression
Multivariate LMM
Multivariate LMM
Multivariate penalized regression
Two-component LMM
Linear mixture approaches
Linear mixture approaches

Computational tool
PLINK, PRSice, PRSice-2
LDpred, LDpred-2
GCTA
GCTA
GCTB
GCTB
glmnet
lassosum
MTG
wMT-SBLUP
CTPR
XP-BLUP
multi-ethnic PRS
multi-ancestry PRS

Required data
Summary data
Summary data
Individual data
Summary data
Individual data
Summary data
Individual data
Summary data
Individual data
Summary data
Individual data
Individual data
Summary data
Summary data

PRS, polygenic risk score; GBLUP, genomic BLUP; LMM, linear mixed model; GCTA, Genome-wide Complex Trait Analysis; SBLUP, statistics BLUP; GCTB,Genomewide Complex Trait Bayesian Analysis; MTGBLUP, multi-trait GBLUP; wMT-SBLUP, weighted multi-trait SBLUP; CTPR, cross-trait penalized regression.
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Use of a few published SNPs
Let βj denote the effect size for the published SNP j (i.e., a GWASsignificant SNP from previous GWAS studies), xij denote the genotype for SNP j of individual i, and yi denote the phenotype of individual i. The predicted phenotype for individual i can be simply
computed as ŷl = ∑jβ̂jxij, which is defined as the PRS. For a continuous trait (e.g., height, weight, and body mass index [BMI]), the
PRS is evaluated by the prediction R2, which is defined as the
square of the correlation between the true and predicted phenotypic values. For a case-control trait (e.g., type 2 diabetes or cancer),
the PRS is evaluated by the area under the curve (AUC) [29],
pseudo-R2, and R2 on the liability scale [30]. The prediction R2 is
bounded by the heritability explained by GWAS-significant SNPs
(hGWAS2), the maximum proportion of phenotypic variance explained by a linear combination of those SNPs, because hGWAS2 is the
theoretical limit of prediction R2 with GWAS-significant SNPs
[31,32].
The prediction R2 of published SNPs depends on the genetic architecture of the phenotypes. Under an infinitesimal genetic architecture, all SNPs are causal with relatively small effect size, and
thus the associated SNPs identified by GWAS studies explain a
small amount of genetic variance, achieving poor prediction R2.
For example, the narrow-sense heritability (h2) for BMI is h2 = 0.40.6, but the heritability explained by GWAS-significant SNPs with
> 300K samples yields hGWAS2 = 0.027, meaning a prediction R2 of
0.027 at most [2,33]. Instead, under a non-infinitesimal genetic architecture, only a subset of SNPs has moderate to large effects
whereas most SNPs have zero effects; thus, the associated SNPs
identified by GWAS studies explain more genetic variance, yielding higher prediction R2. For example, the narrow-sense heritability of type 1 diabetes is estimated as h2 = 0.9, but the heritability explained by GWAS-significant SNPs is hGWAS2 = 0.6, meaning that
the published SNPs will achieve a prediction R2 of 0.6 at most
[2,34].
Use of all SNPs from GWAS studies
Polygenic risk prediction can be performed using all SNPs from
GWAS studies, not only GWAS-significant SNPs. The PRS can be
estimated as ŷl = ∑j β̂ j xij which utilizes both GWAS-significant and
non-significant SNPs. That is, the SNPs are not required to be
GWAS-significant. The prediction R2 is bounded by the heritability explained by the genotyped SNPs (hg2), the maximum proportion of phenotypic variance explained by a linear combination of
genotyped SNPs. This is explained by the fact that the expected
value of prediction R2 is E[R 2] ≈ hg2 /[1 +M/hg2N], where M is the
total number of SNPs and N is the number of individuals [31,32].

https://doi.org/10.5808/gi.21053

Thus, hg2 is the theoretical limit of polygenic prediction in largescale GWAS studies.
In order to utilize all SNPs to compute the PRS, there are two
main considerations: (1) the non-infinitesimal genetic architecture of the phenotype, and (2) the LD structure of the genotype
data. That is, ŷl = ∑j β̂ j x ij does not account for a non-infinitesimal
genetic architecture and LD structure since all SNPs are utilized to
compute the PRS and those SNPs are assumed to be independent
in the model. The standard heuristic approach for a non-infinitesimal architecture is p-value thresholding (P < PT), which only considers SNPs with a p-value (P) less than the threshold (PT). The
best PT threshold is selected when the threshold achieves the best
prediction accuracy in validation samples. In the absence of an independent validation sample, the data can be divided into training
and validation data sets, and threshold selection process is repeated with different partitions of the samples by performing k-fold
cross-validation. The standard heuristic approach to account for
LD structure is LD pruning and LD clumping. LD pruning randomly removes one of each pair of linked SNPs based on the genotypic correlation (r2), while LD clumping removes SNPs with
less significant p-values for the phenotype among pairs of linked
SNPs. Both pruning approaches also require optimization of the
best r2 threshold in validation samples. p-value thresholding and
LD-pruning are widely used for PRS computation, but these approaches do not achieve maximum prediction accuracy.

PRS tools
Popular genetic tools, such as PLINK [10], PRSice (https://www.
prsice.info/) [35], and PRSice-2 [36], are utilized to estimate PRS
with a few published SNPs or all SNPs from GWAS studies. The
PLINK is not originally designed for PRS computation, but every
required procedure of the C+T (LD clumping + p-value thresholding) approach can be performed with PLINK. It requires the
summary statistics from GWAS studies as well as phenotype, covariate, and genotype data from target samples after a quality control procedure. To account for the LD structure, LD clumping is
performed using the PLINK options (e.g., --clump-r2 0.1 --clumpkb 250) to form clumps of all SNPs that are within a certain distance (in kilobases [kb]) from the index SNPs (e.g., 250 kb) and
that are in LD with the index SNP based on the r2 threshold (i.e., r2
< 0.1). For p-value thresholding, the SNPs are generated with
p-values less than a provided threshold (PT) and then candidate
PRSs corresponding to the thresholds are created with the PLINK
options (e.g., --score, --q-score). The best PRS is selected among
candidate PRSs computed at a range of p-value thresholds based
on the prediction R2. For the automation of the C+T approach in
3 / 11
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PLINK, we can utilize PRSice and PRSice-2, which are options in
R software for computing and evaluating the PRS. PRSice and
PRSice-2 are popular PRS tools and constitute efficient and scalable software for automating and simplifying PRS computation on
large-scale GWAS data. They handle imputed data as well as genotyped data and simultaneously evaluate a large number of continuous and binary phenotypes. Similar to PLINK, they require summary data as well as phenotype, covariate, and genotype data for
the target samples. They automate the procedure of the standard
C+T method, which utilizes PLINK options for PRS analysis.

Gaussian infinitesimal prior, the posterior mean effect size is deM
rived as E (βj |β̂ j) =[D+ 2 I]-1β̂ j where D is an LD matrix (M× M)
Nh g
that needs to be estimated by the LD in a reference panel (LD-

LD-Based Prediction

– ( β̂ –Dβ) D
f(βj |β̂ j) = f(βj)e		
2

A critical issue in estimating the PRS is the LD structure between
SNPs, which has been heuristically addressed by LD pruning and
LD clumping. Recently, LDpred was developed as a more sophisticated method that also utilizes summary statistics [12]. It has
been shown that modeling LD using an LD reference panel and
estimating the posterior mean of effect size can improve prediction
accuracy [28].

LDpred
LDpred is an LD matrix and summary statistics–based Bayesian
method for polygenic prediction, which is a popular tool for deriving the PRS [12]. It computes posterior means under a point-normal prior, accounting for LD information. The PRS is computed
by ŷl = ∑j E(βj | β̂ j)xij, where ŷl is the predicted phenotype for sample
i, βj is the effect size for SNP j, xij is the genotype for sample i and
SNP j, and E(βj | β̂ j) is the posterior mean effect size for SNP j.
In the special case of no LD between SNPs, the posterior mean
can be computed analytically. Under a Gaussian infinitesimal prih g2
), the posterior mean effect size is derived as
M
h g2
E(βj | β̂ j) =
β̂ j , where β̂ j ~βj + Єj , Єj ~N (0, 1 ), which
2
N
h g+Mp/N

or, βj~N (0,

can be interpreted as uniform shrinking of the estimated effect
size for SNP j, β̂ j. Under a Gaussian non-infinitesimal prior, βj~N
(0,

h g2
)with probability p, and βj~0 with probability 1-p, where p
Mp

is the proportion of causal SNPs. The posterior mean effect size is
estimated as E (βj | β̂ j) =

h g2
p–j β̂ j where p–j is posterior probh g2+Mp/N

ability that the jth SNP is causal, which can be interpreted as
non-uniform shrinking of the estimated effect size β̂ j .
In the case of LD between SNPs, the posterior means can be
computed analytically only with an infinitesimal prior. Under a
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pred-inf). LDpred-inf is a natural extension of the GBLUP to summary statistics. Under a Gaussian non-infinitesimal prior, posterior
means cannot be computed analytically but they can be computed
with Markov-chain Monte Carlo Gibbs samplers. First, βj values are
initialized based on an infinitesimal prior with LD (LDpred-inf).
At each iteration, βj values are is resampled from , βj~N (Dβ, D/N),
N

j

T

-1

( β̂j–Dβ) ,

where f(βj) reflects the point-

normal prior (based on h g2 and p). Generally, 100 big iterations suffice for convergence, and the posterior means are averaged to estimate β̂j. The PRS is computed based on the estimated posterior
means of the SNP effects and genotype data from the target dataset.

LDpred software
The procedure for computing the PRS using LDpred consists of
three steps: (1) synchronizing the genotype and summary data,
(2) generating LDpred SNP weights, and (3) generating the individual PRS. The first step synchronizes genotype and summary
statistics and then generates the coordinated genotype data with
the ‘ldpred coord’ command. It requires one genotype file (LD reference) with at least 1,000 individuals of the same ancestry as the
individuals for summary statistics. The second step generates an
LD information file with a pre-specified LD radius and re-weights
the SNP effects with the ‘ldpred gibbs’ command. One LD information file is created with a pre-specified LD radius, but several
SNP weight files are generated corresponding to the different values of p (the proportion of causal SNPs). The third step computes
the PRS for individuals in the target dataset with the ‘ldpred score’
command. Separate PRS files are generated corresponding to the
different values of p. Additionally, LDpred provides a pruning and
thresholding option as an alternative method with the ‘ldpred p+t’
command. This option often yields better prediction results than
the original LDpred when the sample size of LD reference panel is
not big enough.
The construction of a genome-wide PRS using LDpred requires
summary statistics from existing large-scale GWAS studies (e.g.,
the UK Biobank [37-39], DIAGRAM [40]) and an LD reference
panel (e.g., the 1000 Genomes project) [41]. A set of candidate
PRSs is computed with ranging causal fractions ranging from
0.001 to 1 with p-value thresholding and LD pruning. A range of
p-values and pairwise correlations in the LD reference panel are
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used to include the significantly-associated SNPs for each LDbased clump across the genome with various thresholds [9]. The
candidate PRSs are calculated in a validation dataset by multiplying the genotype dosage for each variant by its corresponding
weight and summing across all SNPs. The optimal model is selected based on the maximal AUC computed in a validation dataset,
and the PRS in the target dataset is then computed. The association between the computed PRS and the target traits is evaluated
using linear regression (for a continuous trait) or logistic regression (for a binary trait) with adjustment for covariates (e.g., age,
sex, and genotype PCs). The inclusion of such covariates generally
leads to more accurate estimates of the PRS and increases the prediction accuracy, but makes it difficult to quantify the exact genetic
effects on the target trait. Thus, reporting PRS results with and
without important covariates is recommended.
Recently, LDpred-2, a new version of LDpred, was developed to
improve predictive performance compared to LDpred [42]. It
provides two new options: (1) the ‘sparse’ option, which can make
SNP effects exactly 0; and (2) the ‘auto’ option, which learns the
tuning parameter p, which is the proportion of causal SNPs, directly from the dataset. LDpred-2 was implemented in the R package
‘bigsnp’.

BLUP-Based Prediction
An alternative to summary-based approaches is to fit the effect sizes of all SNPs simultaneously using BLUP models, which is a more
traditional approach for computing the PRS. Fitting all SNPs simultaneously is more appropriate than summary-based approaches, producing more accurate predictors.

GBLUP
GBLUP methods utilize individual-level GWAS data, not summary statistics, to estimate SNP effects using LMMs. The GBLUP
model is y = Xβ+g+e, where y is a vector of phenotypes (N × 1), X
is a matrix of covariates excluding the SNPs (N × C), β is a vector
of covariate effects (C × 1) and g is a vector of random genetic effects for all individuals with g~N(0, σg2A) (N × 1) (A is a N × N genetic related matrix [GRM]) and e is a vector of random errors
with e~N(0, σ e2 I) (N × 1). The genetic values (i.e., individual
BLUP) are estimated as ĝ = E(g | y) = σ g2A(σ g2A+σ g2I)-1 (y-Xβ), requiring the computation of the inverse of N × N matrix. A GBLUP
model can be transformed to a ridge regression BLUP model (RRBLUP) [43,44], which is y = Xβ+Wu+e, where W is a matrix of
standardized genotypes (N × M) and u is a vector of random SNP
effects with u~N(0, σ u2 I) (M × 1). The SNP effects (i.e., SNP
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BLUP) are estimated as û = E(u|ĝ) = WTA-1ĝ/M, requiring GRM
A and individual BLUP ĝ from GBLUP models. The individual
BLUP in target samples is computed as ĝnew = Wnewû, where Wnew is
a matrix of standardized genotypes in the target dataset, û is a vector of SNP effects computed from the training dataset, and ĝnew is
considered as the PRS for the target dataset.

SBLUP
The GBLUP models require individual-level genotype and phenotype data for training, but this is not always possible. Instead, summary SBLUP models can be utilized by approximating individual-level genotype and phenotype data using summary statistics
and a reference panel [14]. The SBLUP model is similar to the
LDpred model, but it only considers the infinitesimal case, which
corresponds to the LDpred-Inf model. The SNP effects (i.e., SNP
BLUP) in the RRBLUP model are re-written as û = (WTW+λI)–1
σ2
WTy with λ = e2 . The SBLUP model approximates the covariance
σu
matrix of genotypes in the training data by genotype data from a
nt
reference panel as E(WTW) = VTV * ( ) = B, where V is a matrix
nr
of standardized genotypes from the reference panel, and nt and nr
are the sample sizes for the training and reference samples, respectively. This assumes the similarity of allele frequencies and LD
structure between training and reference samples. It also approximates E(W Ty) = diag(B) β̂, where β̂ is the least square estimate
(LSE) for SNP effects, which are estimated using summary statistics. The SNP effects in the RRBLUP are finally written as
nt
û = (B+λI)–1diag(B) β̂, where B = V TV*( ). The heritability is
n
r
2
2 Mσu
2
computed as h g = 2 , where σp is the phenotypic variance (~1
σp
due to standardization of the genotype data in the training data);
1
thus, we have λ = M( 2 –1). The individual BLUPs in the target
hg
samples are computed as ĝnew = Wnewû, which is the same as those in
the GBLUP models.
GCTA software
GCTA software was initially designed to estimate SNP-based heritability and has been extended for many other genetic analyses including GBLUP and SBLUP. For GBLUP analysis, the GRM (A)
is first estimated from the training genotype data with the ‘--makegrm’ option, and then the individual BLUP (ĝ) is computed from
the estimated GRM and the training phenotype data with the
‘--reml-pred-rand’ option. The SNP BLUP (û) is transformed from
5 / 11
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the output of the individual BLUP (ĝ) with the ‘--blup-snp’ option
and used to predict the PRS of individuals in independent validation data with the PLINK option ‘--score’. For SBLUP analysis, the
SNP BLUP (û) is computed from the GWAS summary data and
LD reference data, as well as the pre-specified input parameter (λ)
with the ‘--bfile’, ‘--cojo-file’ and ‘--cojo-sblup’ options. The PRS of
individuals in validation data is computed using PLINK, which is
the same as in GBLUP models.

BMR-Based Prediction
BMR methods extend the standard LMM by including an alternative prior for SNP effects, further improving prediction accuracy
[14,15,17].

BayesR
The BMR model, BayesR [15,16] assumes that the phenotype is
related to set of SNPs under a multiple linear regression model:
y = Xβ+e where y is a vector of centered phenotypes (N × 1), X is a
matrix of standardized genotypes (N × M), β is a vector of SNP effects (M × 1) and e is a vector of random errors with e~N(0,σe2 I)
(N × 1). It also assumes the SNP effects result from a finite normal
mixture of C components, so that the prior for β becomes P(βj
|π,σβ2) = ∑cc =1π c N(βj |0,σβ2c), where N (βj |0,σβ2c) denotes the normal
density with mean 0 and variance σ β2c and π = (π1,…,πC) and σ β2
= (σβ21 ,…, σβ2C). The posterior for β is P(βj |π, σβ2 ,σe2 )∝P(βj |π, σβ2)
P(π)P(σ β2 )P(σ e2 ) and β is sampled using the Gibbs sampling
scheme. The posterior mean for SNP effects (E(βj |π, σβ2,σe2)) from
the BayesR method is used as the estimated SNP effect, and the
PRS of validation samples is computed using the estimated SNP
effects and validation genotype data.
SBayesR
The BayesR model with individual-level data was extended to utilize summary statistics from GWAS studies in SBayesR [17]. The
SBayesR model relates estimates of multiple regression coefficients
(β) to estimates of regression coefficients from M simple linear regression (b) by multiplying y = Xβ+e by D-1XT, where D = diag (xT1
x1,…, xMT xM) to result in (D-1XT)y = (D-1XT)Xβ+(D-1XT)e. Noting
that b = D-1XTy is the vector of the least squares marginal regression
1
1
effects estimates and B = D -2 XTXD -2 is the LD correlation matrix
between all SNPs, the multiple regression model is re-written as
1
1
b = D -2 BD -2β+D-1XTe and the following likelihood can be proposed
1
for multiple regression coefficients (β):L(β; b, D, B): = N(b;D -2
1
1
1
BD 2 β, D -2 BD -2 σ e2 ). Due to the unavailability of individual-level
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data, D is replaced by the estimates D̂ = diag(N1, …, NM) thanks to
the standardized SNPs and B is replaced by β̂, an estimate computed from a reference sample of the same ancestry as the samples for
GWAS summary statistics. We assume that the prior for β is P(βj
|π, σ β2 ) = ∑cc =1 πCN(βj |0, γcσ β2 ), where C denotes the pre-specified
maximum number of components in the finite mixture model,
π = (π1,…,πC) and γ = (γ1,…,γC). The default values are C = 4,
γ = (0,0.01,0.1,1). The posterior for β is P(β |b, D, B, π, σ β2 ,σ e2 ) ∝
P(β |D, B, σβ2,σe2) P(b |β, D, B) P(π) P(σβ2) P(σe2). The coefficients, β,
are sampled using the Gibbs sampling approach and the posterior
mean for the SNP effects (E(βj |b, D, B, π, σ β2 ,σ e2 )) from the
SBayesR method is used as the estimated SNP effects.

GCTB software
GCTB (Genome-wide Complex Trait Bayesian Analysis, https://
cnsgenomics.com/software/gctb/) is a software tool that contains
a family of Bayesian LMMs for complex trait analyses using GWAS
SNPs. First of all, GCTB specifies the Bayesian alphabet for the
analysis with the option ‘--bayes’: R for BayesR. The options ‘--pi
0.05’ (a starting value for sampling π) and ‘--hsq 0.5’ (a starting value for sampling σβ2 and σe2 on the basis of SNP-based heritability)
need to be specified. Second, GCTB specifies the summary Bayesian alphabet for the analysis with the option ‘--sbayes’: R for
SbayesR. The full chromosome-wide LD matrices are estimated
using multiple CPUs with the ‘--make-full-ldm’ option, and shrunk
LD matrices are built with the ‘--make-shrunk-ldm’ option.
SBayesR models are conducted with the options ‘--pi 0.95, 0.02,
0.02, 0.01’, ‘--ldm’ (an LD matrix), ‘--gamma 0,0.01,0.1,1’ (a prespecified hyperparameter γ), and ‘--gwas-summary’ (an input file
for GWAS summary statistics).

Penalized Regression-Based Prediction
GBLUP-based methods implicitly assume an infinitesimal genetic
architecture, whereas in reality complex traits or diseases are estimated to have roughly only a few thousand causal SNPs in the genome [45,46]. This fact has provided motivation for efforts to
construct a PRS that accommodates a non-infinitesimal genetic
architecture using penalized regression-based prediction methods.

Lasso and elastic net
Penalized regression methods such as the lasso [18,19], the elastic
net [20], the adaptive lasso [47], or other statistical learning methods [48] have previously been evaluated for genomic risk prediction [49,50]. The traditional linear regression model is y = Xβ+e,
https://doi.org/10.5808/gi.21053
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Multi-Trait Approaches
Recent studies have shown that GWAS of related phenotypes further improve the accuracy of polygenic predictions [23,25,51].
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R packages
The most popular tool for lasso, ridge, and elastic net regression is
‘glmnet’ in R (https://cran.r-project.org/web/packages/glmnet/).
The ‘glmnet’ package fits a generalized linear model via the penalized maximum likelihood approach. It is not originally designed
for GWAS studies, but it is widely used for PRS analyses due to its
computational efficiency. The lassosum is a R package or standalone software for performing lasso or elastic net regression with
summary data and an LD reference panel. The reference panel is
assumed to be in the PLINK format, and the GWAS summary statistics are given as data.frame in R.

σg12

ĝ1

•

Lassosum
The lassosum is a method for computing lasso or elastic net estimates using GWAS summary statistics and an LD reference panel
[21]. The object function for lasso is given by f(β) = (y-Xβ)T(y–
Xβ) +λ||β||1 = yyT–2βTXTy+βTXTXβ+λ||β||1, which is equivalent to
yyT–2βTr+βTRβ+λ||β||1, where r = XTy is the SNP-wise correlation
between the SNPs and the phenotype and R = XTX is the LD matrix, a matrix of correlations between SNPs. The lassosum approximates R by R = (1-s)XTr Xr+sI for some 0 < s < 1 where Xr is matrix
of genotypes from a reference panel and also approximates r by
obtaining publicly available summary statistics. The lassosum constructs PRSs using summary statistics and a reference panel in a
penalized regression setting.

•

of β and λ and α are tuning parameters to be estimated. When
α = 1, f(β) becomes the object function for lasso regression, and
when α = 0, it becomes the object function for ridge regression.
The PRSs in target samples are constructed with the estimated
SNP effects from the lasso or elastic net and genotype data from
the target dataset.

•

β /is the L2 norm

MTGBLUP
In order to utilize multiple traits to improve prediction accuracy,
the RRBLUP and GBLUP methods are extended to the bivariate
ridge regression method [52] and MTGBLUP [13,16,43,44],
which treat genetic effects as random to obtain individual BLUP
and SNP BLUP using one or more genetically correlated traits.
The GBLUP models are readily extended to multiple traits (T
traits): yi = Xiβi+gi+ei = Xiβi+Wiui+ei (i.e. gi = Wiui) where gi~N(0,
σ2giA) and ei~N(0, σ2eiI) for i = 1, …,T. The individual BLUP model
(ĝ1, …, ĝT)T and the SNP BLUP model (û1, …, ûT)T for T traits are
given as:

•

|βj| is the L1 norm of β,||β||2 = ∑

M
2
j =1 j

•

||β||1 = ∑

M
j =1

Human complex traits and disease traits share genetic architecture
with other genetically related traits; therefore, the integration of
multiple traits through appropriate methods would achieve improvement in prediction accuracy.

•

where y is a vector of phenotypic values (N × 1), X is a matrix of
genotypes (N × M), β is a vector of SNP effects (M × 1) and e is a
random error with e~N(0, σe2 I) (N × 1). The elastic net regression
obtains the estimates of β by minimizing the following object function: f(β) = (y-Xβ)T(y-Xβ) + λ[α||β||1+ (1 - α||β||22/2)], where

W ,new

ûT

T

û1
= Wnew

•

ûT

where Wnew is a matrix of standardized genotypes in the target
dataset and (û1, …, ¹ûT)T is a vector of SNP effects computed from
the training dataset.

wMT-SBLUP
The wMT-SBLUP [22] creates the PRS as a weighted index that
combines published GWAS summary statistics across many different traits. The SNP BLUP for T traits can be re-written as
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Similar to SBLUP methods, E(W Ti Wi) = NiL and E(W Ti yi) = Ni β̂i,
where L is an M × M scaled LD correlation matrix estimated from
a reference panel and β̂ is the LSE for SNP effects, which are computed from GWAS summary statistics. The SNP BLUP for T traits
can be approximately computed as
û1
•

β̂1
= [IK

L+∑ Є∑ u N
–1

–1

–1

IM ] β̂, where β̂ =

ûT

•

,

β̂T

N = diag(N1, …, NT). The individual BLUP in target samples can
be computed similarly to the process for MT-GBLUP.

CTPR
To utilize multiple traits for PRS computation, the CTPR method
was developed [23]. The SNP coefficients are estimated using the
following equation: β̂ =

ctp
argmin RSS(β) sp
+pλ1(β)+pλ2(β), where RSS
β
sp

(β) is the residual sum of squares, pλ1(β)is sparsity penalty with
a tuning parameter λ1 using lasso or the minimax concave penalty
ctp
to induce a sparse solution, and p λ2(β) is the cross-trait penalty
with a tuning parameter λ2 to incorporate shared genetic effects
across multiple traits for large-sample GWAS data. It induces
smoothness of the coefficients and can incorporate prior knowledge on the similarity of a pair of traits at a given SNP via adjacency coefficients. It also incorporates multiple secondary traits based
on individual-level genotypes and/or summary statistics. The PRS
in target samples is computed as ^yt = X t β̂, where Xt is a matrix of
standardized genotypes in the target dataset, β̂ is a vector of the estimated SNP effects from CTPR, and ^yt is considered as the PRS
for the target dataset.

Multi-ethnic Approaches
Genetic risk prediction in diverse populations currently lags far
behind risk prediction in European samples [25,53]. Striking examples include a reported relative decrease of 53%–89% in schizophrenia risk prediction accuracy in Japanese and African-American
populations [12] and 70%–80% in BMI and type 2 diabetes pre-
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diction accuracy in those of African ancestry [54] compared to
Europeans in studies using European training data due to between-population differences in population allele frequencies and
patterns of LD. An alternative is to use training data from the target
population, but this generally implies a much lower training sample size, reducing prediction accuracy. A recent method that incorporates training data from European and non-European populations improves prediction accuracy by using XP-BLUP [24] with
the use of European-discovered SNPs and population-specific
weights or by using a multi-ethnic PRS [25] and multi-ancestry
PRS [26] with averages across all admixed individuals.

Discussion
We have reviewed statistical models and computational tools for
PRS computation. We have demonstrated a variety of statistical
models for genomic risk prediction using individual-level data
and/or summary statistics and showed how to improve prediction
accuracy with multiple traits and multiple populations. Furthermore, we have introduced recent computational tools to conduct
PRS analyses based on the statistical models, and explained how
to specify the parameters and how to execute the software in detail. We also summarized which statistical models and software are
best for specific situations based on data type (GWAS summary
statistics or individual-level GWAS data), sample size, the LD reference panel, the number of traits, and the number of ethnicities,
as shown in Fig. 1. The summary-based PRS methods such as
PLINK, LDpred, and SBLUP offer advantages in computational
cost over PRS methods using individual-level data such as GBLUP
and the lasso method. This is because the computation time of
summary-based PRS methods does not increase with the number
of individuals in the study. This advantage has motivated the recent development of various summary-based methods in conjunction with LD information, although PRS methods using individual-level data could generate more accurate PRS. With recent
large-sample GWAS data, summary-based methods are generally
utilized due to their computational efficiencies, while PRS methods using individual-level data are still usable for computing more
accurate PRS.
Despite the existence of various PRS methods, there are some
areas in which further research on PRS is required. To improve
prediction accuracy, we need novel statistical models and software
that leverage information from multiple disease outcomes and
multiple ethnicities based on individual-level genotype data and/
or summary statistics from large-scale biobanks. It is also necessary
to develop methods with the ability to predict diverse disease
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Fig. 1. Best statistical models and software based on data type, sample size, LD reference panel, and the number of traits and ethnicities.
CTPR, cross-trait penalized regression; GBLUP, genomic BLUP; GWAS, genome-wide association studies; LD, linkage disequilibrium;
MTGBLUP, multi-trait GBLUP; SBLUP, statistics BLUP; wMT-SBLUP, weighted multi-trait SBLUP.

traits, such as cardiovascular disease and type 2 diabetes, with sufficient accuracy (to the extent allowable by disease heritability),
and then these models need to be extended to utilize multiple ethnicities by incorporating information on LD to further improve
prediction accuracy.
Moreover, with advances in high-throughput molecular assays
(e.g., RNA-seq and ChIP-seq), it has been shown that disease risk
SNPs are enriched in a broad array of functional regions, including
regulatory features that are often tissue-specific, providing a novel
source of information for improved prediction accuracy. It has
been further shown that these molecular features can be predicted
from genetic variants, enabling the prediction of gene expression
in GWAS cohorts to perform transcriptome-wide association
studies and to identify putative susceptibility genes. The accurate
prediction of individual molecular features is now an emerging
tool for discovering novel disease loci and characterizing biological
mechanisms at the thousands of GWAS loci that have already been
published. Data collection efforts of an unprecedented scale are
now being seen in the areas of functional genomics and disease genetics. Such datasets can help to prioritize causal features and further improve prediction accuracy.
We conclude by emphasizing the importance of creating accurate PRS for a wide range of complex traits and diseases. The PRS
provides an estimate of genetic predisposition (also called genetic
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susceptibility) for a complex trait or disease at the individual level,
which refers to the likelihood of developing a particular trait or
disease based on a genotype profile. The goal of PRS analysis is to
identify individuals at an elevated risk of diseases on the basis of
genetic variants in combination with clinical covariates. Therefore,
the more accurate PRS we obtain, the better we can identify disease risk and the better we can provide treatment and prevention
strategies. Personalized medicine based on accurate PRS will have
a considerable impact on the treatment process and quality of life
in the near future.
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Validation and genetic heritability
estimation of known type 2 diabetes
related variants in the Korean
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Genome-wide association studies (GWASs) facilitated the discovery of countless disease-associated variants. However, GWASs have mostly been conducted in European ancestry samples. Recent studies have reported that these European-based association results
may reduce disease prediction accuracy when applied in non-Europeans. Therefore, previously reported variants should be validated in non-European populations to establish reliable scientific evidence for precision medicine. In this study, we validated known associations with type 2 diabetes (T2D) and related metabolic traits in 125,850 samples from a
Korean population genotyped by the Korea Biobank Array (KBA). At the end of December
2020, there were 8,823 variants associated with glycemic traits, lipids, liver enzymes, and
T2D in the GWAS catalog. Considering the availability of imputed datasets in the KBA genome data, publicly available East Asian T2D summary statistics, and the linkage disequilibrium among the variants (r2 < 0.2), 2,900 independent variants were selected for further
analysis. Among these, 1,837 variants (63.3%) were statistically significant (p ≤ 0.05). Most
of the non-replicated variants (n = 1,063) showed insufficient statistical power and decreased minor allele frequencies compared with the replicated variants. Moreover, most of
known variants showed <10% genetic heritability. These results could provide valuable scientific evidence for future study designs, the current power of GWASs, and future applications in precision medicine in the Korean population.
Keywords: genome-wide association study, heritability, metabolic traits, single nucleotide
polymorphism, type 2 diabetes
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Common diseases are a result of the complex interactions between genetic and environmental factors [1]. To date, several genetic studies have been conducted to identify diseases associated genetic variants and have used this gained knowledge as a clinical tool for disease prediction and prevention [2]. For the last decade, genome-wide association studies
(GWASs) have been used as an efficient research tool for revealing numerous genetic variants associated with various diseases and traits [3]. Indeed, there were about 290K variants
recorded in the NHGRI-EBI GWAS catalog [4].
Despite its great success, most GWASs have been conducted in European ancestry samples, and this Eurocentric bias may produce a significant reduction in disease prediction
accuracy for non-Europeans [5,6]. This discrepancy might be caused by a difference in allele frequency distribution across populations and population-specific genetic effects [7,8].
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Therefore, numerous studies have been conducted to validate previously reported diseases associated loci [9-12]. Here, we aimed to
validate known associations with type 2 diabetes (T2D) and related
metabolic traits in a large-scale East Asian population comprising
of 125,850 Korean samples. Subsequently, this could establish reliable scientific evidence for disease prediction based on known T2D
related associations in the Korean population.
The genetic components of complex diseases and traits were estimated as 30%–70% based on family-based studies and statistical estimation using genome data. However, estimated heritability using
validated loci showed only limited heritability, implying that there
are more hidden genetic components to be revealed [13,14]. Since
genetic variants are rapidly accumulating, it is valuable information
to observe the current estimated genetic heritability status from
known genetic variants. Therefore, we also estimated the genetic
heritability from previously known variants associated with T2D
and related quantitative traits.

Methods
Study subjects
Since 2001, the Korean Genome and Epidemiology Study (KoGES) has recruited 211,725 participants from three population-based
cohorts including the including the KoGES_Ansan and Ansung
study, the KoGES_Health EXAminee (HEXA) study, and the
KoGES_CardioVascular disease Associations Study (CAVAS)
[15]. The details of these studies have been described elsewhere
[15]. All participants were aged between 40 and 69 years and provided written informed consent. Thousands of variables from these
participants, including epidemiological surveys, physical examinations, and laboratory tests, were examined. This study was approved by the institutional review board at the Korea National Institute of Health, Republic of Korea.
Phenotype measurements
Glycemic traits, liver enzymes, lipid traits, and T2D were considered T2D-related traits. Glycemic traits were fasting plasma glucose
(FPG) and glycated hemoglobin (HbA1c). Liver enzymes included alanine aminotransferase (ALT), aspartate aminotransferase
(AST), and γ-glutamyl transferase (GGT). Lipid traits included
high-density lipoprotein (HDL), low-density lipoprotein (LDL),
triglyceride (TG), and total cholesterol (TC). LDL was calculated
using the Friedewald’s formula [16]. Participants taking medication
or undergoing therapy likely influencing the traits were excluded
from further analysis. All quantitative traits were transformed to follow an approximate normal distribution by inverse-variance or
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z-score normalization on residuals after regressing out age, gender,
and recruitment area. TG was calculated using the log scale prior to
transformation.

Genotyping and quality control
In this study, quality controlled genotypes of 125,850 samples genotyped by the Korea Biobank Array (KBA) were used. The KBA
was optimized for genome studies in the Korean population comprising of approximately 830K variants [17]. The detailed genotyping and quality control processes have been reported previously
[12,17]. In brief, genotypes were called by batches containing
about 3,000 to 8,000 samples considering the recruitment area.
Chromosomal position was based on hg19. Samples were excluded
based on the following criteria: gender discrepancy, low call rate
( < 97%), excessive heterozygosity, 2nd-degree related samples using KING v2 [18], outliers of principle component analysis by using FlashPCA [19]. Following quality control, low-quality variants
were excluded if they had a high missing rate ( > 5%), Hardy-Weinberg equilibrium failure (p < 10-6), and low minor allele frequency
(MAF) ( < 1%). As a result, 125,850 samples were used for further
analysis.
Retrieving previously associated variants
T2D-related variants were retrieved from a GWAS catalog database
(https://www.ebi.ac.uk/gwas/) [4]. To avoid possible false-positive
studies with < 1,000 samples were excluded for further analysis. As
of December 31, 2020, there were 8,823 variants associated with
glycemic traits, lipid traits, liver enzymes, and T2D listed in the
GWAS catalog. Chromosomal positions of the variants from
GWAS catalog were based on hg38. Thus, to match the chromosomal positions with the association results, LiftOver from UCSC
genome browser was used to convert hg38 positions to hg19 [20].
Using the p-value of the cataloged variants and linkage disequilibrium (LD) information from the 1,000 Genomes project phase 3
East Asians or Europeans [21], two different clumping analysis was
conducted to obtain independent variants for East Asians or Europeans (if it was available in the KBA imputed genotype data). For
clumping analysis, plink was used with options including
--clump-p1 1 --clump-p2 1 --clump-r2 0.l --clump-kb 500. Two sets
of independently associated variants for East Asians or Europeans
were then merged. Subsequently, 2,900 variants were selected as independent variants and used for further analysis.
Statistical analysis
The 8,823 variants associated with T2D related traits were imputed
if they were not available in the KBA genotype data. KBA genotype
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data was phased using Eagle v2.3 [22] and imputed using Impute
v4 (https://jmarchini.org/software/) [23] with a merged reference
panel of 2,504 samples of 1,000 Genomes project phase 3 and 397
Korean whole genome sequencing data [17]. Linear regression
analysis using transformed traits was performed using EPACTS
v3.4.6 (http://genome.sph.umich.edu/wiki/EPACTS). T2D association results were assessed from publicly available summary statistics of previously conducted East Asian meta-analysis study [8]. R
statistics program (version 4.0.5; https://www.r-project.org) was
used to visualize the results. For lipids and T2D, we used LD score
regression (LDSC) from bigsnpr R package to estimate genetic
heritability of each trait using all variants matched with HapMap
phase 3 within ± 500 kb window of the independent variants
[24,25]. For the other traits, heritability was estimated as the sum
of estimated heritability for each variant using the effect size of the
variant and variance of the associated trait. LDSC could not reliably
calculate the correlation matrix of relatively small number of loci.

Results
At the end of 2020, there were 8,823 variants associated with
T2D-related traits including glycemic traits (FPG and HbA1c), lipids (HDL, LDL, TG, and TC), liver enzymes (AST, ALT, and
GGT), and T2D in the GWAS catalog database. Because various
studies have reported index variants closely located to each other,
only independent variants with a high imputation quality score
( ≥ 0.8) were selected for further analysis by the clumping method,
considering a linkage disequilibrium of r2 < 0.2 either in East
Asians or Europeans based on 1,000 genomes project data. Subsequently, 2,900 independent variants were identified and used in the
association analysis. The overall analysis scheme is summarized in
Fig. 1.
T2D-related metabolic traits, and the association results of the
T2D variants were retrieved from a publicly available summary statistics of the DIAMANTE East Asians association study [8]. Overall, 1,837 variants (63.3%) were statistically significant (p ≤ 0.05)
(Table 1, Supplementary Table 1). The replication rate was the
lowest for TG (51.9%) and the highest for HbA1c (84.5%).
The failure of replication in the Korean population could be due
to insufficient statistical power and differences in genetic architectures. To study the possible reasons for this failure, we analyzed the
statistical power and effect size distribution by MAF for the unvalidated variants (n = 1,063). The estimated statistical power with alpha of 0.05 is summarized in Table 2. Most of variants associated
with T2D-related traits presented with insufficient statistical power,
ranging from 0.36 for HbA1c to 0.68 for TG. However, 83 of 183
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unvalidated T2D variants (45.3%) presented with enough statistical power ( > 80%), implicating a possible difference in genetic architecture across populations. Effect sizes by MAF of 1,063 non-replicated variants (n = 1,063) were plotted by each trait (Fig. 2,
Supplementary Figs. 1 and 2). As expected, the effect size increased
as MAF decreased. The effect sizes of non-replicated variants were
closed to zero. Non-replicated variants were populated at a lower
MAF than replicated variants, especially for glycemic traits and
T2D.
To observe the current status of estimated genetic heritability
from known genetic variants, genetic heritability was estimated using the effect sizes from known genetic variants (Table 3). The estimated heritability was the lowest for AST and ALT (1.32%) and
the highest for TG (20.37%). However, estimated heritability was
< 10% for most traits implying that further analysis is needed to
identify the hidden genetic components of T2D related traits.

Discussion
In this study, associations of 2,900 known T2D related variants

Fig. 1. Schematic representation of analysis flow. GWAS, genomewide association study; FPG, fasting plasma glucose; HbA1c,
glycated hemoglobin; HDL, high-density lipoprotein; LDL, lowdensity lipoprotein; TG, triglyceride; TC, total cholesterol; ALT,
alanine aminotransferase; AST, aspartate aminotransferase; GGT,
γ-glutamyl transferase; T2D, type 2 diabetes; MAF, minor allele
frequency; LD, linkage disequilibrium.
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Table 1. Summary of replication results
Category
Liver enzymes
ALT
AST
GGT
Lipid traits
HDL
LDL
TG
TC
Glycemic traits
FPG
HbA1c
T2D
Total

No. of variants

Replicated (p ≤ 0.05)

Not replicated (p > 0.05)
Total

%

35
29
64

22
23
53

13
6
11

62.9
79.3
82.8

662
484
566
297

383
286
294
234

279
198
272
63

57.9
59.1
51.9
78.8

80
71
612
2,900

53
27
66.3
60
11
84.5
429
183
70.1
1,837
1,063
63.3
ALT, alanine aminotransferase; AST, aspartate aminotransferase; GGT, γ-glutamyl transferase; HDL, high-density lipoprotein; LDL, low-density lipoprotein;
TG, triglyceride; TC, total cholesterol; FPG, fasting plasma glucose; HbA1c, glycated hemoglobin; T2D, type 2 diabetes.

Table 2. Estimated statistical power of non-replicated variants
Category
Liver enzymes
ALT
AST
GGT
Lipid traits
HDL
LDL
TG
TC
Glycemic traits
FPG
HbA1c
T2D

Statistical power

No. of non-replicated variants

% (power > 80%)

Min

Max

13
6
11

0.0501
0.0543
0.0533

0.4714
0.5133
0.4250

0
0
0

279
198
272
63

0.0500
0.0500
0.0500
0.0503

0.5325
0.3633
0.6796
0.5133

0
0
0
0

27
11
183

0.0500
0.3633
0
0.0510
0.4877
0
0.0501
0.9994
45.36
ALT, alanine aminotransferase; AST, aspartate aminotransferase; GGT, γ-glutamyl transferase; HDL, high-density lipoprotein; LDL, low-density lipoprotein;
TG, triglyceride; TC, total cholesterol; FPG, fasting plasma glucose; HbA1c, glycated hemoglobin; T2D, type 2 diabetes.

were validated in the 125,870 Korean samples. From these known
variants, 1,837 (63.3%) were replicated, however, 1,063 variants
were not replicated due to insufficient statistical power and difference in genetic architecture across populations. Most non-replicated variants showed insufficient statistical power ( < 0.8) and a relatively lower MAF than the replicated variants. Additionally, we estimated the current status of genetic heritability using the known
variants. The genetic heritability from known loci was mostly less
than 10% implying that there is a great portion of missing heritability for T2D-related variants. These results could provide valuable
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scientific evidence for future study design, the current power of
GWAS, and future applications to precision medicine in the Korean population.
Despite these valuable findings of the current study, there were a
few limitations and careful interpretation is required. First, given the
insufficient statistical power from a limited number of sample size
compared to that in previous studies conducted in Europeans [5-7],
an association study with a larger sample size is warranted to achieve
sufficient statistical power to investigate known associations. Second, we used the threshold as p ≤ 0.05. However, multiple testing
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Fig. 2. Effect sizes and minor allele frequency of variants associated with glycemic traits and type 2 diabetes. The X-axis represents the
minor allele frequency of the variants. The Y-axis represents the absolute scale of effect sizes of variants. Each circle indicates a variant.
Variants were colored in blue if they were replicated in this study (p ≤ 0.05) and colored in red otherwise (p > 0.05). (A) Fasting plasma
glucose (FPG). (B) Glycated hemoglobin (HbA1c). (C) Type 2 diabetes (T2D).

Table 3. Estimated genetic heritability of known variants
Category
Liver enzymes
ALT
AST
GGT
Lipid traits
HDL
LDL
TG
TC
Glycemic traits
FPG
HbA1c
T2D

No. of variants

Sample size

Estimated
heritability (%)

13
6
11

109,068
109,230
102,729

1.32
1.32
6.62

279
198
272
63

120,559
77,363
120,377
120,561

19.99
20.37
14.03
12.28

27
11
183

109,942
51,385
433,540

6.17
8.24
7.69

ALT, alanine aminotransferase; AST, aspartate aminotransferase; GGT, γ
-glutamyl transferase; HDL, high-density lipoprotein; LDL, low-density
lipoprotein; TG, triglyceride; TC, total cholesterol; FPG, fasting plasma
glucose; HbA1c, glycated hemoglobin; T2D, type 2 diabetes.

considering number of independent variants is more reliable to
avoid the inflation of false positives. Third, independent variants
were selected to avoid missing targets of previous reports based on
linkage disequilibrium patterns from both East Asian and European
populations. Therefore, high non-replicability might be caused by
the inclusion of index variants from previous studies conducted in
European populations. Finally, heritability was estimated using
LDSC with all variants within the known loci or the sum of estimat-
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ed heritability of independent variants. Some of traits with relatively
small number of loci were unable to estimate the heritability using
LDSC. Therefore, further study is warranted to estimate an accurate
heritability accounting for genetic architecture within the loci.
Most of the non-replicated variants showed relatively less frequency compared to the replicated variants. To validate these variants in the Korean population, an immense sample size (up to millions) is required to obtain sufficient statistical power based on the
estimated statistical power of non-replicated variants in this study.
Insufficient statistical power from less frequent variants is a common problem in single ancestry studies [26,27]. Therefore, a
trans-ethnic meta-analysis would be an adequate approach to identify hidden variants.

ORCID
Hye-Mi Jang: https://orcid.org/0000-0001-8744-0487
Mi Yeong Hwang: https://orcid.org/0000-0002-8208-7925
Bong-Jo Kim: https://orcid.org/0000-0003-3562-2654
Young Jin Kim: https://orcid.org/0000-0002-4132-4437

Authors’ Contribution
Conceptualization: YJK. Formal analysis: HMJ, MYH. Funding acquisition: BJK. Visualization: HMJ. Writing - original draft: HMJ,
MYH, BJK, YJK.

5/7

Jang HM et al. • Validataion of known type 2 diabetes related variants

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

Acknowledgments
This work was supported by intramural grants from the National
Institute of Health, Republic of Korea (2019-NI-097-02). Genotype data were provided by the Collaborative Genome Program for
Fostering New Post-Genome Industry (3000-3031b).

Supplementary Materials
Supplementary data can be found with this article online at http://
www.genominfo.org.

References
1. Claussnitzer M, Cho JH, Collins R, Cox NJ, Dermitzakis ET,
Hurles ME, et al. A brief history of human disease genetics. Nature 2020;577:179-189.
2. Flannick J, Florez JC. Type 2 diabetes: genetic data sharing to advance complex disease research. Nat Rev Genet 2016;17:535549.
3. Visscher PM, Wray NR, Zhang Q, Sklar P, McCarthy MI, Brown
MA, et al. 10 Years of GWAS discovery: biology, function, and
translation. Am J Hum Genet 2017;101:5-22.
4. Buniello A, MacArthur JA, Cerezo M, Harris LW, Hayhurst J,
Malangone C, et al. The NHGRI-EBI GWAS Catalog of published genome-wide association studies, targeted arrays and summary statistics 2019. Nucleic Acids Res 2019;47:D1005-D1012.
5. Sirugo G, Williams SM, Tishkoff SA. The missing diversity in human genetic studies. Cell 2019;177:26-31.
6. Martin AR, Kanai M, Kamatani Y, Okada Y, Neale BM, Daly MJ.
Clinical use of current polygenic risk scores may exacerbate
health disparities. Nat Genet 2019;51:584-591.
7. Mahajan A, Taliun D, Thurner M, Robertson NR, Torres JM,
Rayner NW, et al. Fine-mapping type 2 diabetes loci to single-variant resolution using high-density imputation and islet-specific epigenome maps. Nat Genet 2018;50:1505-1513.
8. Spracklen CN, Horikoshi M, Kim YJ, Lin K, Bragg F, Moon S, et
al. Identification of type 2 diabetes loci in 433,540 East Asian individuals. Nature 2020;582:240-245.
9. Peprah E, Xu H, Tekola-Ayele F, Royal CD. Genome-wide association studies in Africans and African Americans: expanding the

6/7

framework of the genomics of human traits and disease. Public
Health Genomics 2015;18:40-51.
10. Gan W, Walters RG, Holmes MV, Bragg F, Millwood IY, Banasik
K, et al. Evaluation of type 2 diabetes genetic risk variants in Chinese adults: findings from 93,000 individuals from the China Kadoorie Biobank. Diabetologia 2016;59:1446-1457.
11. Almawi WY, Nemr R, Keleshian SH, Echtay A, Saldanha FL, AlDoseri FA, et al. A replication study of 19 GWAS-validated type
2 diabetes at-risk variants in the Lebanese population. Diabetes
Res Clin Pract 2013;102:117-122.
12. Choi JY, Jang HM, Han S, Hwang MY, Kim BJ, Kim YJ. Recapitulation of previously reported associations for type 2 diabetes and
metabolic traits in the 126K East Asians. Genomics Inform
2019;17:e48.
13. Almgren P, Lehtovirta M, Isomaa B, Sarelin L, Taskinen MR, Lyssenko V, et al. Heritability and familiality of type 2 diabetes and
related quantitative traits in the Botnia Study. Diabetologia
2011;54:2811-2819.
14. Hou K, Burch KS, Majumdar A, Shi H, Mancuso N, Wu Y, et al.
Accurate estimation of SNP-heritability from biobank-scale data
irrespective of genetic architecture. Nat Genet 2019;51:12441251.
15. Kim Y, Han BG; KoGES group. Cohort profile: The Korean Genome and Epidemiology Study (KoGES) Consortium. Int J Epidemiol 2017;46:e20.
16. Johnson R, McNutt P, MacMahon S, Robson R. Use of the Friedewald formula to estimate LDL-cholesterol in patients with
chronic renal failure on dialysis. Clin Chem 1997;43:2183-2184.
17. Moon S, Kim YJ, Han S, Hwang MY, Shin DM, Park MY, et al.
The Korea Biobank Array: design and identification of coding
variants associated with blood biochemical traits. Sci Rep
2019;9:1382.
18. Manichaikul A, Mychaleckyj JC, Rich SS, Daly K, Sale M, Chen
WM. Robust relationship inference in genome-wide association
studies. Bioinformatics 2010;26:2867-2873.
19. Abraham G, Qiu Y, Inouye M. FlashPCA2: principal component
analysis of Biobank-scale genotype datasets. Bioinformatics
2017;33:2776-2778.
20. Kent WJ, Sugnet CW, Furey TS, Roskin KM, Pringle TH, Zahler
AM, et al. The human genome browser at UCSC. Genome Res
2002;12:996-1006.
21. 1000 Genomes Project Consortium; Auton A, Brooks LD,
Durbin RM, Garrison EP, Kang HM, et al. A global reference for
human genetic variation. Nature 2015;526:68-74.
22. Loh PR, Palamara PF, Price AL. Fast and accurate long-range
phasing in a UK Biobank cohort. Nat Genet 2016;48:811-816.

https://doi.org/10.5808/gi.21071

Genomics & Informatics 2021;19(4):e37

23. Bycroft C, Freeman C, Petkova D, Band G, Elliott LT, Sharp K, et
al. The UK Biobank resource with deep phenotyping and genomic data. Nature 2018;562:203-209.
24. Bulik-Sullivan BK, Loh PR, Finucane HK, Ripke S, Yang J;
Schizophrenia Working Group of the Psychiatric Genomics
Consortium, et al. LD Score regression distinguishes confounding from polygenicity in genome-wide association studies. Nat

https://doi.org/10.5808/gi.21071

Genet 2015;47:291-295.
25. Prive F, Arbel J, Vilhjalmsson BJ. LDpred2: better, faster, stronger.
Bioinformatics 2020;36:5424-5431.
26. Morris AP. Fine mapping of type 2 diabetes susceptibility loci.
Curr Diab Rep 2014;14:549.
27. McCarthy MI. The importance of global studies of the genetics of
type 2 diabetes. Diabetes Metab J 2011;35:91-100.

7/7

Identification of rare coding variants
associated with Kawasaki disease by
whole exome sequencing
Original article
eISSN 2234-0742
Genomics Inform 2021;19(4):e38
https://doi.org/10.5808/gi.21046

Received: August 19, 2021
Revised: September 27, 2021
Accepted: October 5, 2021
*Corresponding author:
E-mail: cookie_jklee@hotmail.com
Jeong Jin Yu, Gi Young Jang, and JongKeuk Lee contributed equally to this work.

2021 Korea Genome Organization
This is an open-access article distributed
under the terms of the Creative Commons
Attribution license (http://creativecommons.
org/licenses/by/4.0/), which permits unrestricted use, distribution, and reproduction
in any medium, provided the original work is
properly cited.

Jae-Jung Kim1, Young Mi Hong2, Sin Weon Yun3, Kyung-Yil Lee4,
Kyung Lim Yoon5, Myung-Ki Han6, Gi Beom Kim7, Hong-Ryang Kil8,
Min Seob Song9, Hyoung Doo Lee10, Kee Soo Ha11, Hyun Ok Jun12,
Byung-Ok Choi13, Yeon-Mok Oh14, Jeong Jin Yu15, Gi Young Jang11,16,
Jong-Keuk Lee1*, The Korean Kawasaki Disease Genetics Consortium
1

Asan Institute for Life Sciences, Asan Medical Center, University of Ulsan College of
Medicine, Seoul 05505, Korea
2
Department of Pediatrics, Ewha Womans University Hospital, Seoul 07985, Korea
3
Department of Pediatrics, Chung-Ang University Hospital, Seoul 06973, Korea
4
Department of Pediatrics, Daejeon St. Mary’s Hospital, College of Medicine, The Catholic
University of Korea, Daejeon 34943, Korea
5
Department of Pediatrics, Kyung Hee University Hospital at Gangdong, Seoul 05278, Korea
6
Department of Pediatrics, Gangneung Asan Hospital, University of Ulsan College of
Medicine, Gangneung 25440, Korea
7
Department of Pediatrics, Seoul National University Children’s Hospital, Seoul 03080, Korea
8
Department of Pediatrics, Chungnam National University Hospital, Daejeon 35015, Korea
9
Department of Pediatrics, Inje University Paik Hospital, Busan 47392, Korea
10
Department of Pediatrics, Pusan National University Hospital, Busan 49241, Korea
11
Department of Pediatrics, Korea University Guro Hospital, Seoul 08308, Korea
12
Department of Pediatrics and Adolescent Medicine, Myongji Hospital, Goyang 10475,
Korea
13
Department of Neurology, Samsung Medical Center, Sungkyunkwan University School of
Medicine, Seoul 04401, Korea
14
Department of Pulmonary and Critical Care Medicine, Asan Medical Center, University of
Ulsan College of Medicine, Seoul 05505, Korea
15
Department of Pediatrics, Asan Medical Center, University of Ulsan College of Medicine,
Seoul 05505, Korea
16
Department of Pediatrics, Korea University Ansan Hospital, Ansan 15355, Korea
Kawasaki disease (KD) is an acute pediatric vasculitis that affects genetically susceptible
infants and children. To identify coding variants that influence susceptibility to KD, we
conducted whole exome sequencing of 159 patients with KD and 902 controls, and performed a replication study in an independent 586 cases and 732 controls. We identified
five rare coding variants in five genes (FCRLA, PTGER4, IL17F, CARD11, and SIGLEC10) associated with KD (odds ratio [OR], 1.18 to 4.41; p = 0.0027–0.031). We also performed association analysis in 26 KD patients with coronary artery aneurysms (CAAs; diameter > 5
mm) and 124 patients without CAAs (diameter < 3 mm), and identified another five rare
coding variants in five genes (FGFR4, IL31RA, FNDC1, MMP8, and FOXN1), which may be
associated with CAA (OR, 3.89 to 37.3; p = 0.0058– 0.0261). These results provide insights
into new candidate genes and genetic variants potentially involved in the development of
KD and CAA.
Keywords: association study, coronary artery aneurysms, Kawasaki disease, whole exome
sequencing
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Introduction
Kawasaki disease (KD) is an acute, self-limited vasculitis that occurs predominantly in infants and young children [1]. KD is often
complicated by coronary artery aneurysms (CAAs), which occur
in approximately 15%–25% of untreated children and 3%–5% of
children treated with high-dose intravenous immunoglobulin
(IVIG) [2-4]. Although the pathogenesis of KD remains unknown, it has been postulated that KD is an abnormal immunological reaction to an infection in genetically susceptible individuals [5,6].
Many complex traits are shaped by intricate interplay between
common and rare genetic variants. Recently, genome-wide association studies (GWAS) of common single nucleotide polymorphisms (SNPs) have identified several variants associated with
susceptibility to KD [7-11]. Although identification of these common variants has contributed somewhat to understanding the biology of KD, many complexities of the disease remain to be unraveled [12]. Furthermore, most GWAS-derived SNPs do not directly influence the disease trait. Rather, they are index markers in
linkage disequilibrium with causative variants for the disease;
hence, it is necessary to identify rare coding variants that affect susceptibility to KD using other approaches, such as next-generation
sequencing technology. Whole exome sequencing (WES) is a
powerful technique for identification of rare protein-coding variants. Here, we used WES and association analysis to identify the
protein-coding variants that influence susceptibility to KD and
CAA.

Methods
Subjects
Children with KD were recruited from 12 tertiary academic hospitals in Korea, all of which participated in the Korean Kawasaki
Disease Genetics Consortium. All patients were diagnosed by pediatricians in accordance with the diagnostic criteria of the American Heart Association [13,14]. All patients received a single highdose of IVIG (2 g/kg). Two-dimensional echocardiography results were interpreted by pediatric cardiologists, and coronary arteries were categorized as normal or abnormal (showing coronary
artery lesions (i.e., dilation or aneurysm)). A total of 200 children
with KD were initially included in the WES analysis. Our WES
data were deposited to the Biobank for Health Sciences,
Chungwon, Korea (http:// nih.go.kr/biobank; accession number
2016-ER7401-00). For association analysis of WES data from KD
cases, a total of 902 control WES or whole genome sequencing
2/7

(WGS) data samples were obtained from Dr. Yeon-Mok Oh (Asan
Medical Center, Seoul, Korea; WES data from 147 patients with
chronic obstructive pulmonary disease), Dr. Byung-Ok Choi
(Samsung Medical Center, Seoul, Korea; WES data from 258 patients with Charcot–Marie–Tooth disease), and the Biobank for
Health Sciences (Center for Genome Science, Chungwon, Korea;
WES data from 100 healthy subjects and WGS data from 397
healthy adults). For replication study, a total of 586 patients with
complete KD were selected from our KD patient pool. The healthy
adult control samples (n = 732) were obtained from the Biobank
for Health Sciences (Chungwon, Korea). This study was approved
by the institutional review board (IRB) at Asan Medical Center
(IRB No. 2014-0823), and informed consent was obtained from
the parents of patients with KD.

Targeted capture and exome sequencing
WES was conducted using genomic DNA samples obtained from
200 children with KD. For exome sequencing, 3 μg genomic DNA
was initially sheared into 150-base-pair (bp) fragments for shotgun
library construction. Fragmented DNA from each sample was captured using the SureSelect Human All Exon V5 Kit (Agilent Technologies, Santa Clara, CA, USA), designed to cover 50 Mb of human genomic sequences corresponding to the NCBI Consensus
Coding Sequence database. Each captured library was sequenced
at Macrogen (Seoul, Korea) using an Illumina HiSeq 2500 instrument (Illumina, San Diego, CA, USA), according to the manufacturer’s instructions.
Read mapping and variant analysis
Sequence reads in FASTQ format were aligned to a human genome reference sequence (GRCh37) using Burrows–Wheeler
Aligner (BWA) software [15]. Duplicate reads were marked in
BAM files using Picard MarkDuplicates (https:// broadinstitute.
github.io/picard/). Local realignment, base quality recalibration,
variant calling, joint genotyping, and variant quality score recalibration and filtration were applied using Genome Analysis ToolKit
(GATK) v3.7 (http:// software.broadinstitute.org/gatk/). Variant
annotation was performed using SnpEff [16].
Genotyping
Genotyping for the replication study was performed on the
high-throughput Fluidigm EP1 system (Fluidigm Corp., South
San Francisco, CA, USA), using the Fluidigm SNPType assay platform, and nanofluidic 96.96 and 48.48 Dynamic Array Integrated
Fluidic Circuits (Fluidigm). Genotype calls were made using the
Fluidigm SNP Genotyping Analysis program (Fluidigm). All but
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Table 1. SNPs associated with KD

Allelea

Results
Associations with KD
WES was initially performed using samples from 200 children
with KD, of which 159 had complete KD with a fever lasting ≥ 5
days and > 4 of the principal symptoms of KD. Therefore, we performed association analysis of 159 complete KD cases and 902
controls. For the replication study, we selected 12 coding SNPs
with significant associations with KD susceptibility (chi-square
test p < 0.001) and immune-related functions. Extremely rare
variants are more likely to be deleterious; thus we also selected an
additional 51 immune-related rare coding SNPs detected in case
samples only, or with odds ratios (ORs) ≥ 3 in case-control comparisons. We tested these 63 SNPs in 586 patients with complete
KD and 732 healthy controls using the Fluidigm SNPType assay
platform; however, none showed statistical significance (p > 0.05)
due to their very low frequencies in both case and control samples;
however, among them, five coding SNPs (rs2275603 in FCRLA,
rs755244149 in PTGER4, rs117796773 in IL17F, rs41493047 in

p

= 902)

Statistical analysis
All statistical analyses were performed using PLINK software
v1.07 (http://pngu.mgh.harvard.edu/~purcell/plink/) [17]. The
chi-square or Fisher’s exact tests (when the expected cell count
was less than five) were used to compare SNP allele frequencies
between cases and controls to test for associations with KD and
CAA.

OR

Replication (KD = 586 vs. Control = 732)

SNP filtering
After WES, a total of 870,062 SNPs were identified from 200 KD
cases and 902 controls. To filter the SNP markers, we excluded
337,282 SNP markers with missing call rates > 3%, 138,329
monomorphic markers, and 3,404 multiallelic markers in patients
with KD. As coding variants that cause amino acid changes may be
hypothesized to confer larger phenotypic effects, we also excluded
313,470 intergenic, intronic, untranslated-region, and synonymous SNPs. After filtering, 77,577 protein-altering variants remained, among which 75,365 were missense, 1,448 were nonsense, and 764 were in splice-acceptor/donor sites. Next, we excluded 3,209 SNPs with missing call rates > 5% (slightly looser
threshold due to heterogeneous control data compared to case
data) in control data. Finally, a total of 74,368 SNPs were included
in the association analysis.

Genotype (RAF)

Combined (KD = 745 vs. Control = 1,634)

one of the selected SNPs were genotyped for replication. The
overall genotyping success rate was 99.5%.
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Table 2. SNPs associated with CAA (≥5 mm)

a

Discussion
Recent GWAS identified some clear KD-associated loci and successfully identified part of the genetic background of KD; however, knowledge of these genetic factors has not made a significant
contribution to understanding KD pathogenesis [12]. In this
study, we performed WES with the aim of identifying rare protein-coding variants that contribute to KD susceptibility. We identified five rare coding variants in five genes (FCRLA, PTGER4,
IL17F, CARD11, and SIGLEC10) associated with KD and another five coding variants in five genes (FGFR4, IL31RA, FNDC1,
MMP8, and FOXN1) associated with CAA.
Among the five KD-associated genes, FCRLA has previously
been reported to be highly significantly associated with low levels
of affinity immunoglobulin gamma Fc region receptor II-a/b
(products of FCGR2A and FCGR2B) in human blood
(rs6668534: 0.434-unit decrease, p = 6 × 10-17) [18], as well as
being associated with monocyte and lymphocyte counts [19].
FCGR2A is an established KD susceptibility gene [7,10]. These
observations suggest that the effect of FCGR2A gene variants on
KD susceptibility may be regulated by FCRLA. PTGER4 is one of

OR

Replication
(CAA = 19 vs. Non-CAA = 420)

Associations with CAA
Of the 200 children with KD, 74 had coronary artery lesions. To
investigate genetic loci that affect the development of CAAs in
KD, we initially stratified our KD samples by CAA size, according
to the American Heart Association statement [13], as follows:
small, 3 to < 5 mm; medium, 5 to 8 mm, or giant, > 8 mm. Next,
we performed association analysis in 124 KD patients without
CAAs ( < 3 mm) and 26 KD patients with medium or giant aneurysms that showed more extreme phenotypes (internal lumen diameter of coronary arteries > 5 mm). For the replication study, we
selected five SNPs with significant associations with CAAs (chisquare test p < 0.001) and CAA-related functions, and tested
them in 420 patients with KD without CAAs and 19 with CAAs
(diameter > 5 mm). Although no SNP showed significant results
in the replication study, five coding variants (rs148721785 in IL31RA, rs201812753 in FGFR4, rs374967242 in FNDC1,
rs61754773 in MMP8, and rs188424977 in FOXN1) showed significant associations (OR, 3.89 to 37.3; p = 0.0058–0.0261) in
combined analysis of the WES and replication samples (Table 2).

OR

Combined
(CAA = 45 vs. Non-CAA = 544)

CARD11, and rs201376644 in SIGLEC10) showed nominal significances (OR, 1.18 to 4.41, p = 0.0027–0.031) in combined
analysis of data generated by WES and Fluidigm SNPType assay
(Table 1).
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four identified receptors for prostaglandin E2 (PGE2). Previous
studies investigated the function of PGE2 in relation to KD [2023]. PGE2 levels are markedly elevated during the acute stage of
KD and then decrease during the recovery stage [20]. PGE2 level
was also correlated with prevention of IVIG resistance and CAA
formation through CD40L [23]. Thus, PTGER4, a PGE2 receptor, may function in KD pathogenesis. The role of the CARD11
gene in KD remains unknown; however, mutations of CARD11
can cause a condition referred to as ‘B-cell expansion with NFκB
and T cell anergy’, and immunodeficiency 11, due to defective
B-cell receptor signaling [24,25]. CARD11 is also associated with
various immune-related diseases and traits, including multiple
sclerosis, eczema, and platelet count [19,26,27]. Furthermore, defective B-cell development and B-cell functions are well known to
be involved in KD pathogenesis [28,29]. Therefore, CARD11 may
play a role in susceptibility to KD. The roles of IL17F and SIGLEC10 in KD susceptibility are unknown.
To date, several GWAS have been performed to identify susceptibility loci for coronary artery formation in KD, using a very limited number of patients with KD and CAA [30-34]. No overlapping
genetic loci were detected from these GWAS. In this study, we
identified five rare coding variants in five genes associated with
CAAs in KD. None of these five genes, except for MMP8, have
been reported to be associated with susceptibility to KD or CAAs
in KD. MMP8 encodes a member of the matrix metalloproteinase
(MMP) family of proteins, which may be involved in maintaining
the structure and function of coronary vascular walls [35]. An increasing number of studies have indicated elevated expression, activity, or protein levels of MMPs in KD [36,37]. MMP8 expression
levels are significantly upregulated in KD before IVIG treatment
and decrease after undergoing IVIG treatment [37]. MMP8 is also
highly abundant in IVIG-resistant KD, suggesting that this is a potential biomarker for identifying those KD patients at highest risk
for CAAs, and who may benefit from additional anti-inflammatory
therapy [38,39].
To our knowledge, this is the first WES study of KD, and we
identified several rare coding risk variants potentially associated
with KD and CAA through WES and association analysis; however, we failed to confirm the significance of the selected SNPs in the
replication study, mainly due to their extremely low frequency. Another reason for lack of significance in a replication study can be
partly due to sample selection bias. To enrich for possible causative
variants in the WES stage, we selected more severe KD cases than
in the replication stage, such as patients with medium-sized or giant aneurysms (6.3% in WES samples vs. 1.7% in replication samples), IVIG resistance (50.3% vs. 22.5%), recurrence (14.5% vs.
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5.5%), and family history (6.3% vs. 1.9%). Therefore, more variants that result in these severe phenotypes may have been discovered in the WES stage; however, in combined analysis of WES and
replication data, statistically significant associations were detected.
WES is a powerful technique for identification of protein-coding
variants, which are more straightforward to annotate for biological
functions and help to pinpoint causative genes; however, functional variants are more likely to be rare. Therefore, large sample sizes
are usually required to detect loci with exome-wide significance,
particularly for highly polygenic traits; however, we were only able
to sequence a small number of samples, particularly in the case of
children with CAA. Both common and rare variant association approaches are drastically underpowered to detect associations in
small samples. Thus, our conclusions are tentative and preliminary,
and further studies with large sample size are necessary to confirm
our findings, as well as the functional role of the newly identified
genes and variants in KD pathogenesis.
In summary, we sequenced the whole exomes of patients with
KD and identified five candidate genes (FCRLA, PTGER4, IL17F,
CARD11, and SIGLEC10) that may influence KD susceptibility,
and another five candidate genes (FGFR4, IL31RA, FNDC1,
MMP8, and FOXN1) with potential influence on the development of coronary aneurysms in KD. These results provide insights
into new candidate genes and genetic variants potentially involved
in the development of KD and CAA. Further association studies
with expanded KD sample numbers from the Korean population
or from cohorts with different ethnicities are required to confirm
these results.
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Tamoxifen (TAM) is an anticancer drug used to treat estrogen receptor (ER)-positive breast
cancer. However, its ER-independent cytotoxic and antifungal activities have prompted debates on its mechanism of action. To achieve a better understanding of the ER-independent antifungal action mechanisms of TAM, we systematically identified TAM-sensitive
genes through microarray screening of the heterozygous gene deletion library in fission
yeast (Schizosaccharomyces pombe). Secondary confirmation was followed by a spotting
assay, finally yielding 13 TAM-sensitive genes under the drug-induced haploinsufficient
condition. For these 13 TAM-sensitive genes, we conducted a comparative analysis of their
Gene Ontology (GO) ‘biological process’ terms identified from other genome-wide screenings of the budding yeast deletion library and the MCF7 breast cancer cell line. Several
TAM-sensitive genes overlapped between the yeast strains and MCF7 in GO terms including ‘cell cycle’ (cdc2, rik1, pas1, and leo1), ‘signaling’ (sck2, oga1, and cki3), and ‘vesicle-mediated transport’ (SPCC126.08c, vps54, sec72, and tvp15), suggesting their roles in
the ER-independent cytotoxic effects of TAM. We recently reported that the cki3 gene with
the ‘signaling’ GO term was related to the ER-independent antifungal action mechanisms
of TAM in yeast. In this study, we report that haploinsufficiency of the essential vps54
gene, which encodes the GARP complex subunit, significantly aggravated TAM sensitivity
and led to an enlarged vesicle structure in comparison with the SP286 control strain. These
results strongly suggest that the vesicle-mediated transport process might be another action mechanism of the ER-independent antifungal or cytotoxic effects of TAM.
Keywords: antifungal, estrogen receptor, tamoxifen, vesicle, vps54, yeast

Introduction
Tamoxifen (TAM) is an estrogen receptor (ER) antagonist used to treat ER-positive
breast cancer [1]. Thus, it is classified as a selective ER modulator (SERM). In fact, TAM
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has diverse effects on eukaryotic cell physiology [2], including
modulation of growth signaling [3], regulation of the cell cycle [4],
induction of apoptosis [5], modulation of intracellular calcium release [6], antioxidant activity [7], antiangiogenic properties [8],
and vesicle-mediated transport [9]. Consistent with its plethora of
cellular effects, TAM is also involved in regulating a number of cellular proteins beside ER, including calmodulin, protein kinase C
(PKC), [10], phospholipase C [11], phosphoinositide kinase
(PIK) [12], and V-ATPase [13].
Despite its categorization as a SERM, TAM also exerts antitumor activity against ER-negative breast cancer [9] and nonmelanoma skin cancer [14]. The ER-independent effects require approximately 10- to 100-fold higher concentrations of TAM than
the ER-dependent effects [15]. The ER-independent effects might
be partly attributed to the interference of TAM with diverse cellular enzymes, as has been previously reported [10,13]. Moreover,
TAM has a narrow spectrum of antifungal activity against several
yeast species [16,17] such as Saccharomyces cerevisiae (budding
yeast) [18,19], Schizosaccharomyces pombe (fission yeast) [20],
and Candida albicans [17]. The phenomena of ER-independent
antitumor and antifungal activities have prompted debate on the
action mechanism of TAM [2].
Budding and fission yeast species are useful unicellular model organisms [21]. In particular, the development of gene deletion libraries equipped with built-in barcodes in a gene-specific manner
has opened the era of parallel analysis to screen for sensitive or resistant genes at a genome-wide scale in response to drugs and
chemicals of interest [22] under the principle of drug-induced haploinsufficiency [23]. In this regard, a compendium of TAM-sensitive genes has been constructed through drug-induced haploinsufficiency-based screening of the gene deletion library [18,24] and
compared with those identified from the MCF7 breast tumor cell
line through knockdown-based (RNAi) genome-wide screening
[25]. Comparative research revealed that the effects of TAM were
related to several signaling processes in common, including phosphoinositide-dependent kinase 1 (PDK1), PKC, PIK, calmodulin,
many growth-related signaling genes and/or oncogenes such as the
RAS signaling pathway [25,26].
In this study, we aimed to find a novel mechanism of the ER-independent antifungal effects of TAM, using the fission yeast heterozygous gene deletion library comprising all essential and viable
genes [27]. Through a comparison of TAM-sensitive genes between yeast and the MCF7 breast cancer cell line, we found that
the modulation of vesicle-mediated transport could be an action
mechanism of the ER-independent antifungal activity of TAM in
fission yeast.

2/8

Methods
Chemicals, medium, and the gene deletion library
All chemicals and reagents were obtained from Sigma-Aldrich (St.
Louis, MO, USA), unless stated otherwise. Yeast extract and agar
were purchased from BD Difco (Sparks, MD, USA). For the systematic screening of TAM-sensitive target genes, we used the heterozygous gene deletion library of fission yeast constructed in a
previous study [27]. Briefly, the library represents 98.4%
(4,836/4,914) of all protein-coding genes, consisting of 1,260 essential genes and 3,576 non-essential genes. All the deletion strains
are available from Bioneer (Daejeon, Korea).
Half-maximal inhibitory concentration assay
The diploid control SP286 cell (h+/h+; ade6-M210/ade6-M216,
leu1-32/leu1-32, ura4-D18/ura4-D18) was cultivated to the exponential phase in YES medium (0.5% yeast extract, 3% glucose, and
appropriate amino acid supplements) and diluted to an optical
density at 600 nm (OD600) of 0.05 (~1 × 106 cells/mL) with the
same YES medium. The cells were aliquoted into 96-well plates in
triplicate and treated with 5-fold serial concentrations of TAM dissolved in 0.1% DMSO. After cultivating the cells for 17 h at 30°C,
their growth profiles were then measured by OD600. The half-maximal inhibitory concentration (IC50) value was calculated by a sigmoidal dose-response equation in GraphPad Prism (La Jolla, CA,
USA).
Genome-wide screening of TAM-sensitive genes in fission
yeast
The systematic screening of TAM-sensitive genes against 15 µM
TAM was performed as previously described [22,27]. Microarray
screening was performed using a custom-made GeneChip (48K
KRIBB_SP2, Thermo Fisher Scientific, Waltham, MA, USA) and
fluorescence-labeled probes were prepared by polymerase chain
reaction of the pair of barcodes [27]. TAM-sensitive heterozygous
target strains were primarily selected by the criterion of relative
growth fitness of < 0.92 (p < 0.01) compared with the untreated
diploid control strain SP286.
Spotting assay
The primarily screened TAM-sensitive strains were confirmed using spotting assays based on individual growth fitness. Cells in the
log phase were diluted to an OD600 = 0.5 in YES medium and
spotted in 5-fold serial dilutions onto YES agar plates with or without 65 µM TAM. Compared with the growth fitness of the diploid
control strain SP286, the screened TAM-sensitive strains were
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classified by their degree of sensitivity to TAM as follows: severe
(SSS) when growth fitness decreased by more than 2 serial dilutions ( > 25-fold sensitivity); moderate (SS), between 1 to 2 serial
dilutions (5–25-fold sensitivity); and mild (S), less than 1 serial
dilution ( < 5-fold sensitivity). The relevant TAM-sensitive genes
were then subjected to Gene Ontology (GO) analysis using the
GO Resource (http://geneontology.org) and/or the Pombase
(https://www.pombase.org).

Microscopy of vesicles
Cells were cultivated to the log phase in YES medium at 30°C in the
presence of 20 µM TAM in 0.1% DMSO under vigorous aeration
conditions. The cells were harvested, resuspended in YES medium,
and treated with the FM4-64 staining dye (Thermo Fisher Scientific) to a final concentration of 10 μM at 30°C for 30 min. The cells
were washed, resuspended in YES medium, and incubated at 27°C
for 1 h. Their vesicles were visualized using a fluorescence microscope (Leica DM5000B, Wetzlar, Germany) equipped with a digital CCD camera (DFC350FX). Differential interference contrast
images were used as controls.
Statistical analysis
All experiments were analyzed using triplicate samples and repeated at least 3 times. Data are presented as the mean ± SD, unless
indicated otherwise. Statistical comparisons between groups were

A

performed using the Student t-test. Results with p-values < 0.05
were considered statistically significant.

Results and Discussion
Genome-wide screening of TAM-sensitive genes using the
fission yeast heterozygous gene deletion library
As a first step in genome-wide screening of TAM-sensitive target
genes, we determined the IC50 of TAM in the SP286 fission yeast
diploid strain. According to our previous genome-wide screenings,
an optimal concentration of drugs to treat a gene deletion library is
lower than the IC50. As shown in Fig. 1A, the IC50 of TAM was determined to be 17 µM in SP286. Thus, the primary screening was
performed with 15 µM TAM. The primary screening and the secondary confirmation processes were performed following the
strategy shown in Fig. 1B.
The primary screening yielded 55 candidates (data not shown).
The secondary confirmation of the primary candidates by a spotting assay resulted in 13 TAM-sensitive heterozygous strains, compared with the SP286 diploid control strain (Fig. 2). In terms of
TAM sensitivity, there were seven severe (SSS), three moderate
(SS), and three mild (S) strains. They corresponded to 10 viable
(non-essential) and three essential target genes in terms of dispensability. Next, the GO terms of the 13 TAM target genes were
examined in terms of biological processes, as shown in Table 1.

B
Primary screening of
TAM-sensitive candidates by microarray

Relative growth (%)

100

RF < 0.92 (p < 0.01)
55 Candidates

50
Secondary confirmation
by spotting assay
0

10

100

Sensitivity > S

Concentration of TAM (μM)
13 Targets

Fig. 1. Strategy for genome-wide screening of tamoxifen (TAM)-sensitive heterozygous strains. (A) Measurement of the IC50 of TAM. The
SP286 diploid control cells were treated with the indicated concentrations of TAM in 1% DMSO. After an additional cultivation for 17 h, the
growth fitness was estimated by measuring optical density at 600 nm (OD600; n = 3). (B) Schematic drawing of a genome-wide screening
of TAM-sensitive target strains. The fission yeast heterozygous deletion library was treated with 15 µM TAM. Primarily, 55 TAM-sensitive
candidate strains were selected by the criterion of relative growth fitness (RF) of <0.92 (p < 0.05) compared with the untreated (1% DMSO)
SP286 control strain, and subject to a subsequent spotting assay to confirm the candidate strains.
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Table 1. List of the 13 TAM-sensitive heterozygous strains
Gene name
cdc2
pas1
rik1
leo1
cki3
oga1
sck2
sec72
SPCC126.08c
tvp15
vps54
cct6
sks2

Gene description
Cyclin-dependent protein kinase
Cyclin Pas1
CLRC ubiquitin ligase complex WD repeat protein
RNA polymerase II associated Paf1 complex subunit
Ser/thr protein kinase
Stm1 homolog Oga1
Ser/thr protein kinase S6K
Arf GEF Sec72
Lectin family glycoprotein receptor
COPI-coated vesicle associated protein
GARP complex subunit
Chaperonin-containing T-complex zeta subunit
Hsp70 family heat shock protein

Biological process
Cell cycle [4]

Signaling [28]

Vesicle-mediated transport [13]

Protein folding [29]

Sensitivity (dispensability)
SSS (E)
S (V)
SSS (V)
SSS (V)
SSS (V)
SSS (V)
SS (V)
SS (V)
S (V)
SS (V)
SSS (E)
SSS (E)
S (V)

TAM, tamoxifen; S, mild; SS, moderate; SSS, severe; E, essential; V, viable.

DMSO (0.1%)

TAM (65 µm)

Sensitivity

Fig. 2. Confirmation of the tamoxifen (TAM)-sensitive candidate strains by spotting assays. TAM-sensitive strains primarily screened by
microarray were confirmed by a spotting assay on plates containing 65 µM TAM, compared with the SP286 control strain (on top, middle,
and bottom). The cells were 5-fold diluted serially. Their TAM sensitivity was classified as S (mild), SS (moderate), and SSS (severe).

Their GO terms were related to the following processes: ‘cell cycle’
(cdc2, rik1, pas1, and leo1), ‘signaling’ (sck2, oga1, and cki3), ‘vesicle-mediated transport’ (SPCC126.08c, vps54, sec72, and tvp15),
and ‘protein folding’ (cct6 and sks2).
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Comparison analysis of TAM-sensitive genes revealed that
the GO terms related to ‘cell cycle,’ ‘signaling,’ and ‘vesiclemediated transport’ were shared between the yeasts and
MCF7
Upon identifying the 13 TAM-sensitive genes in the study, we
compared their GO terms with those of TAM-sensitive genes
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identified in budding yeast [18] and the MCF7 breast cancer cell
line [25].
When the TAM-sensitive genes from fission yeast were compared with those from MCF7 cells and budding yeast, several GO
terms overlapped, including ‘cell cycle,’ ‘signaling,’ and ‘vesicle-mediated transport’ (Table 2). As TAM affected growth fitness in
both types of yeast, the 3 common GO terms are likely to be related to the ER-independent cytotoxicity of TAM.
Recently, we reported that the knockdown of CSNK1G2, the
mammalian orthologous gene of the yeast cki3 gene associated

with the GO term ‘signaling,’ affected cytotoxicity in an ER-dependent or -independent manner in a breast cancer cell line [20].
TAM-induced cytotoxicity is stronger in ER-positive cells than in
ER-negative cells, because CSNK1G2 differently modulates the
components of the phosphoinositide 3-kinase/AKT/mammalian
target of rapamycin/S6K signaling pathway to ERK depending on
ER. In yeasts, TAM could induce ER-independent cytotoxicity
because TAM modulates the growth-related signaling pathway despite the absence of ER. The TAM-sensitive genes related to the
cell cycle clearly appear to be involved with growth fitness in re-

Table 2. Comparison of TAM-sensitive genes identified from the fission and budding yeasts and the MCF7 mammalian cell line

Cell cycle

Fission yeast (microarray)
rik1, cdc2, pas1, leo1

Organism (method)
Budding yeast (microarray)
AMA1, SHE1, HOG1

Signaling

oga1, sck2, cki3

MKK2, INM2

GO term: Biological process

Vesicle-mediated transport vps54, SPCC126.08c, sec72, tvp15
Gene expression
Protein folding
cct6, sks2
Cell redox homeostasis
Cell differentiation
Response to estrogen
Miscellaneous
-

NEO1
POP4, PRP46, GCD2, RIT1
TRR1, PRX1
YNL179C, HTC1, NNR2, NOC2, PBA1

MCF7 cell line (RNAi)
CIT, PRKCL2, PIM2, PRKCA, ILK, PRKACB, PRKDC,
PRKACB
PRKCZ, PDK1, KRAS, PPP1R15B, AKT1, PIK3C2B,
IRAK3, PIK3C2B, CD3E, RRAS2, GRK7
ABL1, CALM3, TMPRSS2, ACK1, PIP5K1A
EDF1, IRAK3
TPM4
ESR1
FLJ23074, C10orf72, C15orf55/NUT

TAM, tamoxifen; GO, Gene Ontology.

DMSO (0.1%)
DIC

TAM (20 μM)
FM4-64

DIC

FM4-64

Control
(SP286)

Fig. 3. Tamoxifen (TAM)-induced cytotoxicity via enlargement of vesicles. After the vps54 heterozygous strain was treated with or without
20 µM TAM, its vesicle morphology was visualized by the FM4-64 staining dye and examined using fluorescent microscopy using its
differential interference contrast image as a basis, compared with the SP286 control strain. Notably, the vps54 heterozygous strain showed
enlarged vesicles (arrows in red) compared with the SP286 control strain. Moreover, the TAM treatment aggravated the cytotoxicity in
the vps54 heterozygous strain, along with more enlarged vesicles (arrows in yellow) than in the SP286 control strain. DIC, differential
interference contrast.
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sponse to TAM. Notably, the association with the GO term ‘vesicle-mediated transport’ was a novel result. This finding is consistent with an accumulating body of evidence suggesting that the integrity of vesicles plays a key role in the cellular transport of chemicals and drugs [30].

Knockdown of the vps54 gene aggravates TAM-induced
cytotoxicity and disturbs vesicle-mediated structures
The above findings prompted us to examine how the genes classified as being related to vesicle-mediated transport were related to
the ER-independent antifungal or cytotoxic effects of TAM in fission yeast. Out of the 4 TAM-sensitive genes classified as related to
the GO term ‘vesicle-mediated transport’ (SPCC126.08c, vps54,
sec72, and tvp15), only the vps54 gene, which encodes a GARP
complex subunit protein, was essential in terms of dispensability.
Thus, vps54 was selected for further experiments, because essential genes are feasible for a functional study.
As the vps gene family has been reported to affect the integrity
of vesicles in terms of their amount and shape [31], we investigated whether its knockdown would affect growth fitness and cause a
change in the number or shape of vesicles in response to TAM.
Even without TAM treatment, the vps54 heterozygous mutant
showed a high penetrance of enlarged vesicles (red arrows in Fig.
3) without any detectable change in cell shape (Fig. 3) and growth
fitness (Fig. 2), compared with the SP286 control strain. The results suggest that 2 copies of the vps54 gene are required to maintain the stability of vesicle size. When treated with TAM, the vps54
heterozygous mutants showed more enlarged vesicles (yellow arrows in Fig. 3) along with aggravated cytotoxicity (Fig. 2), compared with the SP286 control. It is likely that haploinsufficiency of
vps54 caused abnormal vesicle shape, leading to TAM-induced cytotoxicity. Consistent with these results, TAM has been reported
to affect vesicle-mediated transport in mammalian cells [9], including exocytosis and vesicular release [32].
On the contrary, there is an accumulating body of evidence reporting that blockade of the proton V-ATPase might affect the
transport of drugs and metabolites due to malfunctioning vacuolar
pH in mammalian cell lines [13,33]. However, this was not the
case in fission yeast, as the heterozygous deletion mutants of vma
genes encoding V-ATPase were not sensitive to TAM treatment
(data not shown).
In this study, for the first time in fission yeast, we have found that
one of the action mechanisms of the ER-independent antifungal
activity of TAM is related to vesicle-mediated transport, as in
mammalian cells. Further in-depth research is needed to clarify
the details of how TAM aggravates abnormal vesicle structure in
6/8

the vps54 heterozygous strain and how abnormal vesicles are related to TAM-induced cytotoxicity.
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Mutation signatures represent unique sequence footprints of somatic mutations resulting
from specific DNA mutagenic and repair processes. However, their causal associations and
the potential utility for genome research remain largely unknown. In this study, we performed PanCancer-scale correlative analyses to identify the genomic features associated
with tumor mutation burdens (TMB) and individual mutation signatures. We observed that
TMB was correlated with tumor purity, ploidy, and the level of aneuploidy, as well as with
the expression of cell proliferation-related genes representing genomic covariates in evaluating TMB. Correlative analyses of mutation signature levels with genes belonging to specific DNA damage-repair processes revealed that deficiencies of NHEJ1 and ALKBH3 may
contribute to mutations in the settings of APOBEC cytidine deaminase activation and DNA
mismatch repair deficiency, respectively. We further employed a strategy to identify feature-driven, de novo mutation signatures and demonstrated that mutation signatures can
be reconstructed using known causal features. Using the strategy, we further identified tumor hypoxia-related mutation signatures similar to the APOBEC-related mutation signatures, suggesting that APOBEC activity mediates hypoxia-related mutational consequences
in cancer genomes. Our study advances the mechanistic insights into the TMB and signature-based DNA mutagenic and repair processes in cancer genomes. We also propose that
feature-driven mutation signature analysis can further extend the categories of cancer-relevant mutation signatures and their causal relationships.
Keywords: DNA damage repair, mutation signature, tumor hypoxia, tumor mutation burden
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Recent advances in genomic sequencing technologies have yielded a huge catalog of somatic mutations in cancer genomes across diverse tumor types [1]. In addition to identifying cancer-driver mutations, including druggable targets [2,3], clinical benefits associated with the quantitative nature of somatic mutations, such as the tumor mutation burden (TMB), have been demonstrated to be predictive markers for immune checkpoint
inhibitors [4-6]. The TMB of cancer genomes is highly variable within and between tu1 / 11
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mor types [7], with varying causal mechanisms that lead to hypermutation and mutator phenotypes [8]. To advance our understanding on the heterogeneity of TMB and its clinical relevance, it
is essential to assess the roles of various exogenous and endogenous mutagenic agents and DNA repair-replication processes [9],
as well as their relationship with genomic features.
Mutational processes are known to leave characteristic sequence
features in the genomes [10]. Well-recognized examples include
C:G > A:T transversions and C:G > T:A transitions associated
with the mutagens of tobacco smoking in lung cancers [11] and ultraviolet radiation in skin cancers [12], respectively. The distinct sequence features of individual mutagenic processes indicate that the
mutational processes that have been operative in cancer genomes
can be inferred by sequence-based analyses. Accordingly, recently
proposed trinucleotide context-based analysis of cancer genomes
based on deconvolution techniques, such as non-negative matrix
factorization (NMF), has revealed more than 30 mutations signatures across 7,000 cancer genomes (hereafter, Sig.#1 to Sig.#30 as
annotated in the Sanger mutation signature database; https://cancer.sanger.ac.uk/cosmic/signatures) [10,13]. Signature-level mutation analysis enables the molecular dissection of TMB according to
the distinct origins of the mutations because mutation signatures
are often associated with causal genetic mechanisms or genes corresponding to endogenous mutagens and DNA repair-replication
processes. For example, overactivity of APOBEC cytidine deaminase leads to the accumulation of mutations consistent with Sig.#2
and Sig.#13, with sequence preferences of C > G and C > T within
the TpCpN trinucleotide contexts [14]. Genetic events responsible
for the deficiency of DNA repair enzymes have also been shown for
some mutation signatures, e.g., somatic DNA mismatch repair deficiency (MMRd) in colorectal and endometrial cancers are frequently associated with promoter hypermethylation and transcriptional downregulation of MLH1 [7]. In addition, deregulation of
DNA repair or the proofreading polymerase genes of BRCA - [15]
and POLE-deficient genomes [16] leads to mutations consistent
with Sig.#3 and Sig.#10, respectively [10]. However, the genetic
mechanisms and potential gene markers for the majority of mutation signatures are still largely unknown.
It is also possible that the current list of mutation signatures is not
yet complete. The missing mutation signatures may be found in somatic mutations with a unique presentation, e.g., a recent mutation
signature analysis focusing on clustered mutations revealed a novel
signature associated with an activity of a translesional polymerase
of POLH [17]. We also reported a cisplatin treatment-related mutation signature that was exclusively observed in head and neck cancers with a history of chemotherapy, not in treatment-naïve cancer
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genomes [18]. Given that the current list of mutation signatures
has been largely obtained by deconvolution-based methods, such
as NMF, methods using differential nucleotide frequencies may
lead to the identification of novel mutation signatures representing
specific tumor phenotypes or genotypes.
Large-scaled multi-omics cancer genome data may serve as valuable resources to identify underlying genetic mechanisms and key
DNA repair genes that contribute to somatic mutations and the
TMB of cancer genomes. In this study, we performed PanCancer-scaled correlative analyses that linked TMB and mutation signatures with multi-omics datasets available from the PanCancer-scale Cancer Genome Atlas (TCGA) consortium. We first
evaluated the correlation of TMBs with systematic genomic features, such as tumor purity, ploidy, and aneuploidy. Then, TMB
was deconvoluted into the level of known mutation signatures (i.e.,
the extent of contribution of 30 mutation signatures in given cancer genomes), which were subject to multi-omics correlative analyses to discover known and novel relationships between mutation
signatures and their potential genetic mechanisms. We also proposed a feature-driven mutation signature discovery method to
identify de novo mutation signatures as differential trinucleotide
frequencies based on tumor features of interests, such as homologous recombination (HR) deficiency or tumor hypoxia.

Methods
Mutation information
The TCGA cancer mutation profiles as well as from other
multi-omics dataset encompassing 9,587 tumor specimens and
> 30 tumor types were downloaded from TCGA PanCancer Atlas
(https://gdc.cancer.gov/about-data/publications/pancanatlas).
Duplicate cases were removed and only mutations from primary
tumor genomes, ignoring those from recurrent or metastatic genomes, were considered. TMB was defined as the sum of all types
of somatic calls for single nucleotide variations and short indels.
We also obtained tumor purity and ploidy data, as well as other
copy number-related variables from the literature [19].
Gene set enrichment analysis
To identify molecular functions associated with TMB, we calculated Pearson’s correlation coefficients for individual gene expressions (log-scaled RSEM) with TMB (log-scaled). Gene-level correlations were subjected to the pre-ranked version of gene set enrichment analysis (GSEA) with Gene Ontology (GO) terms [20]
available in MSigDB (http://software.broadinstitute.org/gsea/
msigdb/index.jsp; c5 category).
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Signature analysis
For known mutation signatures, we download 30 signatures as
Sanger ver.2 mutation signatures (Sig.#1–Sig.#30, https:// cancer.
sanger.ac.uk/cosmic/signatures). For signature deconvolution, we
used deconstructSigs R packages version 1.8.0 in R version 3.6.1
[21] to derive the relative contribution of individual mutation signatures to given cancer genomes. The estimated contribution or
the number of mutations belonging to individual signatures were
used as signature levels for the subsequent correlative analyses. For
mutation signature analysis, we used 6,040 cancer genomes harboring no less than 50 mutations. For correlation, we selected 254
genes that belong to DNA damage and repair (DDR) processes
available in a previous study [22].
Supervised identification of mutation signatures
A mutation signature representing APOBEC overactivity was derived as the differentials of trinucleotide frequencies between the
tumors with high and low expression of APOBEC3A (95th and
5th percentiles, respectively). In the case of the mutation signature
representing MLH1 deficiency, the differentials were calculated
between the low and high expression of MLH1. Only positive values of differential trinucleotide frequencies were considered for
mutation signatures, given that negative values have no biological
significance for signature-based analysis. For the POLE-signature,
the differential trinucleotide frequencies were obtained by comparison of the POLE-mutated and wild-type genomes. Such identified feature-driven mutation signatures were compared with
known mutation signatures using hierarchical clustering of similarities in the 96 trinucleotide frequencies.
Mutation signatures representing HR deficiency and tumor
hypoxia
Three HR deficiency-representing scores of the number telomeric
allelic imbalance (NtAI), large scale transition (LST), and loss of
heterozygosity (HRD-LOH) were obtained from a previous publication [23]. Eight scores representing tumor hypoxia estimated
from mRNA signatures were also obtained from the literature
[24]. Two types of mutation signatures were acquired per score.
For an example of a hypoxia score, positive and negative differential values of the trinucleotide frequencies between genomes with
high and low hypoxia scores were obtained as hypoxia- and normoxia-representing mutation signatures. To estimate the mutation
signature levels using two signatures for each genome score, we
employed metagene projection, where the positive linear combination of the two mutation signatures, i.e., hypoxia and normoxia
from a single genome score, were projected onto the normalized
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mutation frequencies across the genomes to be examined [25].
For metagene projection, we used Moore-Penrose generalized
pseudoinverse with the ginv function of the R MASS library (version 7.3–51.4) as previously described [26].

Results
Genomic features associated with TMB across cancer
genomes
To identify potential genomic covariates of TMB, we performed a
PanCancer-scale correlative analysis with systematic genomic features, such as tumor purity and ploidy for 9,857 TCGA cases.
First, we observed that the log-transformed TMB was inversely
correlated with tumor purity (r = –0.118) (Fig. 1A and 1B). We
previously showed that the tumor purity represents a surrogate
marker for the level of tumor-infiltrating immune cells, including
cytotoxic T cells [27], and the observed purity-TMB relationship
may reflect the association between the level of tumor-infiltrating
immune cells and TMB. We also observed that TMB was positively correlated with the level of aneuploidy, i.e., TMB was correlated
with tumor ploidy (r = 0.161) (Fig. 1C and 1D) and also with the
number of dosage-imbalanced copy number segments (r = 0.291)
(Fig. 1E). These relationships have been previously reported
[19,28], including the presence of a unique subset of tumors
showing depletion of the copy number segments and an elevated
mutation rate [7], a majority of which represented microsatellite
instability-high or high microsatellite instability (MSI-H) genomes
(red dots in Fig. 1E).
To assess the feasibility whereby the multi-omics dataset, including expression data, can be exploited to support the previously
established relationship, we evaluated MLH1, whose promoter
methylation, along with transcriptional downregulation are frequently observed in MSI-H genomes. Fig. 1F and 1G show the inverse and positive correlation of MLH1 methylation and transcript
levels with TMB (r = –0.349 and r = 0.339, respectively). This
finding is consistent with a previous study that reported the DNA
promoter methylation of MLH1 was a major somatic mechanism
and resulted in transcriptional downregulation leading to MMRd
[29]. We also evaluated APOBEC3A, whose cytidine deaminase
activity is associated with a substantial number of somatic mutations across multiple tumor types [14,30] (Supplementary Fig. 1).
In contrast to MLH1, APOBEC3A showed a positive correlation
with its transcript levels and TMB; however, the level of methylation of APOBEC3A was inversely correlated with TMB, suggesting
that the transcript levels are controlled, at least to some extent, by
promoter methylation levels as potential transcriptional regulators.
3 / 11
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Fig. 1. The relationship between tumor mutation burden (TMB) and other genomic features. (A) A scatter plot shows the inverse correlation
between log2-transformed TMB and tumor purity. (B) TMB is shown for three equal-sized tumor bins (low-moderate-high tumor purity).
(C, D) The positive correlation between TMB and tumor ploidy levels. (E) A scatter plot shows the positive correlation between TMB and the
number of dosage-imbalance segments. Red dots indicate tumors with high microsatellite instability. (F, G) TMBs are shown against the
expression level of MLH1 and the level of promoter methylation of MLH1.

We also performed GSEA to identify molecular functions associated with the TMB (Supplementary Tables 1 and 2). The genes
whose expression levels are positively or inversely correlated with
TMB were enriched corresponded to cell-cycle and ion transport
functions, respectively. Cell cycle-related replication stress is
known to be a potential cause of mutations [31] and the transcriptional activation of cell-cycle-related genes may be related to the
number of cell cycles of cancer stem cells. However, given that the
TMB represents an admixture of mutations resulting from varying
mutagenic or repair processes, the correlative analysis of TMB is
limited in identifying the specific causal genes or mechanisms.

Mutation signature correlative analyses for DNA DDR genes
The deconvolution-based, mutation signature level represents the
relative contribution and activity levels of specific mutagenic or repair processes and may be a more appropriate resource for correlative analyses. For known mutation signatures, we obtained 30 mu4 / 11

tation signatures (Sanger ver. 2 mutation signatures, annotated
Sig.#1–Sig.#30). For PanCancer tumor specimens, we estimated
the relative contribution or signature levels of 30 known mutation
signatures [21] and performed correlative analyses with the expression level of 254 genes belonging to the DDR pathway [22].
The distribution of PanCancer-scale correlation levels for 30
known mutation signatures are shown for gene expression and
promoter methylation levels of the DDR genes, respectively (Fig.
2A and 2B). As expected, the lowest level of correlation with gene
expression of MLH1 (r = –0.551) (arrow in Fig. 2A) and the second-highest level of correlation with promoter methylation of
MLH1 (r = 0.233) (arrow in Fig. 2B) were observed with Sig.#6
levels representing MMRd. The correlation levels for individual
mutation signatures with DDR gene expression and promoter
methylation are available in Supplementary Tables 3 and 4.
In addition to MLH1, a substantial level of inverse correlations
were observed for certain DDR gene expression and mutation sig-
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Fig. 2. Correlative analysis of mutation levels with the damage and repair (DDR) gene. (A) The levels of 30 mutation signatures were
correlated with the expression of 250 DDR genes. The Y-axiss shows the correlation, with arrows for selected genes (ALKBH3, BRCA1,
MLH1, and NHEJ1). (B) The correlation between the 30 mutation signature levels and DDR gene promoter methylation levels. (C) A scatter
plot shows the expression level of APOBEC3A and NHEJ1 (log-scaled). The cancer genomes were discriminated into four classes using the
median APOBEC3A and NHEJ1 expression (shown by red lines). (D) A significant difference was observed in the Sig.#2 levels of those with
or without NHEJ1 deficiency only for APOBEC3A overexpression (p = 2.6e-26; t-test). (E) A scatter plot shows the distribution of ALKBH3
expression (x-axis; log2-scaled) and MLH1 expression (y-axis; log2-scaled). Red dots indicate the high microsatellite instability cases. (F) A
significant difference was identified for the Sig.#6 levels between those with or without ALKBH3 deficiency (p = 1.04e-12; t-test) only with
MLH1 deficiency.

nature pairs, such as NHEJ1-Sig.#2 (r = –0.221, 1st ranked in
Sig.#2) (Fig. 2A) and BRCA1-Sig.#3 (r = –0.224, 1st ranked in
Sig.#3) (Fig. 2A), suggesting that their deficiency may give rise to
mutations belonging to the corresponding mutation signatures.
The association between BRCA loss and Sig.#3 representing HR
deficiency has been well documented [15]; however, the association between NHEJ1 that encodes essential DNA repair factors
mediating non-homologous end-joining (NHEJ) with Sig.#2 is
not well known. Furthermore, NHEJ1 expression was also negatively associated with the level of Sig.#13 (r = –0.212, 1st ranked
in Sig.#13) (Fig. 2A), which is similar to Sig.#2 in potential causality and nucleotide composition [10]. Hierarchical clustering of
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joint profiles of mutation signature levels and DDR gene expression also highlights the association between NHEJ1 and Sig.#2/
Sig.#13 (Supplementary Fig. 2). Since no substantial level of correlation between NHEJ1 and APOBEC3A was noted, we classified the genomes into four classes according to the median expression of two genes (APOBEC3A-high/low and NHEJ1-high/low)
and the Sig.#2 levels are shown against four classes (Fig. 2C). Genomes with low expression levels of APOBEC3A were almost devoid of Sig.#2 levels, regardless of NHEJ1 expression levels. However, the APOBEC3A-expressing genomes were further discriminated into two classes according to NHEJ1 expression levels with
significant differences in the Sig.#2 levels (A-hi, N-hi vs. A-hi, N-lo,
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p = 2.6e-26; t-test) (Fig. 2D).
These findings suggest that NEHJ1 deficiency alone does not
contribute to Sig.#2 mutations without APOBEC3A activity;
however, an NHEJ1 deficiency may potentiate the mutagenic activity of APOBEC cytidine deaminase. Given the roles of NHEJ1
in double-strand breakage (DSB) repair [32], it is assumed that an
NHEJ1 deficiency may pose DSB repair leaving the transient single strand terminus open as a substrate for APOBEC mutagenesis,
but, this hypothesis requires further investigation.
For Sig.#6 associated with MLH1 deficiency and MMRd, we
also observed substantial correlation with ALKBH3 expression
and ALKHB3 promoter methylation (r = –0.215 and r = 0.304;
2nd and 1st ranked in Sig.#6, respectively) (Fig. 2A and 2B). The
relationship between the methylation level of MLH1 and ALKBH3 and the level of Sig.#6 are illustrated in the hierarchical clustering of the joint methylation profiles and mutation signature levels (Supplementary Fig. 2), as well as those of the DDR gene expression profiles (Supplementary Fig. 3). The prevalent epigenetic
modification of ALKBH3 has been recently reported [22] but its
functional significance is largely known. The similar regulatory relationship (i.e., an inverse correlation between the expression and
methylation) of MLH1 and ALKBH3 is not simply explained by
genomic adjacency (ALKBH3 on 11p11.2 and MLH1 on 3p22.2,
respectively). We further classified the genomes into four classes
according to the median expression of MLH1 and ALKBH3 (Fig.
2E; red dots for MSI-H cases) and the Sig.#6 levels are shown
against four classes with significant difference (p = 1.04e-12,
t-test) (Fig. 2F). This suggests that ALKBH3 deficiency may accelerate the generation or accumulation of Sig.#6-consistent mutations in the context of MMRd induced by MLH1 deficiency.

Feature-driven discovery of mutation signatures
The correlation of gene expression or other genomic features, such
as DNA promoter methylation levels with their attributed mutation signature levels, suggests that the corresponding mutation signature can be directly derived using gene-level features, such as
mRNA expression. For example, de novo mutation signatures representing a deficiency in DDR genes can be derived as differential
trinucleotide frequencies between the genomes with high and low
expression of the gene. We tested the methods for three genes
whose transcript levels or somatic mutations were associated with
the cognate mutation signatures—Sig.#2/APOBEC3A (high-expression), Sig.#6/MLH1 (low-expression), and Sig.#10/POLE
(somatic mutation) (Fig. 3). The mutation signature representing
APOBEC overactivity was derived as differential trinucleotide frequencies between the genomes with high expression of APOBE6 / 11

C3A and those with low expression. The MMRd-representing signature was also inferred from the comparison of genomes with low
MLH1 expression and those with high MLH1 expression. The genomes with POLE mutations were also compared to those without POLE mutations to derive POLE-related mutation signatures.
Since the negative contribution of mutation profiles is not biologically meaningful in terms of mutation signatures, only positive differentials were taken into account. Fig. 3A shows three mutation
signatures derived from 96 trinucleotide frequencies, along with
their cognate mutation signatures (Sig.#2, Sig.#6, and Sig.#10, respectively). Fig. 3B also shows that feature-driven mutation signatures were segregated along with their cognate signatures in terms
of trinucleotide frequencies.
In addition to single gene-based mutation signature discovery,
we further tested whether the genomic features could be used for
the discovery of de novo mutation signatures. We first obtained
three somatic copy number alteration (SCNA)-based scores representing HR deficiency (NtAI, LST, and HRD-LOH) [23]. As
expected, three HR deficiency score-driven mutation signatures
were similar to Sig.#3 in terms of trinucleotide frequencies (Fig.
3C) and were also segregated along with Sig.#3 in hierarchical
clustering (Fig. 3B). Next, we further explored whether the mutation signature levels estimated by metagene projection for each
HR deficiency score were correlated with the original scores of
HR deficiency. For each of HR deficiency scores, the positive and
negative differential of the trinucleotide frequencies were collected
as pairs of mutation signatures corresponding to the scores (Pos.
and Neg. signatures, respectively). The mutation signature levels
were estimated by metagene projection for each pair of signatures
and then were correlated with the original scores. Fig. 3D shows
the level of correlation. Positive (r = 0.465–0.499) and negative
correlation (r = –0.171 to –0.208) were observed for the corresponding score pairs, suggesting that the SCNA-based HR deficiency scores could be reproduced to some extents, by the mutation signature levels (see Supplementary Fig. 4 for individual correlations).

Mutation signatures representing tumor hypoxia
To further test the feasibility of using feature-driven mutation signatures, we selected tumor hypoxia as one of the key tumor hallmarks associated with poor prognosis and treatment failure of various cancers [24]. We obtained eight mRNA signature-based tumor hypoxia scores from the literature and identified mutation signatures by the differential trinucleotide frequencies of mutations
between hypoxic and normoxic tumors using the hypoxia scores.
Of note, hierarchical clustering showed that the six of the eight hy-
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differentials of the trinucleotide frequencies are shown as potential mutation signatures. For example, the differential of trinucleotide
frequencies between genomes with high and low expression of APOBEC3A is shown, along with those for MLH1 expression and POLE
mutations with similar frequency distributions with their cognate mutation signatures (right). (B) A heatmap of trinucleotide frequencybased hierarchical clustering shows that Sig.#2, Sig.#6, and Sig.#10 are segregated with mutation signatures derived from APOBEC3A
expression, MLH1 expression, and POLE mutations, respectively. Sig.#3 were also clustered with three mutation signatures derived from
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poxia score-based mutation signatures showed similarities to those
of APOBEC-related Sig.#2 and Sig.#13 (Fig. 4A). In addition, the
hypoxia scores also showed a substantial correlation with the gene
expression levels of APOBEC3A (Fig. 4B), suggesting that the genomic consequences of tumor hypoxia, at least for somatic mutations, were mainly attributed to APOBEC activity. For eight tumor
hypoxia scores, the resulting mutation signatures and their levels
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measured by metagene projection were substantially correlated
with the mRNA-based hypoxia scores (Fig. 4C). This suggests
that the impact of tumor hypoxia in terms of somatic mutations
may have specific nucleotide predisposition on the tumor genome
and the level of impact may be predicted by the mutation profiles
of cancer genomes.
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Fig. 4. Mutation signatures of tumor hypoxia. (A) Eight mutation signatures were derived based on the mRNA-based tumor hypoxia
scores with literature-based annotation as obtained. A heatmap is shown to demonstrate that six out of eight tumor hypoxia-representing
mutation signatures are co-segregated with APOBEC-related Sig.#2 and Sig.#13 (open box; upper) for 96 trinucleotide contexts. Two
hypoxia mutations were also co-segregated with Sig.#19. (B) A bar plot shows correlations between the level of APOBEC3A transcripts
and tumor hypoxia scores. Asterisks identify six signatures co-segregated with Sig.#2 and Sig.#13 in (A). (C) Correlations are shown for the
mutation signature levels derived from the tumor hypoxia scores and the hypoxia scores. Red and green represent the correlations for tumor
hypoxia and normoxia scores, respectively.

Discussion
In this study, we performed PanCancer-scaled correlative analyses
for the TMB and their deconvoluted mutation signatures with various genomic features, including the expression of DDR genes. We
further proposed an analytical framework to derive feature-driven
mutation signatures representing the genotypic or phenotypic
variables of interest.
TMB, a measure of the total number of mutations in a given
cancer genome, has been recently highlighted as a biomarker for
treatment with immune checkpoint inhibitors [5,33]. Thus, it is
important to identify TMB-correlating genomic features. This
study demonstrated that systematic genomic variables of cancer
genomes, such as tumor purity, ploidy, and the level of aneuploidy,
were correlated with TMB. But whether the observed correlation
was due to a causal relationship or the identified genomic features
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represented confounding factors remains unknown. For the latter,
the correlating features can be taken into account in TMB-centric
correlative analysis, e.g., clinical benefits of high TMB for immunotherapy. We recently demonstrated that tumor purity was a confounding factor for cancer genome analyses, including the correlation between TMB and the abundance of tumor-infiltrating cells
[27]. Given the overall positive correlation between TMB and the
level of aneuploidy, it is still possible that an underlying mechanism in the cancer genome elevates both the genomic instability in
terms of tumor ploidy and aneuploidy, along with the TMB. One
main assumption is that the TMB of individual cancer genomes
represents the aggregate of multiple mutagenic and DNA repair-replicative processes. GSEA only revealed the universal cellular functions of the cell cycles and chromosome-related genes were
relatively overexpressed in high-TMB tumors. This is consistent
with a previous assumption that the number of cell cycles and
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thus, elevated cell cycling in cancer stem cells, may be associated
with elevated TMB [31]. However, TMB-based correlative analysis hardly points to specific DNA mutagenic or repair-replicative
processes with potential biological or clinical relevance. To cope
with this issue, we deconvoluted the TMB into known, multiple
mutation signatures and used their levels for the correlative analyses. Here, we focused on the expression and promoter DNA methylation of 270 DDR genes belonging to nine DNA damage-repair-replicative processes [22]. Along with MLH1, whose promoter hypermethylation and the resulting transcriptional downregulation lead to somatic MSI-H genotypes and the generation of mutations belonging to Sig.#6, we observed an additional relationship
between Sig.#2-vs.-NHEJ1 deficiency and Sig.#6-vs.-ALKBH3 deficiency. In both cases, deficiencies in NHEJ1 and ALKBH3 alone
did not increase mutations corresponding to Sig.#2 or Sig.#6. Instead, their deficiency is effective only in the genome with APOBEC overactivity and MMRd, suggesting that their potential mutagenic activity requires specific conditions. In addition to further
validation, the list of DDR genes showing high levels of correlation
may serve as potential candidates in the search of hypermutated
cancer genomes with clinical benefits [8].
Currently, available mutation signature discovery methods are
classified into two categories, e.g., those for “de novo ” mutation
signature extraction and the others for “signature refitting” using
known mutation signatures [34]. For the former, unsupervised
NMF or its derivatives have been proposed to extract the de novo
mutation signatures whose lineage specificity and potential causal
association are investigated post hoc . However, it has been rarely
discussed whether the mutation signatures can be derived in a supervised manner directly from phenotypic or genotypic scores of
interests and can serve as a proxy to infer original scores. To test
the feature-driven discovery of mutation signatures, we first
demonstrated that Sig.#2, Sig.#6, and Sig.#10, known to be associated with APOBEC overexpression, MLH1 under-expression, and
POLE mutations, could be derived using the associated genetic
features, e.g., the differential trinucleotide frequencies between genomes with or without the causal features. Next, we used three
SCNA-based scores representing HR deficiency to derive three
mutation signatures, which were similar to Sig.#3 associated with
BRCA deficiency. Of note, the levels of mutation signatures representing HR deficiency showed a concordance with the original
SCNA-based HR deficiency scores, suggesting that the mutation
profiles could be used to infer the level of HR deficiency, previously done by SCNA profiles. The use of quantitative features of somatic mutations to assess the nature of cancer genomes has been
largely limited to TMB. However, our study demonstrated that the
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somatic mutations identified as mutation signatures could serve as
cancer markers. The genomic alterations associated with tumor
hypoxia have been previously reported, such as HR deficiency
[24] and the deficiency of TP53 [35] and RAD53 [36]. Tumor
hypoxia has been proposed to increase the mutation rates of cancer genomes with the downregulation of MMR genes [37], however, the impact of tumor hypoxia on tumor mutations is not well
understood. This study showed that the majority of tumor hypoxia-driven mutation signatures resembled those of the APOBEC-related signatures of Sig.#2 and Sig.#13 in terms of trinucleotide frequencies. Along with the correlation between the transcript levels
of APOBEC and tumor hypoxia scores, this observation suggests
that tumor hypoxia is associated with APOBEC activity and that
the somatic mutations in hypoxic tumor genomes may be largely
attributed to the APOBEC-mediated C-to-T transitions. As in the
case of the SCNA-driven HR deficiency scores, mRNA-based tumor hypoxia scores were concordant with the mutation signatures
levels inferred from the mutation profiles of cancer genomes. This
indicates that the mutation profiles can be used as proxies to infer
various cancer genome-related features for mutation signature-based analysis. Although our exploratory study requires further validation in an extended, validation cohort, the potential of
mutation signatures to derive cancer hallmark features, such as HR
deficiency and tumor hypoxia, may be extended to mutation signature-based tumor markers with potential clinical relevance.
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In addition to mutations and copy number alterations, gene fusions are commonly identified in cancers. In thyroid cancer, fusions of important cancer-related genes have been
commonly reported; however, extant panels do not cover all clinically important gene fusions. In this study, we aimed to develop a custom RNA-based sequencing panel to identify
the key fusions in thyroid cancer. Our ThyChase panel was designed to detect 87 types of
gene fusion. As quality control of RNA sequencing, five housekeeping genes were included
in this panel. When we applied this panel for the analysis of fusions containing reference
RNA (HD796), three expected fusions (EML4-ALK, CCDC6-RET, and TPM3-NTRK1) were
successfully identified. We confirmed the fusion breakpoint sequences of the three fusions
from HD796 by Sanger sequencing. Regarding the limit of detection, this panel could detect the target fusions from a tumor sample containing a 1% fusion-positive tumor cellular
fraction. Taken together, our ThyChase panel would be useful to identify gene fusions in
the clinical field.
Keywords: fusion, next-generation sequencing, RNA sequencing panel, thyroid cancer
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Thyroid cancer is one of the most rapidly increasing cancers throughout the world, including South Korea [1]. Although most thyroid cancers show more favorable behavior
than other cancers, and the 5-year disease-specific survival of thyroid cancer is above 98%
[2], some thyroid cancers show aggressive behavior such as distant metastasis [3].
Next-generation sequencing (NGS) technology and efforts to identify genetic alterations in cancers, such as the Cancer Genome Atlas, have revealed genetic alteration profiles in diverse cancers [4]. In addition to mutations and copy number alterations, gene fusions are commonly identified in cancers, including thyroid cancer [5,6]. Gene fusions are
mainly caused by chromosomal rearrangement; therefore, fusion events may have more
tumorigenic implications than point mutations because cancer-related genes such as the
RET oncogene can be overactivated through gene fusion [7]. The most common fusion
events in thyroid cancer are the RET/PTC rearrangement in papillary thyroid cancer
(10%–30%) and PPARG-PAX8 rearrangement in follicular thyroid cancer (30%–60%)
[8]. Various other gene fusions have also been identified in thyroid cancer, including RET,
THADA, NTRK1, NTRK3, ALK, BRAF, MET, and FGFR2 [8]. It is well known that gene
1 / 10
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fusions can affect the tumor behavior and prognosis of thyroid cancer [9,10]. For example, NTRK1/3 fusions have been reported to
be associated with advanced tumor stage and aggressive lymphovascular invasion [11-13]. Tumors with ALK fusions have been
suggested to have a higher likelihood of dedifferentiation [14].
Therefore, detecting gene fusion events is essential both for diagnostic purposes and for predicting patients’ prognoses.
From a technical standpoint, the detection of fusion genes by
DNA-based NGS is almost impossible due to the presence of diverse-sized intronic sequences between the fusion target exons.
Therefore, RNA-based NGS panel analyses are commonly conducted to detect the target fusions in thyroid cancer in addition to
the use of DNA-based NGS to detect somatic mutations. RNAbased NGS panels should include housekeeping genes. Since
housekeeping genes are expressed in all tissue compartments and
cell types, they can be used for quality control and normalization
of NGS data [15]. In addition, housekeeping genes may drive the
expression of fusion genes such as VIT-ALK in lung adenocarcinoma [16,17]. Multiple panels for thyroid molecular analysis have
been developed [9]. Among them, ThyroSeq, a DNA- and RNAbased NGS assay including 112 genes, is the most commonly used
panel across the world; it can detect more than 100 genetic alterations, including major gene mutations, fusions, and gene expression alterations [18]. This panel provides high accuracy for detecting all common types of thyroid cancer and parathyroid lesions
using a fine-needle aspiration sample. However, no extant panels
cover all clinically important gene fusions in thyroid cancer.
In this study, we aimed to develop a custom RNA-based NGS
panel to identify the important fusion events in thyroid cancer. In
addition to the key fusions in thyroid cancer, uncommonly reported fusions and fusion subtypes were also included in this panel.

Methods
Samples
In this study, we used two standard materials: HD796 (Horizon
Discovery, Cambridge, UK) as a fusion-positive control and
HD783 (Horizon Discovery) as a fusion-negative control. HD796
is a formalin-fixed paraffin-embedded (FFPE) tissue that contains
the EML4-ALK, CCDC6-RET, SLC34A2-ROS1, TPM3-NTRK1,
and ETV6-NTRK3 fusions. HD783 is an FFPE sample that does
not contain those fusions. RNA was extracted from the FFPE sample using an FFPE Total RNA Miniprep System kit (Promega,
Madison, WI, USA). The quality and quantity of RNA samples
were determined using a NanoDrop 2000c spectrophotometer
(Thermo Fisher Scientific, Waltham, MA, USA).
2 / 10

Library preparation
cDNAs were synthesized using a SuperScript VILO cDNA Synthesis Kit (Thermo Fisher Scientific) and used for NGS library preparation. The libraries were manually constructed using our custom
thyroid fusion panel, ThyChase. The amplicon library was prepared with the Ion Plus Fragment Library Kit (Life Technologies,
Waltham, MA, USA) and the Ion Xpress Barcode Adapters Kit
(Life Technologies) according to the manufacturer’s instructions.
In detail, 10 μL of cDNA was amplified in reaction mixtures of 59
μL containing 45 μL of Platinum PCR SuperMix High Fidelity and
4 μL of ThyChase panel. Polymerase chain reaction (PCR) was
performed with a GeneAmp 9700 thermal cycler (Thermo Fisher
Scientific) under the conditions of 95°C for 2 min followed by 35
cycles of 95°C for 15 s, 58°C for 15 s, 68°C for 10 s, and a final hold
at 4°C. Libraries were purified using 106 μL of AMPure XP Reagent (Beckman Coulter, Miami, FL, USA) on a magnetic stand
(Thermo Fisher Scientific) and eluted with 25 μL of low tris-EDTA
buffer. Then, adapter ligation and nick repairing were performed to
make barcode sequencing adapters (Ion Xpress Barcode Adapters,
Thermo Fisher Scientific). Finally, the libraries were quantified using quantitative PCR (qPCR; Ion Library Quantitation Kit, Thermo Fisher Scientific) on a QuantStudio 12K Flex Real-Time PCR
System qPCR machine (Thermo Fisher Scientific).
Template preparation and NGS reaction
Emulsion PCR, bead enrichment, and chip loading procedures
were automatically performed on an Ion Chef instrument (Thermo
Fisher Scientific) using Ion 510, 520, and 530 Kits (Thermo Fisher
Scientific). A planned run was created for each chip within Ion Torrent Suite Software v5.12.1 (Thermo Fisher Scientific) with the
template size set at 200 bp. The NGS libraries were then sequenced
on an Ion S5 XL sequencer (Thermo Fisher Scientific) [18].
Data analysis
Raw sequence data were analyzed with the Torrent Suite (version
5.12.1, Thermo Fisher Scientific). A custom reference genome
was assembled to contain sequences of the 87 designed target fusions and five housekeeping genes based on hg19. To call the
mapped sequence data, we used Torrent Coverage Analysis (version 5.12.0.0). More than five support reads were considered as
fusion-positive. The identified fusions were then manually inspected in the Integrative Genomics Viewer (IGV, Broad Institute,
Cambridge, MA, USA). The mean sequencing depth was 5,189 ×
(range, 3,665 × to 6,729 × ) across the entire target region (Supplementary Table 1). The dataset for the current study is available
from the corresponding author upon reasonable request.
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Limit of fusion detection and validation
To determine the limit of detection (LOD) of fusions, we diluted
the RNA extracted from the NCI-H2228 cell line (EML4-ALK fusion-positive) by mixing it with the RNA extracted from the FTC133 cell line (EML4-ALK fusion-negative) from 100% to 0.5%.
The RNAs were subjected to RNA sequencing using the ThyChase panel. To verify the fusions identified by the ThyChase
panel, we performed Sanger sequencing of the fusion amplicons.

Results and Discussion
Design of the RNA sequencing panel
We designed an NGS panel named ThyChase containing 92 genes,
targeting 87 gene fusion types and five housekeeping genes. The
fusion targets were selected based on previous reports and the
COSMIC database [7,8,19-64]. Of the 15 fusion targets, eight
(RET, THADA, BRAF, ALK, FGFR2, NTRK1, NTRK3, and
PPARG) are known to have multiple fusion partners, while the oth-

Table 1. The fusion genes and their fusion partners contained in the panel
Fusion gene
THADA
RET
BRAF
ALK
FGFR2
NTRK1
NTRK3
PPARG
UACA
MET
SS18
RNF213
ROS1
RAF1
EZR

Partner gene(s)
IGF2BP3, LOC389473, LOC100505678, TRA2A
CCDC6, ERC1, FKBP15, GOLGA5, HOOK3, KIAA1217, KTN1, NCOA4, PCM1, PRKAR1A, TRIM24, TRIM33, TRIM27,
SPECC1L, TBL1XR1, AKAP13, DLG5, SQSTM1, CCDC186, AFAP1L2, PPFIBP2, KIF5B,
AKAP9, AGK, LMO7, BCL2L11, CCNY, FAM114A2, OSBPL1A, OSBPL9, MACF1, POR, SND1, MKRN1, ZC3HAV1, PICALM,
NFYA, AP3B1
STRN, EML4, GFPT1, GTF2IRD1, CCDC149,
WARS, KIAA1598, OFD1, VCL
IRF2BP2, TFG, TPM3, TPR, SQSTM1, SSBP2
ETV6, RBPMS, SQSTM1, EML4
CREB3L2, PAX8
LTK
TFG
SLC5A11
SLC26A11
CCDC30
AGGF1
ERBB4

EML4 gene

ALK gene

Reference
[5,19,46,47,54]
[7,20-39,44,46,54]
[23,40-47,54]
[23,48-53]
[46,47,59]
[46,47,54-58]
[41,47,54,60]
[8,41,61,62]
[47]
[23]
[63]
[46]
[64]
[23]
[46]

Fusion gene

EML4 gene

ALK gene

EML4 gene

ALK gene

EML4 gene

ALK gene

EML4 gene

ALK gene

Breakpoint

Fig. 1. Subtypes of EML4-ALK fusion.
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er seven are known to have a single fusion partner. Details of the fusion genes and their fusion partners are listed in Table 1. In some
fusions, there are different fusion breakpoints, although the fusion
partners are the same. For example, this panel can detect four fusion
breakpoints of EML4-ALK fusion (exon 13 of EML4 - exon 20 of

A

ALK, exon 20 of EML4 - exon 20 of ALK, exon 6 of EML4 - exon
17 of ALK, and exon 6 of EML4 - exon 20 of ALK) (Fig. 1). In total,
27 fusion subtypes can be discriminated with this panel (Supplementary Table 2). In addition to gene fusion, ThyChase includes
five housekeeping genes for quality control of the experimental

B

105

104
10 ng–62.5 nM
10 ng–125 nM
10 ng–187.5 nM
100 ng–62.5 nM
100 ng–125 nM
100 ng–187.5 nM

103
102

Read count

Read count

104

105

103
102

101

101

100

100
CHMP2A

FBXW2

JUN

MET

PUM1

CCDC6-RET

EML4-ALK TPM3-NTRK1

Fusion gene

Housekeeping genes

Fig. 2. Technical validation of RNA sequencing and detection of gene fusion. (A) RNA expression levels of the five housekeeping genes.
We applied six different amplification conditions: two different amounts of template RNA were applied (10 ng and 100 ng) with three
different primer concentrations (62.5, 125, and 187.5 nM). These six combinations are represented as different colors in the plot. The X-axis
represents the gene name; the Y-axis represents read counts. (B) Identification of the fusions (EML4-ALK, CCDC6-RET, and TPM3-NTRK1)
from the HD796 and HD783 RNAs. The Y-axis represents read counts.

A

B

105

75

103

Read count

Read count

104

102

NCI-H2228

50

25
101
100

0
MET

FBXW2 CHMP2A

PUM1

Housekeeping genes

JUN

EML4-ALK

100%

10%

5%

1%

0.5%

0%

Fusion gene

Fig. 3. Identification of EML4-ALK fusion from the NCI-H2228 cell line and limits of detection (LOD). (A) Identification of the EML4-ALK
fusion. All five housekeeping genes showed >102 read counts. (B) To determine the LOD of the fusion, we diluted the NCI-H2228 RNA from
100% to 0.5% and performed RNA sequencing.
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procedures of RNA sequencing and analysis: CHMP2A, JUN,
FBXW2, MET, and PUM1.

Validation and optimization of the panel
We used HD796 RNA as a fusion-positive standard material.
HD796 contains EML4-ALK, CCDC6-RET, TPM3-NTRK1,
SLC34A2-ROS1, and ETV6-NTRK3 gene fusions [65]. Of the five
fusions, three (EML4-ALK, CCDC6-RET, and TPM3-NTRK1)
were included in our ThyChase panel. The ETV6-NTRK3 gene
fusion was also included in ThyChase; however, the ETV6NTRK3 fusion breakpoint of the HD796 RNA was different from
the fusion breakpoint covered by ThyChase. Therefore, we targeted the three gene fusions for optimization and validation of ThyChase. HD783 RNA was used as a fusion-negative control that did
not harbor any of the above-mentioned gene fusions [65].
Before detecting the gene fusions, as technical validation, we
Breakpoint

A

110 bp

CCDC6 (exon 1)

C

B

RET (exon 12)
Breakpoint

TPM3 (exon 7)

120 bp

checked whether the RNA expression of the housekeeping genes
included in this panel could be stably detected under various experimental conditions with the HD796 RNA. As expected, expression of the housekeeping genes was stably detected and the
read counts mapped to each target gene were above 102, suggesting
that our custom thyroid gene fusion panel is suitable for RNA sequencing (Fig. 2A). In parallel, to optimize the library preparation,
we applied six different amplification conditions: two different
amounts of template RNA were applied (10 ng and 100 ng) with
three different primer concentrations (62.5, 125, and 187.5 nM).
All five genes showed similar levels of the sequencing read counts
in the six conditions (Fig. 2A). Therefore, we set the reaction condition as 10 ng of template RNA and 187.5 nM of primers. Regarding the quality control of ThaChase, we set > 102 read counts
for every housekeeping gene as a threshold of a reliable RNA sequencing reaction, meaning that we could interpret the gene fu-

NTRK1 (exon 10)

80 bp

EML4 (exon 13)

D

Breakpoint

120 bp

ALK (exon 20)
Breakpoint

EML4 (exon 6)

ALK (exon 20)

Fig. 4. Integrative Genomics Viewer plot of the fusion breakpoints. (A) CCDC6-RET fusion breakpoint (exon 1 of CCDC6 and exon 12 of RET).
(B) EML4-ALK fusion breakpoint (exon 13 of EML4 and exon 20 of ALK). (C) TPM3-NTRK1 fusion breakpoint (exon 7 of TPM3 and exon 10 of
NTRK1). (4) EML4-ALK fusion breakpoint (exon 6 of EML4 and exon 20 of ALK).
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sions identified by this panel sequencing analysis as true when the
read counts of all housekeeping genes were above 102.

Detection of gene fusions
We next examined the three (EML4-ALK, CCDC6-RET, and
TPM3-NTRK1) fusions in the HD796 reference RNA. RNA panel sequencing was performed based on the optimized reaction
conditions described above. As expected, all three fusion targets
were successfully detected in the HD796 RNA, whereas they were
not identified in the HD783 RNA (Fig. 2B). When we checked
the read count of the housekeeping genes, all the target genes had
> 102 read counts (Supplementary Fig. 1), suggesting that the fusions detected by our thyroid gene fusion panel were reliable.
These data also support the specificity of the fusions detected by
our ThyChase panel.
Next, we applied ThyChase to cell lines. For this, we used the
RNA extracted from a lung cancer cell line (NCI-H2228), which
is known to harbor the EML4-ALK fusion [66]. As expected, the

EML4-ALK fusion was successfully detected in the NCI-H2228
cell line (Fig. 3A). Through this experiment, we confirmed that
the ThyChase panel could identify the target fusions from cancer
cell lines in addition to the fusion-positive reference RNA. This result suggests that our system is applicable for cancer samples.
To determine the LOD of the ThyChase panel for calling fusions with high confidence, the lowest tumor percent with
high-confidence detection was examined. To achieve this, we analyzed NCI-H2228 (EML4-ALK fusion-positive) samples that
were diluted with FTC-133 (EML4-ALK fusion-negative) by different dilution factors (100% to 0.5%). As a result, the read count
of EML4-ALK fusion decreased in a dose-dependent manner from
100% to 0.5%, and we could identify fusion-supporting reads from
the 0.5% fusion-positive tumor cellular fraction (Fig. 3B). However, the lowest percentage satisfying our high- confidence fusion
calling criterion ( > 5 fusion-supporting reads) was a > 1% fusion-positive tumor cellular fraction. Therefore, a 1% tumor fraction was determined to be the LOD of our assay.

EML4 exon 13

ALK exon 20

CCDC6 exon 1

RET exon 12

TPM3 exon 7

NTRK1 exon 10

Fig. 5. Confirmation of the fusion breakpoints by Sanger sequencing. Vertical red lines represent fusion breakpoints.
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Verification of fusion breakpoints
To verify the three fusions identified by our ThyChase panel from
HD796 RNA, the RNA sequencing results were visualized using
IGV. IGV showed the CCDC6-RET fusion breakpoint where exon
1 of CCDC6 was fused with exon 12 of RET (Fig. 4A). In the
EML4-ALK fusion, exon 13 of EML4 was fused with exon 20 of
ALK (Fig. 4B). In the breakpoint of TPM3-NTRK1 fusion, exon 7
of TPM3 and exon 10 of NTRK1 were fused (Fig. 4C). In addition, we confirmed the fusion subtype of EML4-ALK fusion,
which was identified from NCI-H2228, where exon 6 of EML4
was fused with exon 20 of ALK (Fig. 4D).
As a final confirmation of the fusions and their breakpoints, we
performed Sanger sequencing of the amplicons of the fusions from
HD796. Sanger sequencing revealed the fusion breakpoint sequences
of the EML4-ALK (exon 13 of EML4 and exon 20 of ALK), CCDC6RET (exon 1 of CCDC6 and exon 12 of RET), and TPM3-NTRK1
(exon 7 of TPM3 and exon 10 of NTRK1) fusions (Fig. 5).
In conclusion, we developed an RNA-based sequencing panel
focused on identifying fusions in thyroid cancer. The ThyChase
panel was designed to detect 87 gene fusion types. As quality control for RNA sequencing, five housekeeping genes were included
in this panel. When we applied this panel for the analysis of fusions contained in the reference RNA (HD796), the three expected fusions (EML4-ALK, CCDC6-RET, and TPM3-NTRK1)
were successfully identified. We also confirmed that this fusion-focused panel could identify the target fusions from a cancer
cell line in addition to the fusion-positive reference RNA. In
terms of the LOD, this panel could detect the target fusions from
a tumor sample containing a 1% fusion-positive tumor cellular
fraction. We finally verified the fusion breakpoint sequences of
the three fusions from HD796. Although we could not verify all
of the designed fusions in this study due to limitations of the fusion reference materials, all the data in this study indicate that the
ThyChase panel can reliably identify the key fusions in thyroid
cancer. Taken together, the ThyChase panel would be useful to
identify gene fusions in the clinical field.
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Salivary gland carcinoma (SGC) is rare cancer, constituting 6% of neoplasms in the head
and neck area. The most responsible genes and pathways involved in the pathology of this
disorder have not been fully understood. We aimed to identify differentially expressed
genes (DEGs), the most critical hub genes, transcription factors, signaling pathways, and
biological processes (BPs) associated with the pathogenesis of primary SGC. The mRNA
dataset GSE153283 in the Gene Expression Omnibus database was re-analyzed for determining DEGs in cancer tissue of patients with primary SGC compared to the adjacent normal tissue (adjusted p-value < 0.001; |Log2 fold change| > 1). A protein interaction map
(PIM) was built, and the main modules within the network were identified and focused on
the different pathways and BP analyses. The hub genes of PIM were discovered, and their
associated gene regulatory network was built to determine the master regulators involved
in the pathogenesis of primary SGC. A total of 137 genes were found to be differentially
expressed in primary SGC. The most significant pathways and BPs that were deregulated in
the primary disease condition were associated with the cell cycle and fibroblast proliferation procedures. TP53, EGF, FN1, NOTCH1, EZH2, COL1A1, SPP1, CDKN2A, WNT5A, PDGFRB,
CCNB1, and H2AFX were demonstrated to be the most critical genes linked with the primary SGC. SPIB, FOXM1, and POLR2A significantly regulate all the hub genes. This study illustrated several hub genes and their master regulators that might be appropriate targets
for the therapeutic aims of primary SGC.
Keywords: biomarkers, gene regulatory network, pathogenesis, protein-protein interaction
network, salivary gland carcinoma

Introduction
2021 Korea Genome Organization
This is an open-access article distributed
under the terms of the Creative Commons
Attribution license (http://creativecommons.
org/licenses/by/4.0/), which permits unrestricted use, distribution, and reproduction
in any medium, provided the original work is
properly cited.

Salivary gland carcinoma (SGC) is an uncommon neoplasm, which constitutes approximately 6 percent of cancers in the head and neck region [1,2]. It is a heterogeneous disease,
and therefore, the World Health Organization has classified the SGC into more than 30
histological subgroups [3]. Accordingly, mucoepidermoid carcinoma (MEC) is the most
frequent subtype, with more than 30% of the SGC cases, followed by the adenoid cystic
carcinoma (ACC) with the pathology in 23.8% of all SGC cases, and the adenocarcinoma
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not otherwise specified [4]. Despite many types of investigation
that have been performed, the most critical genes and signaling
pathways taking part in the etiology of the disease have not been
fully demonstrated [5]. SGC can be treated at early stages by surgery, although patients with advanced stages of SGC present poor
prognosis [6,7]. Previous studies have reported that chemotherapy and radiation therapy are low effective and have several side effects such as hyposalivation, neutropenia, swallowing disorder,
and several neurological difficulties [8,9]. Recently, immunological approaches have been used for therapeutic aims in patients
with advanced stages of the disease; however, many patients are resistant to immunotherapeutic strategies. Therefore, identifying
new biomarkers responsible for the development and progression
of SGC may be helpful in therapeutic approaches in future studies
[6,10,11]. Re-analyzing high-throughput datasets (e.g., microarray
datasets) has become an interesting strategy for researchers to
achieve new and more significant facts associated with the pathogenesis of disorders such as neoplastic diseases, leading to the
identification of novel therapeutic, prognostic, and diagnostic biomarkers [12-16].
Here, we hypothesized that significant alterations in the transcription of genes in the cancerous tissue of patients with SGC compared
to the adjacent normal tissue might lead to abnormal activity of
many biological procedures linked to the etiology of SGC. In addition, protein interaction map (PIM) and gene regulatory network
(GRN) analysis may illustrate the hub genes and transcription factors (TFs) responsible for the occurrence and development of SGC
[17]. Therefore, we re-analyzed the dataset GSE153283 to achieve
differentially expressed genes (DEGs) (adjusted p-value [Padj] <
0.001; |Log2 fold change [FC]| > 1) between the cancer tissue of
patients with primary SGC and the adjacent normal region. After
that, a PIM and a GRN of the disease were constructed and analyzed. This study revealed the hub genes, the most significant clusters within the PIM, biological procedures responsible for primary
SGC, and the common DEGs, hubs, and TFs among different subtypes of SGC.
The dataset GSE153283 was created by Meinrath et al. [5] to
study the underlying mechanisms and signaling pathways associated with primary salivary gland carcinomas. The dataset consisted of
34 primary SGC (including ACC, MEC, and salivary duct carcinomas [SDC]) and 34 corresponding normal areas. Tissue samples
were collected from patients at the University Hospital of Cologne,
Germany, from 1990 to July 2014. The samples were then achieved
from the tissue bank of the University Hospital of Cologne, Germany. All cancerous/healthy samples were collected from formalin-fixed and paraffin-embedded tissues with the aim of RNA deri-
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vation. The mRNA expression of 770 genes, primarily involved in
well-known cancer-associated signaling pathways, was studied using GSE153283.

Methods
Statistical analysis
The dataset GSE153283 [5] within the Gene Expression Omnibus
(GEO) (NCBI GEO, http://www.ncbi.nlm.nih.gov/geo) [18] was
analyzed using the GEO2R tool [19]. The GSE153283 was constructed according to the platform of GPL19956 (NanoString
nCounter human panCancer pathways Panel), including 34 PGC
(including ACC, MEC, and SDC) and 34 adjacent healthy tissues.
DEGs with characteristics of the corrected p-values less than 0.001
and |Log2 FC| more than one were considered statistically significant. The Benjamini & Hochberg analysis was adjusted to reach the
corrected p-values.
PIM and module analysis
The potential interactions between DEGs were detected by utilizing
the Search Tool for the Retrieval of Interacting Genes (STRING)
web-tool (http://string-db.org) [20]. The single nodes were then
eliminated before importing the network into Cytoscape 3.8.2
(http://www.cytoscape.org) [21]. After that, the centrality of the
genes was determined by the Network analyzer tool, and the most
considerable connecting regions inside the PIM were discovered via
the molecular complex detection (MCODE) plugin. The modules
with characteristics of MCODE score > 3, k-score = 2, Max depth
= 100, Degree cutoff = 2, and the minimum number of genes = 10
were selected for further functional analysis. MCODE is widely used
to identify compressed parts of the graph named clusters, usually
participating in common signaling pathways and/or biological processes (BPs). Furthermore, the MCODE identifies the seed node in
each module, which is the main gene involved in the cluster based
on the biological function and the degree of the nodes [22-24].
Pathway enrichment and gene ontology annotation analysis
The gene ontology annotation study, including BP, cellular component (CC), and molecular function (MF) analyses, is commonly
performed for mining the data obtained from high-throughput techniques [25]. In the present study, for illustrating pathways and BPs
that were considerably dysregulated by the main modules-genes, the
Reactome online database (https://reactome.org/) [26,27] and the
Database for Annotation, Visualization and Integrated Discovery
(DAVID) v6.8 (https://david.ncifcrf.gov/) [28] were utilized, respectively. The DAVID database was also used to expose CCs and
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MFs affected by DEGs. The significance of the signaling pathways
and BPs were considered with the false discovery rate (FDR) less
than 0.05 and the minimum enriched gene number of 2.

GRN construction
The iRegulon plugin within the Cytoscape was employed for the
possible detection of TFs responsible for the regulation of hub
genes. A complicated approach named “genome-wide ranking-and-recovery approach” is applied by iRegulon to illustrate the
motifs, consisting of a set of genes and their common regulator.
Each regulator’s normalized enrichment score (NES) was also determined, reflecting the associated motif’s significance [29-31].
Consensus sequences Logos and matching scores for binding
sites of TFs
Using the JASPAR database (https://jaspar.genereg.net/) [32], the
consensus sequences Logos of binding sites for TFs in this study
was provided. Thereafter, a Position-Specific Scoring Matrix
(PSSM) was constructed from the Position Frequency Matrix of
the nucleotides within the TFs binding sites. A PSSM is described
as a table that consists of probability information of nucleotides or
residues at each position of an un-gapped multiple sequence alignment. The PSSM can be used to calculate how well a unique target
sequence fits into the sequence group [33]. The total match scores
for the consensus sequences of TFs were calculated manually using
the R programming (version 4.0.0) [34] based on the method described by Xiong [33]. The scores can be interpreted as the probability of the consensus sequences fitting the binding sites of TFs as
2 (match score) times more likely than by random chance.
Survival analysis
The prognostic role of the top-ranked hub genes and their salient
master regulators was studied in several types of cancers using the
Gene Expression Profiling Interactive Analysis 2 (GEPIA2) database [35]. The GEPIA web server was developed in 2016 for re-analyzing the cancer-related RNA sequencing resources including the
Cancer Genome Atlas [36] and Genotype-Tissue Expression [37]
databases. The GEPIA diminishes the differences between the two
data sources by using the UCSC Xena project (http://xena.ucsc.
edu/), leading to more significant and reliable results including differential expression analysis in cancerous patients compared to the
healthy controls, correlation analysis, similar gene identification, as
well as survival analysis. The Kaplan-Meier curves and log-rank test
were used to evaluate the prognostic impact of the hub genes and
major TFs in a total of 33 different cancers in the GEPIA2 database.
The curves with the statistics of Log-rank test p-value and hazard
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ratio (HR) p-value at 0.05 were considered as significant.

Identifying common DEGs, hub genes, and TFs in three
subtypes of SGC
Three different datasets were selected from the GSE153283 as follows: one of them consisted of ACC (n = 11) and adjacent normal
tissues (n = 11), the second one was a cohort composed of MEC
(n = 14) and corresponding normal area (n = 14), and the third
dataset included nine paired SDC and the adjacent healthy tissues.
Each dataset was analyzed separately using the GEO2R tool, followed by the Cytoscape and its plugins to identify the common
DEGs and hub genes in three different PIMs associated with three
SGC subtypes and TFs regulating the hub genes. The cutoff points
for DEGs were set to Padj < 0.001 and |Log2 FC| > 1. Moreover,
the genes with the degree and betweenness centralities more than
twice the average of the PIMs nodes were considered hub genes associated with each SGC subtype. Furthermore, TFs with NES > 4
were regarded as significant master regulators of the hub genes.
Validating the results using an independent dataset
Another independent dataset was re-analyzed based on the methods used to analyze the primary dataset in this study to validate our
findings, which may support the solid conclusion. The dataset
GSE88804 [38] in the GEO database was considered for this purpose. This dataset was built by Andersson et al. [38] based on the
platform GPL62244 (Affymetrix Human Gene 1.0 ST Array), including 14 ACC, two ACC xenograft, and seven normal salivary
gland tissues. The ACC xenografts were excluded from the study
before further analyses. DEGs in ACC tissues compared with the
normal samples with criteria of the FDR less than 0.001 and |Log2
FC| as > 1 were considered statistically significant.
Ethical approval
The current study was approved by the Ethics Committee of
Hamadan University of Medical Sciences, Hamadan, Iran (ethics
no. IR.UMSHA.REC.1400.315). No human/animal was used in
this study.

Results
Identification of DEGs in SGC
The dataset GSE153283, consisting of 34 PGC samples and 34
corresponding healthy tissues, was analyzed using the GEO2R tool.
Accordingly, a total of 137 DEGs (overexpressed = 87; under-expressed = 50) with the characteristics of corrected p-value < 0.001
and the value of |Log2 FC| > 1 were determined (Supplementary
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Table 1).

PIM, clustering, and functional analysis
The STRING database constructed a PIM with a confidence score
of ≥ 0.4, based on DEGs. After ignoring the separate nodes, a network with 133 genes and 853 interactions was remained and uploaded into Cytoscape for structural analysis. The MCODE plugin
demonstrated three modules with the criteria of No. of genes ≥ 10
and the MCODE score > 3, including cluster No. 1, cluster No. 2,
and cluster No. 3 (Table 1, Fig. 1). These clusters were considered
for further pathway and BP analyses, while CC and MF annotation
analyses were performed based on DEGs. Accordingly, a total of
148 pathways, 26 BPs, 13 CCs, and 28 MFs were significantly affected in primary SGC (FDR < 0.05). All dysregulated pathways,
BPs, MFs, and CCs, are listed in Supplementary Tables 2‒5, respectively. According to the functional analysis results, the most critical
clusters within the PIM have principally enriched in the cell cycle-associated procedures and the regulation of fibroblast proliferation. Also, the DEGs were mainly enriched in the ‘growth factor activity’ (MF) and ‘extracellular region’ (CC) annotations (Fig. 2).
Furthermore, a total of 12 nodes including TP53, EGF, FN1,
NOTCH1, EZH2, COL1A1, SPP1, CDKN2A, WNT5A, PDGFRB,
CCNB1, and H2AFX had a degree and betweenness centrality values more than twice the mean of the nodes inside the PIM and
therefore, were suggested to be hub genes and responsible for the
pathogenesis of primary SGC (Table 2). The average value of the
degree and betweenness centrality was calculated to be 12.827 and
0.010266, respectively. The hierarchical clustering of the hub genes
was achieved using R programming (version 4.0.0) (Fig. 3A) and
the interactions between hubs were identified using the STRING
database (Fig. 3B).
Identification of master regulator
To illustrate the master regulators controlling the expression of hub
genes, the iRegulon plugin was used. A total of 18 TFs with an NES
> 4.0 were identified and were proposed to be statistically significant.

These regulators are recommended to be essential genes in primary
SGC tumorigenesis (Table 3). The results showed that the expression of all hub genes could be regulated by three TFs, including SPIB,
FOXM1, and POLR2A: SPIB controls COL1A1, EZH2 PDGFRB,
CDKN2A, WNT5A, FN1, NOTCH1, EGF, and SPP1. FOXM1 is involved in regulating NOTCH1, COL1A1, CCNB1, EZH2, H2AFX,
and CDKN2A. Besides, POLR2A mediated the transcription of WNT5A, TP53, H2AFX, FN1, and COL1A1 (Fig. 3C).

Binding sites of master regulators
A total of 18 master regulators involved in the etiology of primary
SGC were searched in the JASPAR database. The binding sites Logos of 10 TFs including HSF1, ELK1, ZNF143, CTCF, EGR1,
MYBL2, GABPA, SPIB, ARNTL, and EBF1 were available in this
database. The range of the binding sites matching scores was calculated between 10.73 and 25.27 for SPIB and CTCF, respectively
(Fig. 4).

Table 2. A total of 12 hub genes were detected in the PIM correlated
with the etiology of primary SGC with the criteria of degree and
betweenness more than the average of the vertexes within the
network
Gene ID
TP53
EGF
FN1
NOTCH1
EZH2
COL1A1
SPP1
CDKN2A
WNT5A
PDGFRB
CCNB1
H2AFX

Degree
70
49
44
49
35
27
29
30
27
26
29
27

Betweenness
0.287
0.104
0.098
0.097
0.056
0.049
0.032
0.030
0.026
0.025
0.024
0.022

PIM, protein interaction map; SGC, salivary gland carcinoma.

Table 1. A total of three considerable modules were found within the PIM via the MCODE plugin
Cluster no.
1

Score
13.571

2

5.9

3

5.091

No. of nodes No. of edges Seed node Seed degree Betweenness
Genes
15
95
29
0.0236
CCNB1
TP53, CCNB1, BRCA2, PKMYT1, MCM4, CDC6, PCNA, H2AFX,
EZH2, MCM2, WEE1, RAD51, E2F1, CCNA2, CDK6
21
59
18
0.00144 ITGB6, COMP, ITGA3, ITGA2, SPP1, WIF1, JAG1, CDKN2A, COTTK
L1A2, FGF10, SFRP2, SFRP4, BMP7, IBSP, SFRP1, DKK2,
WNT7B, FZD10, HELLS, TTK, CDC7
12
28
20
0.0132
FGF13
COL5A1, FGF22, COL5A2, FN1, PROM1, GL13, COL27A1,
FGF13, WNT2, DKK1, LEF1, WNT5A

PIM, protein interaction map; MCODE, molecular complex detection.
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Fig. 1. Clustering analysis via the MCODE plugin revealed three outstanding modules within the PIM. Hexagons are the genes involved in
each cluster, while the yellow ones represent the seed nodes. MCODE, molecular complex detection; PIM, protein interaction map.

Survival analysis
TP53, EGF, NOTCH1, FN1, and EZH2 demonstrated the most
degree and betweenness centralities in the PIM associated with the
primary SGC, and therefore, considered as top-ranked hub genes
related to the etiology of the disease. Moreover, three TFs including
EZR, HSF1, and ELK1 revealed the most significant enrichment
scores (NES > 5). In addition, it was found that FOXM1, SPIB,
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and POLR2A could control all the hubs’ expressions. Therefore,
EZR, HSF1, ELK1, FOXM1, SPIB, and POLR2A were regarded as
salient regulators playing a significant role in the initiation of SGC.
Survival analysis demonstrated that dysregulation of these genes is
significantly associated with poor/favorable prognosis in several
types of cancers with the criteria of log-rank test p-value and HR
p-value < 0.05 (Fig. 5). The most significant Kaplan-Meier curves
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based on their false discovery rate (FDR). x-axis presents the name of the term. y-axis exhibits the –Log10 FDR.
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A

B

C

Fig. 3. (A) Heat-map of the hub genes. The x-axis shows the hub genes, while the y-axis represents cancerous and normal observations (n
= 68). Red and blue colors relatively represent a higher and lower expression of the gene in different samples after the normalization. The
tissue samples from primary salivary gland carcinomas (SGCs) are well clustered from their corresponding normal tissues. (B) Interactions
between hub genes. Violet and green nodes present upregulated and downregulated genes in primary SGC, respectively. The size of the
nodes is positively correlated with the degree of the proteins in the main protein interaction map. (C) Gene regulatory network analysis for
hub genes. Circles represent the master regulators, while the hexagons show the hub genes: red, yellow, and blue hexagons are regulated by
the POLR2A, SPIB, and FOXM1, respectively. POLR2A and SPIB control orange hexagons. SPIB and FOXM1 regulate green hexagons. POLR2A
and FOXM1 regulate the purple hexagon, while the pink one is regulated by POLR2A, SPIB, and FOXM1.
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Table 3. A total of 18 transcription factors controlling the regulation of hub genes, identified by the GRN study
TF
EZR
HSF1
ELK1
FOXM1
EXOSC3
ETFB
ANXA11
ZNF143
CTCF
EGR1
MYBL2
GABPA
SPIB
ARNTL
POLR2A
EBF1
AFF4
AVEN

NES
5.27
5.18
5.09
4.9
4.88
4.74
4.7
4.65
4.64
4.58
4.57
4.45
4.45
4.28
4.14
4.13
4.03
4.01

No. of targets
5
5
5
6
4
4
5
3
3
4
4
8
9
8
5
5
3
4

Target genes
NOTCH1, FN1, COL1A1, PDGFRB, WNT5A
NOTCH1, FN1, COL1A1, PDGFRB, WNT5A
NOTCH1, FN1, COL1A1, PDGFRB, WNT5A
NOTCH1, COL1A1, CCNB1, EZH2, H2AFX, CDKN2A
FN1, COL1A1, PDGFRB, WNT5A
NOTCH1, COL1A1, WNT5A, PDGFRB
WNT5A, PDGFRB, NOTCH1, COL1A1, FN1
WNT5A, PDGFRB, NOTCH1
TP53, COL1A1, PDGFRB
PDGFRB, WNT5A, COL1A1, EZH2
FN1, H2AFX, EZH2, CCNB1
COL1A1, EZH2, PDGFRB, CDKN2A, WNT5A, FN1, NOTCH1, TP53
COL1A1, EZH2, PDGFRB, CDKN2A, WNT5A, FN1, NOTCH1, EGF, SPP1
FN1, COL1A1, EZH2, NOTCH1, EGF, PDGFRB, H2AFX, WNT5A
WNT5A, TP53, H2AFX, FN1, COL1A1
COL1A1, WNT5A, H2AFX, PDGFRB, FN1
COL1A1, PDGFRB, NOTCH1
PDGFRB, WNT5A, COL1A1, NOTCH1

GRN, gene regulatory analysis; TF, transcription factor; NES, normalized enrichment score.

B

2.0

0.5

1 2 3 4 5 6 7 8 9 10 11 12 13

E
Bits

Bits

1.0

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19

2.0

H

4

5

6

7

8

9

10

0.0

F

1.0
0.5

1.0

2

3

4

5

6

7

8

9

10

1 2 3 4 5 6 7 8 9 10 11 12 13 14

2.0

I

1

2

3

4

5

6

7

8

9

10

0.0

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15

2.0
1.5

1.0

0.0

1.0
0.5

0.5

1

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20

2.0
1.5

1.5
Bits

Bits

3

2.0

0.0

1.5

J

2

0.5

0.5

0.0

1

1.5

1.5

G

0.0

1.0
0.5

0.5

2.0

0.0

1.0

Bits

D

Bits

1.0

2.0
1.5

1.5
Bits

Bits

1.5

0.0

C

2.0

Bits

A

1.0
0.5

1

2

3

4

5

6

7

0.0

1

2

3

4

5

6

7

8

9

10

2.0

Bits

1.5
1.0
0.5
0.0

Fig. 4. Consensus sequences Logos for the binding sites of HSF1 (A), ELK1 (B), ZNF143 (C), CTCF (D), EGR1 (E), MYBL2 (F), GABPA (G), SPIB (H),
ARNTL (I), and EBF1 (J).

8 / 17

https://doi.org/10.5808/gi.21052

Genomics & Informatics 2021;19(4):e42

Fig. 5. The prognostic impact of several hub genes and transcription factors involved in primary salivary gland carcinoma was studied in
different cancers found in GEPIA2 database. HR, hazard ratio; ACC, adrenocortical carcinoma; BLCA, bladder urothelial carcinoma; BRCA,
breast invasive carcinoma; CESC, cervical squamous cell carcinoma and endocervical adenocarcinoma; COAD, colon adenocarcinoma;
GBM, glioblastoma multiform; HNSC, head and neck squamous cell carcinoma; KIRC, kidney renal clear cell carcinoma; KIRP, kidney renal
papillary cell carcinoma; LAML, acute myeloid leukemia; LGG, brain lower grade glioma; LIHC, liver hepatocellular carcinoma; LUAD, lung
adenocarcinoma; LUSC, lung squamous cell carcinoma; MESO, mesothelioma; OV, ovarian serous cystadenocarcinoma; PAAD, pancreatic
adenocarcinoma; PRAD, prostate adenocarcinoma; SARC, sarcoma; SKCM, skin cutaneous melanoma; STAD, stomach adenocarcinoma;
THCA, thyroid carcinoma; THYM, thymoma; UVM, uveal melanoma.

related to each gene are demonstrated in Fig. 6.

Identifying common DEGs, hub genes, and TFs in three
subtypes of SGC
By analyzing three datasets, each of which including one subtype of
SGC and their related adjacent normal tissues, a total of 109, 50, and
111 DEGs were found in ACC, MEC, and SDC, respectively. Moreover, it was found PRKACB, ETV1, NOTCH3, MAP3K1, BAX,
PLCB1, PLCB4, MCM4, ANGPT1, KAT2B, CACNB2, and LIFR

https://doi.org/10.5808/gi.21052

were common DEGs in three subtypes of SGC (Padj < 0.001 and
|Log2 FC| > 1). A total of eight, four, and eight genes were demonstrated salient centralities in the PIMs associated with the pathogenesis of ACC, MEC, and SDC, respectively. However, no common
hubs were found among different subtypes of SGC. Furthermore, a
total of 15, 41, and 20 TFs were identified regulating the hub genes
in ACC, MEC, and SDC, respectively: MYBL2 was a common master regulator in three subgroups. All DEGs, hub genes, and TFs associated with different SGC subtypes are listed in Table 4. Moreover,
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Fig. 6. The most significant Kaplan-Meier plots illustrating the correlation between the expression of top-ranked hub genes, salient master
regulators, and survival rate in several cancers. Red and blue lines demonstrate over and under-expressed genes, respectively. The x-axis and
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the common DEGs, hubs, and TFs between SGC subtypes were
identified using interactive Venn diagrams (https://bioinformatics.
psb.ugent.be/webtools/Venn/) (Fig. 7A–7C).

Validating the results
A total of 1,452 genes, including 681 upregulated and 771 downregulated genes, were found to be differentially expressed in ACC
tissues compared to healthy controls (Padj < 0.001 and |Log2 FC|
> 2). This was achieved by analyzing the independent dataset
GSE88804 using the GEO2R tool. All these DEGs are listed in
10 / 17

Supplementary Table 6. A total of 64 genes were found to be differentially expressed in both GEO datasets including GSE153283 and
GSE88804 (Padj < 0.001 and |Log2 FC| > 1) (Table 5). Seven of
which including TP53, WNT5A, NOTCH1, EZH2, CCNB1, EGF,
and PDGFRB were previously indicated as hub genes within the
PIM network associated with the primary SGC. FOXM1, as one of
the major regulators of the hub genes in primary SGC, was also
found to be significantly overexpressed in the validation dataset
with the criteria of Padj = 0.00000496 and FC = 2.07. Our study’s
validated DEGs and TFs are shown as Venn diagrams among two
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Table 4. Differentially expressed genes, hubs, and upstream regulators in different subtypes of SGC
SGC subtypes
Differentially expressed genes in SGC subtypes
ACC, MEC, and SDC
ACC and MEC
ACC and SDC

Total
12
12
31

MEC and SDC
ACC

12
54

MEC

14

SDC

56

Hub genes in SGC subtypes
ACC and MEC
ACC and SDC
MEC and SDC
ACC
MEC
SDC
Upstream regulators in SGC subtypes
ACC, MEC, and SDC
ACC and SDC
MEC and SDC
ACC
MEC
SDC

2
2
1
4
1
5
1
1
3
13
37
15

Gene
PRKACB, ETV1, NOTCH3, MAP3K1, BAX, PLCB1, PLCB4, MCM4, ANGPT1, KAT2B, CACNB2, LIFR
PRKAR2B, CDK6, CALML5, GLI3, EGF, DUSP6, EIF4EBP1, NOTCH1, PPARG, RET, MAPT, BMP7
HIST1H3B, RASAL1, PPARGC1A, CHEK1, AMH, FZD7, FANCA, CCNB1, COMP, MLLT3, E2F1, CCNA2,
CDC25B, EPHA2, MCM2, FUT8, FOXO4, PKMYT1, WNT5A, EFNA3, BRIP1, TMPRSS2, STMN1, UBE2T,
WEE1, TIAM1, BMPR1B, FGF10, EZH2, MECOM, MYB
COL5A1, COL3A1, COL11A1, COL5A2, CNTFR, WNT7B, INHBA, COL1A2, COL1A1, SPRY2, PDGFC, FN1
JAG2, PRKAR1B, TNFSF10, TCF3, BNIP3, BCL2, PRKAA2, TSLP, CASP7, TP53, TCF7L1, E2F5, PIK3CB,
IDH2, FGF13, ITGA2, FGFR1, IRS1, BAMBI, CD40, HELLS, LTBP1, LAMC2, INHBB, COL27A1, FGF22,
LRP2, HSPA2, NPM2, FLNA, LFNG, ETV4, JAG1, PAK7, NUPR1, ID4, TLX1, RUNX1, B2M, POLD4, CTNNB1, CACNB3, FGF12, IL20RA, SIX1, PRDM1, SHC4, CCND1, RUNX1T1, ARNT2, BIRC3, IL15, MCM7,
CD14
LAMB3, SFN, ID1, RPS6KA5, FGFR3, ITGA3, FGF11, LAMA5, PIK3R1, DLL1, CREB3L4, GHR, PBX1,
DUSP4
WIF1, IGFBP3, CALML3, BAIAP3, PLA2G4E, WT1, PTTG2, XPA, ACVR1B, PLAU, WNT5B, PDGFRB,
BIRC7, FGFR4, VEGFA, C19orf40, TGFB1, BMP8A, MYD88, PTCH1, FEN1, HIST1H3H, RAD51, H2AFX,
BRCA2, ITGB6, SMAD9, TTK, CCNE2, FGFR2, DKK2, PCNA, KIT, PLD1, CDC6, SFRP1, DUSP10,
MAML2, SPP1, ZIC2, IBSP, DNMT1, SPRY4, IDH1, PROM1, OSM, PRLR, DLL4, PAK3, GNG7, ITGA6,
PRKDC, IL11RA, WNT2, POLE2, HIST1H3G
EGF, NOTCH1
CCNB1, EZH2
FN1
CCND1, FGFR1, CTNNB1, TP53
PIK3R1
PDGFRB, VEGFA, CHEK1, BRCA2, CCNA2
MYBL2
FOXM1
SIN3A, ARNTL, JUND
HOXA7, CCDC25, POU3F1, NFATCA, SOX9, ZNF236, RFX5, MEF2A, POLI PML, TFAP2A, LHX2, E2F1
BRCA1, BARHL1, ZNF143, ABCF2, C19orf25, HOXB13, HNRNPA1, MAPK1, HINFP, MBD4, ADARB1,
NFATC1, SMC3, TP53, MAZ, CEBPD, ATF3, POU5F1, TBP, RAD21, MAP4K2, NFKB1, ZNF362, PAX2,
BATCH1, DAB2, MYC, IRF2, MAX, POLR2A, FAM48A, HOXA13, RFX1, CHD1, SNAI2, HDAC2, PDX1
ETS1, STAT3, KIAA0907, GABPA, CHURC1, TFDP3, MZF1, TFDP1, MXI1, TAF1, ZNF652, EXOSC3,
TCEAL6, E2F4, SPIC

SGC, salivary gland carcinoma; ACC, adenoid cystic carcinoma; MEC, mucoepidermoid carcinoma; SDC, salivary duct carcinoma.

datasets including GSE153283 and GSE88804 (Fig. 7D and 7E).

Discussion
SGC has been reported to be the sixth most typical type of malignancy in the head and neck region, although said to be rare in its occurrence [39]. The exact underlying pathogenesis of the disease remains unknown [5]. In the present study, the dataset GSE153283,
containing over 700 genes involved in the cancer-associated pathways, was re-analyzed to explore the primary genes within the PIM
associated with the pathogenesis of primary SGC. A total of 137
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genes were identified that were considerably deregulated in the cancer tissue of patients with primary SGC compared with the adjacent
normal area (FDR < 0.001; |Log2 FC| > 1). Twelve of which
demonstrated considerable centrality in the PIM of the disease. The
top-ranked genes based on the degrees were TP53, EGF, NOTCH1,
FN1, and EZH2, while TP53, EGF, FN1, NOTCH1, and EZH2
were revealed to have the most betweenness centrality in the PIM,
respectively.
According to the present results, it was found that TP53 was
overexpressed in the cancerous tissue of patients with SGC compared to normal adjacent tissue (Padj = 1.00e-8; Log2 FC = 1.12).
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Fig. 7. Common DEGs (A), hub genes (B), and TFs (C) between different subtypes of SGC. The number of DEGs (D) and TFs (E) found to be
differentially expressed in the validation dataset GSE88804. DEG, differentially expressed gene; TF, transcription factor; SGC, salivary gland
carcinoma; ACC, adenoid cystic carcinoma; MEC, mucoepidermoid carcinoma; SDC, salivary duct carcinoma.
Table 5. A total of 64 DEGs were common in two datasets analyzed by GEO2R
Datasets
The primary dataset (GSE153283) and the
dataset used for validation (GSE88804)

Total
64

Genes
CCNB1*, CDC25B, EPHA2, CACNB3, EZH2*, HIST1H3B, SMAD9, CNTFR, CDC6, PPARG, JAG1,
NUPR1, SPRY2, MAPT, RUNX1, TIAM1, BNIP3, LEF1, CDK6, PDGFRB*, EGF*, PCNA, WNT5A*,
BMP7, FGF12, RUNX1T1, WIF1, PRKACB, E2F5, CCNA2, FUT8, STMN1, CDC7, ANGPT1, UBE2T,
WEE1, PRKAA2, BRCA2, DDIT4, DUSP6, PLCB1, PLCB4, BRIP1, LIFR, HELLS, LRP2, EIF4EBP1,
MCM4, CACNB2, FGF10, MECOM, TP53*, LAMC2, EFNA3, SIX1, BMPR1B, ETV1, NOTCH3, TTK,
COL27A1, NOTCH1*, KAT2B, ARNT2, MYB

DEG, differentially expressed gene.
The asterisks (*) demonstrate the genes that were considered as hubs in the protein-protein interaction network associated with the etiology of primary
salivary gland carcinoma.

Suzuki [40] performed a study to examine the expression of TP53
in a series of 22 primary human SGC. This was done using a combination of molecular and immunohistochemical approaches, including polymerase chain reaction single-strand conformation
polymorphism, direct gene sequencing, and p53 protein immunostaining. Moreover, the authors studied the correlation between the
aberrant expression of p53 and genetic instability, DNA aneuploidy, and tumor growth characteristics in SGC. Suzuki [40] reported
that the elevated expression of p53 was significantly associated with
genetic instability in human SGC cells. According to previous stud-
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ies and the current results, it may be supposed that the enhanced
p53 expression in patients with primary SGC may be due to the response of increased tumor mass, which may lead to DNA instability
in SGC, although this requires confirmation.
According to the present results, neurogenic locus notch homolog protein 1 (the protein expressed by the NOTCH1) was elevated
in the cancerous tissue of primary SGC patients compared with the
adjacent normal tissue (Padj = 1.84e-6; Log2 FC = 1.26). Previous studies have reported that the CRTC1/MAML2 fusion protein
induces the activation of the Notch signaling pathway in the MEC,
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resulting in enhanced cell proliferation and tumor development
[41]. Moreover, it has been demonstrated that mutation in the
NOTCH1 gene occurs in 20% of patients with ACC, leading to the
aggressive form of the disease that induces bone and liver metastases, resulting in a worse survival rate than a wild-type population
[42].
Our results showed significantly enhanced fibronectin expression, a protein expressed by the FN1, in the cancerous tissue of patients with SGC compared with normal adjacent tissue (Padj =
1.48e-6; Log2 FC = 2.94). Fibronectin belongs to glycoproteins of
the extracellular matrix (ECM) and is primarily synthesized by the
liver [43]. Abnormal expression of the ECM components such as
hyaluronan, laminin, and fibronectin may lead to cancer pathogenesis. In a previous study, Leivo et al. [44] performed a cDNA array
analysis of gene expression in 13 cases of SGC, including MEC,
ACC, and SDC. The authors reported that a total of five genes were
overexpressed in all three subtypes of SGC, including fibronectin.
The EZH2 gene was found to be overexpressed in the cancerous
tissue of patients with primary SGC compared with the normal adjacent tissue (Padj = 2.61e-10; Log2 FC = 1.75). Zhou et al. [45]
studied the effect of EZH2 inhibitors, including GSK126 and
EPZ6438, on the antigen presentation in head and neck squamous
cell carcinoma (HNSCC) cell lines of humans and mice. Zhou et
al. [45] reported that the expression of MHC Class I was increased
in human papillomavirus (HPV)- negative HNSCC lines and in
the mouse models, leading to enhanced CD8+ T cell proliferation
and more interferon-gamma release. Zhou et al. [45] reported that
EZH2 inhibition diminished the H3 methylation on the promoter
of β−2-microglobulin, resulting in tumor growth suppression accompanied by anti‒programmed death-1 receptor-based therapies.
However, there is still much that needs to be found about the exact
function of EZH2 in SGC etiology.
Mirsha [46] studied the correlation between monocytes/macrophages and HNSCC cells. They demonstrated that the M2-like
macrophages secrete EGF, leading to increased motility and migration of HNSCC cells by increasing the invasive formation. Also,
EGF induced C-C motif chemokine ligand 2 expression in HNSCC cells, resulting in the transformation of monocytes into M2like macrophages and creating a positive feedback paracrine loop.
Mirsha [46] concluded that disrupting the link between monocytes/macrophages and cancerous cells may be helpful in therapeutic aims in HNSCC. Based on our results, EGF was significantly decreased in the cancerous tissue of primary SGC patients compared
to the adjacent healthy tissue (Padj = 8.21e-12; Log2 FC = ‒3.16).
However, the exact function of EGF in primary SGC is less clear
and requires more examination in the future to realize its role in the
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etiology of SGC.
Furthermore, GRN analysis demonstrated that a total of 18 TFs
are participating in the control of the hub genes expression with an
NES > 4.0. Besides, all the hub genes can be controlled by three
master regulators, including SPIB, FOXM1, and POLR2A. Du et
al. [47] reported that SPIB is commonly upregulated in human
lung cancer tissues and is linked to a dismal outcome in human
lung cancer. In another study, Zhang et al. [48] demonstrated that
SPIB is an essential TF that elevates the expression of SNAP47 in
lung cancer, leading to enhanced autophagy-mediated anoikis resistance, suggesting that SPIB can be considered as a potential
drug target for the prevention and therapeutic procedures of metastatic lung cancers. In contrast, Wood et al. [49] reported that
SPIB was significantly overexpressed in HPV(+) HNSCC patients
compared to HPV(–) HNSCC patients. Of note, the HPV (+)
HNSCC patients had a better 3- and 5-year survival than HPV (‒)
HNSCC patients [50].
Liu et al. [51] demonstrated that inhibition of POLR2A via
α-amanitin or small interfering RNAs exclusively diminished proliferation, survival, and tumorigenesis in colorectal cancer cells with
hemizygous TP53 loss. Therefore, they concluded that POLR2A
inhibition is lethal in human cells and could be considered a novel
treatment approach for human cancers [51].
Roh et al. [52] demonstrated that FOXM1 contributes to cell cycle promoting function in HNSCC cell lines and is responsible for
cell proliferation and metastasis of HNSCC cells. Also, shRNA-mediated FOXM1 knockdown led to the diminished proliferation and
reduced cell migration in three-dimensional culture and xenograft
tumor models.
According to the present results, three considerable clusters within the PPI network (cluster No. 1, cluster No. 2, and cluster No. 3)
were significantly involved in signaling pathways and BPs associated
with tooth decay. A total of 48 genes took part in those clusters that
were principally enriched in ‘cell cycle (Pathway),’ ‘Mitotic G1
phase and G1/S transition (Pathway),’ ‘G0 and Early G1 (Pathway),’ ‘G2/M Checkpoints (Pathway),’ ‘DNA replication (Pathway),’ ‘G1/S transition of mitotic cell cycle (BP),’ ‘positive regulation of fibroblast proliferation (BP),’ ‘multicellular organism development (BP),’ ‘extracellular matrix organization (BP),’ ‘negative
regulation of Wnt signaling pathway (BP),’ ‘positive regulation of
canonical Wnt signaling pathway (BP),’ ‘DNA damage response
(BP),’ ‘DNA unwinding involved in DNA replication (BP),’ ‘cellular
response to hypoxia (BP),’ and ‘positive regulation of osteoblast
differentiation (BP).’
Piechocki et al. [53] studied the effects of TXT, a chemotherapy
agent, on spontaneous murine salivary carcinoma. The authors re-
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ported that TXT functions as an antitumor agent through several
mechanisms, including cell cycle arrest at G2/M and promoting
Fas-mediated apoptosis, leading to proliferation suppression.
Therefore, it may be speculated that the genes involved in the cell
cycle process may be considered as potential therapeutic targets in
SGC. Of note, previous studies have indicated that vitamin D contributes to targeting several cell cycle regulating factors at G1/G0
and G2/M, leading to cell cycle arrest [54].
Fibroblasts and myofibroblasts, known as cancer-associated fibroblasts (CAFs), participate in cancer-stromal interaction through
different mechanisms, including efferent and afferent pathways
[55]. Previous studies have shown that several paracrine and autocrine mediators such as cytokines, interleukins, keratinocyte
growth factor, and TGF-β take part in the efferent pathway, leading
to enhanced tumor development and formation of invasive cells
from non-invasive ones [56-60]. Besides, the interaction between
cancerous cells and CAFs in the microenvironment induces many
intracellular signaling pathways resulting in increased cancer cell
motility and metastasis [55-62]. Moreover, fibroblast growth factors (FGFs) consist of at least 16 identical members that mediate in
various biological procedures such as cellular proliferation, chemotaxis, angiogenesis, and tissue repair. Previous studies have shown
high levels of FGF-1 in the heart, kidney glomeruli, as well as the
urothelium and placenta. It has also been demonstrated that malignant salivary gland tumors and SGC cells contain high levels of
FGF-1 [63-76]. Therefore, it may be suggested that fibroblasts and
FGFs take part in the primary SGC. It is worth mentioning that
FGF-13 was found to be the seed nod of module No. 3. Furthermore, ‘growth factor activity’ and ‘extracellular region’ were the
most significant MF and CC categories that are affected in SGC.
Our study had several limitations, which are as follows: only patients from the University Hospital of Cologne, Germany, were included in the GSE153283 dataset, and therefore, the current results
may not fully translate to patients of other nationalities. Furthermore, only 68 tissue samples were included in the GSE153283
dataset, and therefore, the sample size was not large. Last but not
certainly least, a set of genes selected in the GSE153283 dataset was
based on the GPL19956 platform, which does not symbolize all
the genes. In future efforts, experimental approaches with large
sample sizes are necessary to validate our outcome.
A total of 137 genes were recognized in the current study to be
differentially expressed in the cancerous tissue of primary SGC patients compared to adjacent healthy tissues (FDR < 0.001; |Log2
FC| > 1). Moreover, TP53, EGF, FN1, NOTCH1, EZH2, COL1A1, SPP1, CDKN2A, WNT5A, PDGFRB, CCNB1, and H2AFX
were considered as hub genes in the PIM associated with the pri-
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mary SGC. Also, it was illustrated that SPIB, FOXM1, and POLR2A could regulate all the hub genes. Therefore, as mentioned earlier, we propose that the genes sthat participate in the etiology of
primary SGC may be useful biomarkers in the therapeutic aims of
primary SGC. Also, the clustering study demonstrated that the
most outstanding modules within the PIM were predominantly enriched in the cell cycle-associated pathways and fibroblast proliferation process. MYBL2 was a common TF regulating the hub genes
related to the etiology of ACC, MEC, and SDC. A total of 64 DEGs
and FOXM1 were validated by analyzing an independent dataset
GSE88804. However, the valuable outcome from the present study
needs further research to confirm our data and demonstrate the exact role of the hub genes and their corresponding regulators in primary SGC.
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Campylobacter jejuni is one of the most prevalent organisms associated with foodborne
illness across the globe causing campylobacteriosis and gastritis. Many proteins of C. jejuni
are still unidentified. The purpose of this study was to determine the structure and function
of a non-annotated hypothetical protein (HP) from C. jejuni. A number of properties like
physiochemical characteristics, 3D structure, and functional annotation of the HP (accession No. CAG2129885.1) were predicted using various bioinformatics tools followed by
further validation and quality assessment. Moreover, the protein-protein interactions and
active site were obtained from the STRING and CASTp server, respectively. The hypothesized
protein possesses various characteristics including an acidic pH, thermal stability, water
solubility, and cytoplasmic distribution. While alpha-helix and random coil structures are
the most prominent structural components of this protein, most of it is formed of helices
and coils. Along with expected quality, the 3D model has been found to be novel. This study
has identified the potential role of the HP in 2-methylcitric acid cycle and propionate catabolism. Furthermore, protein-protein interactions revealed several significant functional
partners. The in-silico characterization of this protein will assist to understand its molecular mechanism of action better. The methodology of this study would also serve as the basis for additional research into proteomic and genomic data for functional potential identification.
Keywords: Campylobacter jejuni, functional annotation, homology modeling, hypothetical
protein, in-silico characterization, propionate catabolism

Introduction
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As a human diarrheal pathogen Campylobacter jejuni, a well-known gram-negative bacterium, was first identified in 1973 [1]. It has several features like thermophilic, microaerophilic, no fermenting, non-spore forming, motile, single flagellum properties [2]. C. jejuni
is a common foodborne pathogen that causes acute gastroenteritis in people globally and
is prevalent in developed countries [1,3]. The incidence of infection by C. jejuni is more
frequent than the infections caused by other common species including Escherichia coli
O157:H7, Salmonella and Shigella [4]. C. jejuni possesses remarkable distinctive biochemical features from other microbial species including alpha-hemolysis, catalase sensitivity, hippurate hydrolysis, and nitrate reduction [5].
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The genome of C. jejuni is made up of 1,641,481 base pairs containing 1,707 genes which are predicted to encode 1,654 proteins
[6]. The functions of several of these proteins are still unknown.
Uncharacterized protein families and domains of unknown functions both include proteins with uncertain functions [7]. For these
reasons, the research interest for several unknown proteins of C. jejuni has increased among biological researchers. These unknown
proteins, originated from an open reading frame with no experimental evidence of translation, are termed as hypothetical proteins
(HPs) due to lack of functional annotations [8].
Over the last few decades a revolution in computational biology
has led to the development of numerous servers and tools to aid in
the prediction of protein function. HPs that have unknown features
can be identified by virtue of their homology to known proteins
[7]. A number of bioinformatics tools including the CD Search
Service, InterProScan have been designed to specify functions of
HPs from many bacterial species [9]. Furthermore, the study of
protein-protein interaction (PPI), which play an essential role
during cellular processes, is crucial to understand the function of a
protein in a biological network using software such as the STRING
database [10]. Three-dimensional (3D) modeling, however, is also
important to correlate structural knowledge with the function of
undetermined proteins, through homology searches at the Protein
Data Bank [11].
The aim of this study was to ascribe structural and biological function of the HP NVI_CJUN_00861 (accession No. CAG212988
5.1) of C. jejuni, involved in catabolism of a short chain fatty acid
(SCFA). Among SCFAs found within the gut, C. jejuni metabolizes
only acetate and lactate [12]. Therefore, a protein involved in metabolism of a SCFA will provide insight about the metabolic flexibility
of C. jejuni. A number of in-silico techniques were used to predict the
physicochemical properties, phylogenetic information, subcellular
distribution, secondary and 3D structure, active site location, functional properties, and PPI of the HP engaged in metabolism.

Methods
Sequence retrieval and phylogeny analysis
The amino acid sequence of the HP (accession No. CAG2129885)
from the bacteria Campylobacter jejuni was retrieved as FASTA format from the NCBI protein database (https://www.ncbi.nlm.nih.
gov). We have reviewed all bioinformatics tools and databases used
in this study for functional annotation of HP (Table 1). To analyze
the sequence similarity, BlastP [13] was used. The MUSCLE v3.6
[14] was used to conduct multiple sequence alignment and MEGA
X [15] to phylogenetic analysis.
2 / 12

Physicochemical properties analysis
The ProtParam (http://web.expasy.org/protparam) [16] tool of the
ExPASy server was used to analyze the physicochemical properties
of the protein. The ProtParam tool computes various physicochemical properties such as molecular weight, theoretical isoelectric
point (pI), composition of amino acid, total number of positive and
negative residues, instability index, aliphatic index (AI), grand average of hydropathicity (GRAVY), molecular formula, and estimated
half-life.
Subcellular localization identification
The subcellular localization was anticipated by utilizing the CELLO server (http://cello.life.nctu.edu.tw) [17]. The results were further cross-checked by using PSLpred (http://crdd.osdd.net/raghava/pslpred) [18] and PSORTb (https://www.psort.org/psortb)
[19] servers which are used to predict subcellular localization of
bacterial proteins.
Secondary structure prediction
The Self-Optimized Prediction Method with Alignment serverSOPMA (https://npsa-prabi.ibcp.fr/cgibin/npsa_automat.pl?
page = npsa_sopma.html) [20] was used to predict the studied
protein’s secondary structure. The result was cross-checked by using PSI-blast based secondary structure predicting PSIPRED server
(https://bioinf.cs.ucl.ac.uk/psipred) [21].
3D structure prediction and quality assessment
The 3D model of the protein was generated by the HHpred server
(https://toolkit.tuebingen.mpg.de/tools/hhpred) [22]. The YASARA energy minimization server (http://www.yasara.org/minimizationserver.htm) [23] was utilized to increase the side-chain accuracy, physical realism, and stereochemistry in homology modeling.
The PyMOL v2.0 [24] was used for structural analysis and model
figure generation. The SAVES server (https://services.mbi.ucla.
edu) was used to assess the HP’s anticipated 3D structure model’s
reliability. The Ramachandran plot analysis [25] in PROCHECK
was used to visualize the backbone dihedral angles ψ against φ of
amino acid residues in the HP structure, Verify3D [26] to determine the compatibility of an atomic model (3D) with its amino
acid sequence, and ERRAT [27] to cross-check the studied HP
structure.
Functional annotation
To identify the conserved domain of the protein sequence, the
Conserved Domain Search Service (CD Search) (https://www.
ncbi.nlm.nih.gov/Structure/cdd/wrpsb.cgi) [28] from NCBI was
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Table 1. List of bioinformatics tools and databases used for sequence based function annotation
Sl
A
1
2
3
B
4
C
5
6
7
D
8
9
E
10
11
12
13
14
15

Software
Sequence similarity search
BlastP
MUSCLE
MEGA X
Physiochemical characterization
ExPASy-Protparam tool
Sub-cellular localization
CELLO
PSLpred
PSORTb
Secondary structure prediction
SOPMA
PSIPRED
3D structure prediction and quality assessment
HHpred
YASARA
PyMOL
PROCHECK’s Ramachandran plot analysis
Verify3D
ERRAT

F
16
17
G
18
H
19

Functional annotation
CD Search
InterProScan
Protein-protein interaction
STRING
Active site identification
CASTp

Function
Used to find similar sequences in protein databases
Used to conduct multiple sequence alignment
Used for inferring phylogenetic trees

[13]
[14]
[15]

Used for computation of various physical and chemical parameters of protein

[16]

Assign localization to both prokaryotic and eukaryotic proteins
Used to predict subcellular localization of proteins from Gram-negative bacteria
Used to predict subcellular localization of bacterial proteins

[17]
[18]
[19]

Used to predict the secondary structure of protein
Used for predicting PSI-blast based secondary structure to analyze protein

[20]
[21]

Used to detect protein homology by HMM-HMM comparison
Utilized to increase the stability of the 3D model structure
Used for structural analysis and model figure generation
Used to analyze the quality and accuracy of the predicted 3D model structure
Used to assess protein’s model with 3D profiles
Used to analyze the statistics of non-bonded interactions between different atoms
and verify protein structures

[22]
[23]
[24]
[25]
[26]
[27]

Used to search for conserved structural and functional domains in a sequence
Used to search interPro for motif discovery

[28]
[29]

Used for predicting protein-protein interaction

[10]

Used to find, outline, and estimate inward surface regions on protein 3D structure

[30]

used. The protein sequence analysis and classification server InterProScan (https://www.ebi.ac.uk/interpro/search/sequence) [29]
was then used for the functional analysis of the protein.

Protein-protein interaction
PPIs are a never-ending, intricate web of reactions that are essential
for the control and execution of most biological processes. A protein-protein functional interaction network was identified by the
STRING v11.0 (https://string-db.org) [10] search.
Active site identification
The active site of the HP was identified by the Computed Atlas of
Surface Topography of Protein (CASTp) (http://sts.bioengr.uic.
edu/castp) [30] which is an online asset for finding, outlining, and
estimating inward surface regions on protein 3D structure.
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Performance assessment
A receiver operating characteristic (ROC) was carried out for randomly selected 40 proteins with known functions of C. jejuni (Supplementary Table 1) to confirm the accuracy of the predicted function of the HP using the same bioinformatics tools and databases
that were used. We used two binary numerals “0” and “1” to classify
the prediction as true positive (1) and true negative (0) whereas
the integers (2, 3, 4, and 5) to evaluate the six levels diagnostic efficacy. The classification data were submitted to a web-based calculator to calculate the sensitivity, specificity, ROC area, and accuracy
of the tools used to annotate the function of HP [31].

Results and Discussion
Sequence and similarity information
All information of the HP (accession No. CAG2129885) was col3 / 12

Mazumder L et al. • Campylobacter jejuni protein function annotation

lected from the NCBI database (Supplementary Table 2). BlastP
was performed against the non-redundant protein sequences (nr)
database and UniProtKB/Swiss-Prot (swissprot) database which
showed demonstrated homology of the HP with other MmgE/
PrpD family protein and cis-aconitate decarboxylase (CAD), respectively (Tables 2 and 3). A phylogenetic tree (Fig. 1) was constructed using the neighbor-joining method with a bootstrap replication of 1,000 to confirm the homology assessment between
proteins.

Physicochemical features
The physicochemical properties of the studied protein (Supple-

mentary Table 3) were obtained from the ExPASy ProtPram server
illustrated that the protein contains 446 amino acids with a molecular weight of 49478.88 Da. Among the composition Ala (46), Ile
(42), Leu (42), Lys (38), Phe (33), Ser (31), Asn (30), Glu (29),
Gly (26), Asp (24), Val (17), Thr (14), Pro (14), His (13), Tyr
(11), Gln (10), Cys (8), Met (8), Arg (7), and Trp (3) were most
abundant. The number of negatively charged residues (Asp + Glu)
and positively charged residues (Arg + Lys) was computed as 53
and 45, respectively. The pI was calculated as 5.93, which is an indicator that the protein is acidic (pH < 7) in character. The instability index was found to be 29.84 which classifies the HP as a stable
protein. The AI was found to be 94.82 which implies the stability of

Table 2. Similar protein obtained from non-redundant protein sequences (nr) database
Protein name
MULTISPECIES: MmgE/PrpD family protein
MmgE/PrpD family protein
MmgE/PrpD family protein
MmgE/PrpD family protein
MULTISPECIES: MmgE/PrpD family protein

Source organism
Campylobacter
C. jejuni
C. jejuni
C. coli
Campylobacter

Accession ID
WP_002866694.1
EHD2634150.1
WP_057100379.1
WP_193228049.1
WP_002877370.1

Identity (%)
100
99.78
99.78
99.55
99.78

Score
910
909
909
908
908

e-value
0
0
0
0
0

Score
133
130
128
114
113

e-value
5e-33
6e-32
2e-31
2e-26
7e-26

Table 3. Similar protein obtained from UniProtKB/Swiss-Prot (swissprot) database
Protein name
Cis-aconitate decarboxylase
Cis-aconitate decarboxylase
Uncharacterized protein YxeQ
Cis-aconitate decarboxylase
Cis-aconitate decarboxylase

Source organism
Mus musculus
Homo sapiens
Bacillus subtilis subsp. subtilis str. 168
Aspergillus terreus
Aspergillus terreus NIH2624

Accession ID
P54987.2
A6NK06.1
P54956.2
B3IUN8.1
Q0C8L3.1

Identity (%)
27.06
26.91
23.81
25.49
25.98

Fig. 1. Phylogenetic relatedness of the study protein (indicated with a black diamond) along with similar other proteins obtained from nonredundant protein sequences (nr) database. Scale bars represents substitutions per nucleotide site. Evolutionary analyses were conducted in
MEGA X using Jones-Taylor-Thornton model with 1,000 bootstraps.
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the protein over a wide range of temperatures. The GRAVY score,
‒0.002, indicated that the protein is soluble in water (hydrophilic).
The molecular formula of the HP was C2250H3490N574O649S16. The
putative protein’s half-life was estimated to be > 20 h in yeast (in-vivo), > 10 h in Escherichia coli (in-vivo), and 30 h in mammalian reticulocytes (in-vitro).

portion of the secondary structure of the protein is helix, sheet,
turn, and coil. The secondary structure of the HP, obtained from
SOPMA server, demonstrated that it was composed of the alpha
helix (55.16%), random coil (33.41%), extended strand (7.17%),
and beta-turn (4.26%) (Fig. 2). A similar result was found from the
PSIPRED server (Fig. 3) validated the previous result.

Subcellular localization
Since protein subcellular localization can provide information
about a protein’s function in an organism, computerized prediction
of protein subcellular localization is an important technique for
protein analysis and annotation. Subcellular localization involves
the identification of the protein location within a cell. The protein
functions are greatly influenced by their subcellular localization.
Based on analysis of the CELLO server protein localization predictions, the HP was identified as a cytoplasmic protein. The PSORTb
server also identified the protein as a cytoplasmic one with a high
localization score (9.97). The PSLpred protein subcellular localization server similarly indicated the protein as a cytoplasmic one.

3D structure analysis
The 3D structure of a protein is intimately connected to its functional activities. Homology modeling was used to obtain the 3D
structure of the HP from HHpred. YASARA energy minimization
server modified the model structure to a more stable one by reducing its energy from 11,240.6 kJ/mol to –219,800.0 kJ/mol. The 3D
structure of the protein obtained from PyMOL (Fig. 4) was validated by PROCHECK’s Ramachandran plot analysis, Verify3D, and
ERRAT. The Ramachandran plot analysis (Fig. 5A) revealed that
the number of amino acids in the most favored region was 91.3%
(Supplementary Table 4), which is an indicator of a valid model.
An overall quality factor of 96.99 by ERRAT verified the model as
good quality (Fig. 5B). Verify3D also proved the validity of the predicted model by showing that 86.52% of the residues have averaged
3D-1D score ≥ 0.2 (Fig. 5C).

Secondary structure analysis
Protein function is highly conserved by its structure. A significant
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Fig. 2. Secondary structure model predicted by the SOPMA server.
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Fig. 4. Predicted 3D structure of the hypothetical protein rendered
by PyMOL.
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Functional annotation
The conserved domain search service tool of NCBI had identified
a functional domain located in the protein sequence of the HP. The
domain that was found in the HP is of MmgE/PrpD family protein
(accession No. pfam03972) which is involved in propionate catabolism. Under certain conditions, the breakdown of propionate results in the creation of propionyl-CoA, which is carboxylated to
D-methylmalonyl-CoA, isomerized to L-methylmalonyl-CoA, and
convertes to succinyl-CoA, which is supplied to various cellular
processes [32]. Many bacteria can use propionate as their only carbon source. It has a close relationship with the malonate metabolic
pathway and central metabolism [33].
The result was cross-checked by InterProScan and later validated by Pfam which produced the same result. Pfam server identified
MmgE/PrpD N-terminal domain at 4–440 amino acid residues
with an e-value of 3.8e-105. Additionally, to identify the accuracy
of the tools and databases used to specify the function of the protein, ROC curve was calculated. An average accuracy for the used
pipeline was found to be 96.7% and area under the curve was 0.99
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Fig. 5. 3D model of the studied hypothetical protein of Campylobacter jejuni validated by Ramachandran plot of PROCHECK program (A),
ERRAT (B) (value overall quality factor: 96.991 from the SAVES server), and Verify3D (C).
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(Table 4) indicating the high reliability of in-silico tools and databases used in this study.
Proteins belonging to the MmgE/PrpD family protein contain
2-methylcitrate dehydratase (PrpD; 4.2.1.79). The 2-methylcitric
acid cycle catalyzed by PrpD leads to propionate catabolism. PrpD
catalyzes the third step of the 2-methylcitric acid cycle [34,35].
This functional protein is made up of a broad domain with an
all-helical fold and a smaller domain that folds into an alpha + beta
domain [36]. CAD and MmgE/PrpD family protein share a lot of
similarities. In Aspergillus terreus, CAD is needed for the production
of itaconic acid [37]. It has been previously reported that ci-

trate/2-methylcitrate dehydratase of Bacillus subtilis possesses both
2-methylcitrate dehydratase and citrate dehydratase and thus it is
active in the tricarboxylic acid cycle and methylcitric acid processes
[38].

PPI analysis
PPI network of the HP was obtained from STRING server (Fig. 6).
Functional partners with their scores predicted by the STRING
search were gltA (0.991), acnB (0.961), purB-2 (0.886), metC
(0.857), EAQ72564.1 (0.811), EAQ72574.1 (0.810), lecC
(0.595), EAQ72769.1 (0.535), guaB (0.529), and acs (0.478)
(Supplementary Table 5).
Active site analysis
Protein’s active site is the region of its surface that facilitates its binding with a specific molecular substrate which then undergoes catalysis. The CASTp server had demonstrated that 14 amino acid residues were present in the active site of the protein (Fig. 7) and the
best active site was in areas with 128.249 and a volume of 79.033.

Fig. 6. Protein-protein interaction network of the hypothetical
protein from the STRING server. The colored nodes indicate the query
proteins and the first shell of interactors, the white nodes indicate
the second shell of interactors, the empty nodes represent proteins
with an unknown three-dimensional structure, and the filled nodes
represent proteins with a known or predicted three-dimensional
structure.

Fig. 7. Active site (indicated as red color) of the studied hypothetical
protein.

Table 4. ROC results of various tools and databases used in the present study
Tools name
BLAST
CD Search
InterProScan
Average

Accuracy of prediction (%)
97.5
95
97.5
96.7

Sensitivity (%)
97.4
94.9
97.4
96.6

Specificity (%)
100
100
100
100

ROC area
0.99
0.99
0.99
0.99

ROC, receiver operating characteristic.
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Fig. 8. The amino acid residues in the active site of the studied protein (blue color).

The residues in the active site were shown in Fig. 8.

ed.

Conclusion
Protein has a fundamental role in different biological processes, and
all living things rely on it. The studied HP helps bacteria in propionate catabolism and influences the 2-methylcitric acid cycle. The
basic knowledge on C. jejuni will be strengthened by these characters of the HP. However, the findings of the analyses show the validity of the bioinformatics tools and databases employed in this study,
as well as the potential for extended in-vitro research on the HP.
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Autism is a complex neurodevelopmental disorder, the prevalence of which has increased
drastically in India in recent years. Neuroligin is a type I transmembrane protein that plays
a crucial role in synaptogenesis. Alterations in synaptic genes are most commonly implicated in autism and other cognitive disorders. The present study investigated the neuroligin
3 gene in the Indian autistic population by sequencing and in silico pathogenicity prediction of molecular changes. In total, 108 clinically described individuals with autism were
included from the North Karnataka region of India, along with 150 age-, sex-, and ethnicity-matched healthy controls. Genomic DNA was extracted from peripheral blood, and exonic regions were sequenced. The functional and structural effects of variants of the neuroligin 3 protein were predicted. One coding sequence variant (a missense variant) and four
non-coding variants (two 5’-untranslated region [UTR] variants and two 3’-UTR variants)
were recorded. The novel missense variant was found in 25% of the autistic population.
The C/C genotype of c.551T>C was significantly more common in autistic children than in
controls (p = 0.001), and a significantly increased risk of autism (24.7-fold) was associated
with this genotype (p = 0.001). The missense variant showed pathogenic effects and high
evolutionary conservation over the functions of the neuroligin 3 protein. In the present
study, we reported a novel missense variant, V184A, which causes abnormal neuroligin 3
and was found with high frequency in the Indian autistic population. Therefore, neuroligin
is a candidate gene for future molecular investigations and functional analysis in the Indian autistic population.
Keywords: autism, India, missense variant, neuroligin 3

Introduction
2021 Korea Genome Organization
This is an open-access article distributed
under the terms of the Creative Commons
Attribution license (http://creativecommons.
org/licenses/by/4.0/), which permits unrestricted use, distribution, and reproduction
in any medium, provided the original work is
properly cited.

Autism (MIM 209850) is a complex neurodevelopmental disorder that is characterised by
impaired verbal and nonverbal communication and social interaction, accompanied by restricted and stereotyped behavior [1,2]. The American child psychiatrist Leo Kanner was
the first to clearly define the condition and to use the term “autism” [3,4]. The aetiology of
autism is largely unknown, but many studies have shown that genetic factors play a major
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role, along with environmental factors. The genetic architecture of
autism is complex. Autism shows diverse forms of genetic variation,
differing in frequency (i.e., very rare, rare, and common variations),
the pattern of inheritance (i.e., autosomal, X-linked, and de novo
variations), the type of variation (i.e., structural—including aneuploidy, copy number variations, indel mutations, and single-nucleotide variations), and mode of action (additive, recessive, dominant,
and hemizygous) [5,6]. The causes of autism may be heritable, de
novo, or both. Some family and twin studies have shown that autism is highly heritable. The concordance rate of autism is roughly
45% for monozygotic twins and 16% for dizygotic twins [7,8]. The
co-occurrence rate of autism in siblings is approximately 45 times
greater than in the general population. The male to female ratio is
3‒4:1 [4,9]. The reason for the male predominance is still unknown.
Various studies from Asia, Europe, and North America have
identified the average prevalence of autism spectrum disorder
(ASD) to be 1% to 2% [10]. In India, the prevalence of autism has
increased drastically over time, and the true reason for the cause of
this change remains unclear. In a systematic review of four studies,
one study included both rural and urban populations, while the remaining three included only urban populations. The study from
the rural cohort showed a pooled prevalence of 0.11% (95% confidence interval [CI], 0.01% to 0.20%) in children of 1–18 years. A
study conducted in the urban cohort showed a pooled prevalence
of 0.09% (95% CI, 0.02% to 0.16%) in children aged 0–15 years
[11]. A study conducted in 2017 amongst children from rural, urban, and tribal populations of children aged 1–10 years showed a
prevalence of 0.15% (95% CI, 0.15% to 0.25%) [10].
Autism has diverse pathophysiological mechanisms, of which
synaptic cell adhesion and associated molecules are currently
amongst the most studied. Neuroligin is a type I transmembrane
protein whose extracellular segments contain a globular domain
homologous to acetylcholine esterase and a stalk rich in O-linked
carbohydrates [12]. In the human genome, five genes have been
identified that code for neuroligin: NLGN1 (3q26), NLGN2
(17p13), NLGN3 (Xq13), NLGN4X (Xp22.3), and NLGN4Y
(Yq11.2). The protein products of NLGN1 are located at excitatory
synapses, those of NLGN2 are found at inhibitory synapses, those
of NLGN3 are at both excitatory and inhibitory synapses, and those
of NLGN4X are found at excitatory synapses. NLGN4X and NLGN4Y have almost identical sequences, and are therefore assumed to
have the same function [13,14]. In the present study, we recorded
the prevalence of autism in the North Karnataka region of India for
the first time, investigated the genetic profile of neuroligin 3 gene in
the Indian autistic population by DNA sequencing, and reported
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novel molecular-level changes.

Methods
Subjects
In the North Karnataka region of India, 1870 mentally ill children
below 18 years of age were diagnosed using the Diagnostic and Statistical Manual of Mental Disorders (https://www.psychiatry.org/
psychiatrists/practice/dsm) and the International Classification of
Diseases, 10th revision (https://www.who.int/classifications/icd/
icdonlineversions/en/). From these children, 150 autistic children
were identified, of whom 108 children were included in this study
(nmale = 85, nfemale = 23; age range, 5 to 18 years, and mean age, 11.7
± 3.5 years). Children with associated medical conditions, including fragile X syndrome, chromosomal abnormalities, and metabolic
disorders were excluded from the study. Furthermore, 150 age-,
sex-, and ethnicity-matched healthy control children were also included in the study (nmale = 100, nfemale = 50; age range, 5 to 18
years, and mean age, 11.0 ± 2.0 years; p = 0.04). Shri B.M Patil
Medical College, Hospital and Research Centre, BLDE (Deemed
to be University), Vijayapura (Ref No: BLDE (DU) IEC/3372018-19) approved the study. Clinical samples were obtained after
receiving informed consent from the parents/guardian of the respective child.
DNA sequencing
Genomic DNA was extracted from peripheral blood using a DNA
extraction kit (DNeasy Blood and Tissue Kit, Qiagen, Hilden, Germany) as per the manufacturer’s instructions. All seven exonic regions of the NLGN3 gene were amplified by polymerase chain reaction (PCR) using PCR reaction kits (New England Biolabs, Ipswich, MA, USA) with specifically designed primers. Sequencing of
the amplified product was performed on an ABI 3500 DNA analyzer using a Big Dye terminator version 3.1 cycle sequencing kit
(Applied Biosystems, Waltham, MA, USA). Sequencing results
were analyzed on DNA Sequencing Analysis Software v5.4 (Applied Biosystems).
Bioinformatics analysis
The pathogenic effects of non-synonymous variants were analyzed
using the following tools:
‒ PROVEAN (Protein Variation Effect Analyser, http://provean.
jcvi.org/seq_submit.php), which predicts the impact of amino
acid substitutions on the biological function of a protein.
‒ PolyPhen-2 (Polymorphism Phenotypic-2, http://genetics.bwh.
harvard.edu/pph2/index.shtml), which is a tool that predicts the
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impact of amino acid substitutions on the structure and function
of human proteins using straightforward physical comparative
considerations.
‒ PHD SNP (https://snps.biofold.org/phd-snp/phd-snp.html), a
predictor of human deleterious SNPs.
‒ SNP & GO (https://snps.biofold.org/snps-and-go/snps-and-go.
html), which predicts disease-associated variants using Gene Ontology terms.
‒ PANTHER (Protein Analysis through Evolutionary Relationships; http://www.pantherdb.org), which uses evolutionary relationships to infer gene function.
‒ SNAP2 (https://www.rostlab.org/services/snap/), which predicts the functional effects of sequence variants. The evolutionary
conservation of the missense variant was investigated by Clustal
Omega (https://www.ebi.ac.uk/Tools/msa/clustalo/) using
NLGN3 sequences from different species. Homology modelling
of wild-type and mutant NLGN3 proteins was conducted using a
fully automated protein structure homology-modelling server
(Swiss Model; https:// swissmodel.expasy.org), and the results
were visualized and analyzed using the UCSF Chimera program.
The Uniprot accession numbers were Q9NZ94 (Homo sapiens),
Q8BYM5 (Mus musculus), Q62889 (Rattus), F1Q3I9 (Canis lupus), G3MXP5 (Bos taurus), A0A2I2UDX2 (Felis catus), E9KFA0
(Gallus gallus), G3RBW3 (Gorilla gorilla), and G7NRV3 (Macaca
mulatta).

Statistical analysis
The obtained data were tabulated and analyzed via SPSS version
15.0 (SPSS Inc., Chicago, IL, USA). Quantitative statistical analysis
was performed using the two-tailed Student t-test. Data are presented as mean ± SD. The chi-square test was used to calculate the
genotype frequencies of cases and controls. The frequency of the

variant was estimated using the Hardy-Weinberg equilibrium
(HWE). The risk association between the novel missense mutation
and autism was calculated by analyzing odds ratios along with their
95% CIs through allelic, dominant, and recessive genetic models by
logistic regression. A p-value < 0.05 was considered to indicate statistical significance.

Results
In the present study, all seven exonic regions of the NLGN3 gene
were analyzed in 108 individuals. One coding sequence variant and
four non-coding sequence variants (two 5ʹ-untranslated region
[UTR] variants and two 3ʹ-UTR variants) were observed. The
coding sequence variant c.551 T > C (p.V184A) was a missense
variant observed in 27 autistic children (25%). The 5ʹ-UTR variant
g.5040 C > W was found in one (0.92%) and g.5041 T > A was
found in five (4.6%) autistic children, while the 3ʹ-UTR variant
g.30370 C > Y was observed in 75 (69.4%) and g.30349‒30350 Ins
AC was observed in 21 (19.4%) autistic children. The g.5040
C > W and g.30370 C > Y variants were heterozygous (Table 1, Fig.
1). All the variants are novel and have not been reported previously
in any of the in-house human SNP databases such as dbSNP,
1000genomes, ExAc, ClinVar, HapMap, and gnomAD. The clinical
features of all the 27 autistic children in whom the novel missense
mutation p.V184A was recorded are summarised in Table 2.
The novel missense variant c.551 T>C (p.V184A) was predicted to
have a deleterious effect on the function of the NLGN3 protein by
PolyPhen2, PROVEAN, PANTHER, SNP&GO, PHD-SNP, and
SNAP2 (Table 3). Multiple sequence alignment of NLGN3 was carried out using Clustal Omega, which indicated that the valine at residue
184 is fully conserved across different species ranging from chickens to
humans (Fig. 2). Three-dimensional models for the wild-type NLGN3

Table 1. List of variants and frequency of variants in our study population
Gene
NLGN3

Mutation type
5′ UTR
5′ UTR
Missense
3′ UTR
3′ UTR

Nucleotide change
g.5040 C > W
g.5041 T> A
g.15417 [c.551 T> C]
g.30349-30350 Ins AC
g.30370 C > Y

Amino acid change

Exon

p.V184A
-

1
1
4
7
7

Frequency of mutation in
autism group (%)
1 (0.92)
5 (4.6)
27 (25)
21 (19.4)
75 (69.4)

Frequency of mutation in
control group (%)
0
0
2 (1.3)
1 (0.7)
6 (4)

Autistic individuals (n = 108), nmale = 85, nfemale= 23; age range, 5 to 18 years, and mean age, 11.7 ± 3.5, p = 0.03. Furthermore, 150 age-, sex-, and ethnicitymatched control children were also included in the study (nmale = 100, nfemale = 50; age range, 5 to 18 years, and mean age, 11.0 ± 2.0, p = 0.04).
The NG_015874.1 reference sequence was used for genomic DNA variant nomenclature, the ENST00000374051.7 reference sequence was used for coding
region variant nomenclature, and the ENSP00000363163.3 reference sequence was used for protein variant nomenclature. The nomenclature followed the
Human Genome Variation Society guidelines.
UTR, untranslated region.
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Reference:
ASD sample:

g.5040 C>W

Reference:
ASD sample:

g.5041 T>A

g.15417 (c.551 T>C)

Reference:
ASD sample:

Reference:
ASD sample:

g.30370 C>Y
g.30349-30350 ins AC

Fig. 1. All the four variants of the NLGN3 gene recorded in the autistic population. ASD, autism spectrum disorder.

Fig. 2. Multiple sequence alignment of neuroligin 3 protein sequences. The amino acid residue at 184 is arrowed.

protein and the mutated NLGN3 (p.184A) protein were generated using the homology-modelling server Swiss Model. The wild-type protein had a Qmean of –1.24 and the mutated NLGN3 protein had a Qmean
of –1.32. At residue V184, two H-bonds were observed with V264 in
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both wild-type (V184) and mutant (A184) proteins (Figs. 3 and 4),
and the mutant residue was smaller than the wild-type residue, which
might lead to a loss of interactions with other molecules.
Basic information containing allelic frequency, minor allele fre-
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Table 2. Clinical features of autistic children with the novel missense mutation c.551T>C in the NLGN3 gene
No.

Sex/ Age (y)

Child 1
Child 2
Child 3
Child 4
Child 5
Child 6
Child 7
Child 8
Child 9
Child 10
Child 11
Child 12
Child 13
Child 14
Child 15
Child 16
Child 17
Child 18
Child 19
Child 20
Child 21
Child 22
Child 23
Child 24
Child 25
Child 26
Child 27

M/13
F/10
M/14
M/11
F/14
M/10
M/9
F/8
M/10
M/13
M/11
F/13
F/11
M/10
M/12
M/14
M/9
F/8
M/10
M/11
M/8
F/10
F/13
M/12
M/9
M/11
F/12

CARS score and
severity
Severe, 51
Severe, 50
Severe, 46
Severe, 48.5
Severe, 47.5
Severe, 52
Severe, 43.5
Severe, 49.5
Mildly moderate, 37
Severe, 51.5
Severe, 42
Severe, 40.5
Mildly moderate, 35
Mildly moderate, 30
Mildly moderate, 36
Severe, 50
Mildly moderate, 32
Severe, 50
Mildly moderate, 33
Mildly moderate, 36
Mildly moderate, 35
Severe, 56
Severe, 49
Mildly moderate, 33
Severe, 53
Mildly moderate, 32
Mildly moderate, 35

IQ
20
25
30
30
20
30
20
30
35
30
20
20
65
65
35
20
20
20
25
40
35
20
25
30
30
20
30

Age of
mothera
32
25
32
26
28
32
34
16
22
33
22
28
32
25
28
20
33
30
26
19
28
30
35
18
29
36
35

Age of
fatherb
36
30
35
32
33
37
43
36
30
38
30
35
38
32
36
29
39
36
30
29
34
36
45
25
38
43
38

Prenatal damage
None
Preeclampsia
Infection during Pregnancy
Hyperthyroidism
None
None
None
Preeclampsia
None
Maternal hypertension
None
None
infection during pregnancy
Maternal hypertension
None
Maternal hypertension
Preeclampsia
Hyperthyroidism
None
None
None
Infection during pregnancy
None
Maternal hypertension
None
None
Preeclampsia

Postnatal damage
Birth asphyxia
Respiratory illness
None
None
Birth asphyxia
Delayed crying
None
None
None
None
Delayed crying
None
Birth asphyxia
None
Delayed crying
None
None
Respiratory illness
None
None
Feeding problem
Respiratory illness
Delayed crying
Feeding problem
None
None
None

Consanguineous Co-morbid
marriage
condition
Yes
None
Yes
None
No
None
Yes
None
Yes
None
Yes
None
No
None
No
None
Yes
None
Yes
None
Yes
None
No
None
No
None
No
None
No
None
Yes
None
No
None
No
None
Yes
None
Yes
None
Yes
None
No
None
Yes
None
No
None
No
None
Yes
None
Yes
None

CARS, Childhood Autism Rating Scale.
a
Age of mother at childbirth.
b
Age of father at childbirth.

Table 3. Pathogenicity of the missense variant as identified by five in silico tools
PROVEAN
Deleterious
score: ‒3.094

PHD-SNP
Disease
reliability index: 8

SNP & GO
Disease
probability: 0.682

SNAP2
Effect
score: 23

Polyphen-2
Probably damaging
score: 0.982

PANTHER
Probably damaging

NLGN3 mutation: missense, nucleotide change: c.551 T>C, amino acid change: p.V184A.
PROVEAN: “deleterious” if the prediction score is </-2.5, “neutral” if the prediction score is >/-2.5. SNP & GO: If the probability is >0.5, then it is predicted
to be a disease-causing nsSNP. SNAP2: “neutral” if the score is from 0 to –100, “effect” if the score is from 0 to 100. PolyPhen-2: “probably damaging”
indicates the strongest disease-causing ability with a score close to 1; “possibly damaging” refers to less disease-causing ability with a score of 0.5–0.8; and
“benign” corresponds to no alteration of protein function, with a score closer to 0. PHD-SNP: if the probability is >0.5, the mutation is predicted as “disease”
and if it is less than <0.5, the mutation is predicted to be “neutral.”

quency distribution, HWE p-value, odds ratios (ORs), and 95%
CIs of c.551T > C is shown in Table 4. c.551T > C was in HWE in
the control group (p > 0.05). The frequency of the C allele of c.
551T > C was significantly higher in cases than in controls (2.5%
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vs. 1%) which suggests that the C allele of the novel frameshift mutation c.551T > C was associated with an increased risk of autism
(OR, 24.7; 95% CI, 5.7 to 106.4; p = 0.001) (relative risk, 18.9;
95% CI, 4.5 to 77.2; p = 0.002). Furthermore, we assumed that the
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Table 4. Basic information on the novel missense mutation c.551T>C and MAF between cases and controls
Variation type
Missense

Position

Minor allele

c.551

C

MAF
Case
0.25

Control
0.01

HWE-p

Odds ratio (95% CI)

p-value

Relative risk
(95% CI)

p-value

0.99

24.7 (5.7‒106.4)

0.001*

18.9 (4.5‒77.2)

0.002*

HWE p-values were calculated using the 2-sided chi-square test.
MAF, minor allele frequency; HWE, Hardy-Weinberg equilibrium; CI, confidence interval.
*p < 0.05 indicates statistical significant.

A

B

Fig. 3. 3D structure of V184A substitution using Chimera software. The wild-type residue (A) and the mutant residue (B).

Table 5. Association between the novel missense mutation c.551T>C
and the risk of autism in genetic models
Models

Genotype

Codominant

T/T
T/C
C/C

No. (%)
Case Control
81
148
1
2
26
0

Dominant

T/T
T/C-C/C

81
27

148
2

Recessive

T/T-T/C
C/C

81
26

150
0

Fig. 4. Amino acid structure of valine to alanine.

minor allele of c.551T > C was a risk factor compared with the wildtype allele. Three genetic models (codominant, dominant, and recessive) were applied to analyze the significance of the association
between the novel mutation and autism risk using logistic regression. A statistically significant increase in the risk of autism was observed for the C/C genotype compared to the wild-type T/T genotype (OR, 96.68; 95% CI, 5.8 to 1,607.1; p = 0.001), which corresponds to a 96.68-fold increased risk of autism under the codominant model. The combined genotype (T/C + C/C) also significantly increased the autism risk under the dominant model (OR,
24.7; 95% CI, 5.7 to 106.4; p = 0.001) (Table 5). We implemented
a stratification analysis by sex to evaluate the sex association between the novel mutation allele and autism. We found that the C/
C genotype was associated with an increased risk for autism in
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OR (95% CI)

p-value

1 (ref.)
0.69 (0.1‒7.7)
96.68
(5.8‒1,607.1)
1 (ref.)
24.7
(5.7‒106.4)
1 (ref.)
96.68
(5.8‒1,607.1)

0.38
0.001*
0.001*
0.001*

OR, odds ratio; CI, confidence interval.
*p < 0.05 indicates statistical significant.

males (OR, 55.1; 95% CI, 3.3 to 929.7; p = 0.005) under the codominant model, as was the combined genotype (T/C + C/C)
under the dominant model (OR, 26.6; 95% CI, 3.5 to 204.1; p =
0.002). The C/C genotype was also associated with an increased
risk for autism in females (OR, 55.4; 95% CI, 3.0 to 1,015.2; p =
0.006) under the codominant model, as was the combined geno-
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type (T/C + C/C) under the dominant model (OR, 31.5; 95% CI,
3.7 to 270.3; p = 0.001) under the dominant model (Table 6).

Discussion
Autism (MIM 209850) is a heterogeneous neurological disorder
manifesting before the age of three [1,3]. Autism results in impaired
social interactions, impaired communication, and abnormal behavior [1,13]. Genetic research on autism has made great progress in
the past few years. Neuroligin, a postsynaptic transmembrane protein involved in synaptogenesis, has been predicted to be a promising candidate gene for autism and other neurological disorders [1518]. Neuroligin 3 shows diverse genetic alterations in autism. In India, autism is still understudied, and insufficient experimental data
are available on its clinical aspects. To our knowledge, this is the
first study from India on the role of the NLGN3 gene in autism.
The first-ever study to show the role of NLGN3 in autism recorded
a missense variant (R451C) that alters the binding of neuroligin to
neurexin, resulting in the abnormal formation, stabilization, and
recognition of specific synapses essential for communication process that are defective in autism, was conducted in 2003 [9]. Later
studies showed that neuroligin gene mutations were implicated in
rare cases of autism. Despite the rarity of its involvement, the components involved in the synaptogenesis and synaptic structures remain excellent functional candidates for future molecular genetic
studies of autism and related disorders [19]. Subsequent studies reported different mutations in different regions of the NLGN3 gene
across the world. Mutated versions of the NLGN3 protein with the
missense variants Pro514Ser and Arg597Trp do not reach the plasma membrane in the cell, preventing it from interacting with the

neurexin protein in the human brain [20]. Certain missense variants may influence males’ susceptibility to ASD [21]. Hence,
NLGN3 may be a candidate gene for the male predominance of autism. Several missense variants in NLGN3 account for non-syndromic forms of intellectual disability associated with autism [20].
Moreover, missense variants with pathogenic effects are possible
etiological factors for autism [22]. Coding sequence variations in
NLGN3 and NLGN4 are rare, but contribute to the aetiology of autism [23]. In addition to missense variants, but intronic and
non-synonymous variants also affect the regulatory region such as
enhancers and promoters associated with histone modification
sites (nuclease-accessible sites and transcription factor binding
sites), making modest contributions to the pathogenesis of ASD
[23-25]. Other forms of genetic alterations, including splice variants and non-coding sequence variants, may also lead to the potentially abnormal function of neuroligin in autism [26,27].
All previous studies strongly suggest that neuroligin plays a heterogeneous role in the aetiology of autism. No molecular study of
neuroligin on autism in India has been conducted to date. We studied 108 autistic individuals and found the novel missense variant
c.551T > C in the NLGN3 gene, which was not recorded previously
in any autistic population around the globe. In our study, the C/C
genotype of c.551T > C was significantly more common in the autistic children than in the controls (p = 0.001). In particular, there
was a significantly 96.68-fold increased risk of autism (p = 0.001)
associated with this genotype. However, the combined T/C+C/C
genotype showed a significantly 24.7-fold increased risk of autism
(p = 0.001), implying that the T allele may be a protective factor
and people who carry this allele may be less likely to develop autism. In both male and female children, the C/C genotype of

Table 6. Analysis of novel missense mutation c.515T>C genotype and autism risk in males and females based on logistic tests
Model

Genotype

Male

T/T
T/C

Case
76
0

C/C

18

0

Dominant

T/T
T/C-C/C

67
18

99
1

Recessive

T/T-T/C
C/C

67
18

100
0

Codominant

Control
99
1

OR (95% CI)
1 (ref.)
0.39
(0.02‒9.6)
55.1
(3.3‒929.7)
1 (ref.)
26.6
(3.5‒204.1)
1 (ref.)
55.1
(3.3‒929.7)

p-value

Female
Case
14
1

Control
49
1

0.005*

8

0

0.002*

14
9

49
1

0.005*

15
8

50
0

0.56

OR (95% CI)
1 (ref.)
2.2
(0.13-37.2)
55.4
(3.0-1015.2)
1 (ref.)
31.5
(3.7-270.3)
1 (ref.)
55.4
(3.0-1015.2)

p-value
0.57
0.006*
0.001*
0.006*

OR, odds ratio; CI, confidence interval.
*p < 0.05 indicates statistical significant.
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c.551T > C showed a significantly similar risk ratio (55.1-fold vs.
55.4-fold). The c.551T > C variant was predicted to be a pathogenic variant of NLGN3 by the PROVEAN, PolyPhen2, PANTHER,
PHD-SNP, SNPs & GO, and SNAP2 prediction tools. The V184
residue constitutes a highly conserved amino acid that shows a
strong evolutionary relationship over different species. A structural
analysis of the wild-type and mutant protein showed variation in
structural integrity and a reduction of the stability of the mutant
protein relative to the wild-type; the mutant residue was smaller
than the wild-type residue. This might lead to a loss of interactions
with other molecules because it is located in the extracellular region
of the NLGN3 protein. However, as a limitation of this study, the
identification of a coding sequence variant is not sufficient to disclose the exact role of the gene in a disease that has a complex genetic architecture. Moreover, we also recorded four novel non-coding sequence variants (g.5040 C > W, g.5041 T > A, g.30349-30350
Ins AC, and g.30370 C > Y). These non-coding variants may also
play a role in posttranslational modification. Our study is only preliminary basic research, and further functional analysis of novel mutations in the neuroligin pathway will provide a better understanding of the involvement of the NLGN3 gene in autism in the Indian
population.
The findings of our study suggest that the novel missense variant
c.551T > C (p.V184A) causes abnormalities in the NLGN 3 protein, which may lead to deficits in synaptogenesis, in the Indian autistic population. Neuroligin is probably a candidate gene for future
molecular investigation and functional analyses in the Indian autistic population.
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Brassica napus is the third most important oilseed crop in the world; however, in Korea, it
is greatly affected by cold stress, limiting seed growth and production. Plants have developed specific stress responses that are generally divided into three categories: cold-stress
signaling, transcriptional/post-transcriptional regulation, and stress-response mechanisms.
Large numbers of functional and regulatory proteins are involved in these processes when
triggered by cold stress. Here, our objective was to investigate the different genetic factors
involved in the cold-stress responses of B. napus. Consequently, we treated the Korean B.
napus cultivar Naehan at the 4-week stage in cold chambers under different conditions,
and RNA and cDNA were obtained. An in silico analysis included 80 cold-responsive genes
downloaded from the National Center for Biotechnology Information (NCBI) database. Expression levels were assessed by reverse transcription polymerase chain reaction, and 14
cold-triggered genes were identified under cold-stress conditions. The most significant
genes encoded zinc-finger proteins (33.7%), followed by MYB transcription factors (7.5%).
In the future, we will select genes appropriate for improving the cold tolerance of B. napus.
Keywords: Brassica napus, cold-stress, cold-tolerance, tanscription factors

Introduction

2021 Korea Genome Organization
This is an open-access article distributed
under the terms of the Creative Commons
Attribution license (http://creativecommons.
org/licenses/by/4.0/), which permits unrestricted use, distribution, and reproduction
in any medium, provided the original work is
properly cited.

Brassica napus (genome AnAnCnCn) was formed recently by allopolyploidy between
ancestors of Brassica oleracea (Mediterranean cabbage, genome CoCo) and Brassica rapa
(Asian cabbage or turnip, genome ArAr) and is polyphyletic [1,2]. In natural habitats,
plants face stressful conditions, ranging from biotic stresses, including pathogens, insects
and weed infestation, and abiotic stresses caused by fluctuations in environmental conditions, like temperature, humidity, and sunlight. Drought, salinity and freezing are major
abiotic stresses that cause adverse effects on crop growth and productivity by disturbing
the physio-chemical balance in plant cells. Plants modify themselves at the cellular level
by regulating different pathways governed by several genes to minimize the harm caused
by an elicitor and to protect from further damage [3,4]. Low temperature is a major abiotic stress affecting plant growth in South Korea, where the temperature falls below
−15°C in winters. The cold conditions freeze intracellular water, resulting in its movement out of the cell, owing to the potential gradient, which leads to the rupturing of cells,
causing prominent damage to plants in the form of leaf wilting and burning, as well as
possible plant death [5]. The cold tolerance of a plant is induced in response to low
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non-freezing temperatures and involves cold acclimation, which
requires complex regulatory mechanisms [6]. The cold-tolerance
mechanism comprises diverse pathways that involve networks of
multiple components, including proteins, such as heat-shock and
antioxidative enzymes [7], phytohormones, such as ethylene and
abscisic acid [8], and cold-responsive genes, which are indispensable for coding many necessary proteins involved in cellular responses [9]. These components can be manipulated to make the
plant resilient against stressful environmental conditions. Despite
considerable efforts, traditional breeding approaches have resulted
in only modest improvements in abiotic stress tolerance because
much of the required genetic variation has been lost during domestication and modern breeding-associated selection [10,11].
Additionally, abiotic stress resistance, as a polygenic trait, is governed by complex genetic networks that make it difficult for the
breeders to converge the polygenes in a single plant system [12].
Another alternative to conventional breeding is marker-assisted selection, which uses molecular markers in association and linkage
mapping. From the association or linkage maps, quantitative trait
loci associated with agronomic traits may be identified and used
for gene pyramiding or recurrent parent genome analyses [13–15].
Marker-assisted selection has been successfully exploited to confer
cold-stress resistance in B. napus [16]. Recently, molecular, biological, and physiological studies investigating cellular responses in
plants to abiotic stress have progressed significantly. The genetic
factors behind these phenomena have been largely uncovered. The
cloning and overexpression of these factors through biotechnological approaches, as well as genome editing, have resulted in conferring cold-resistance to plants [17,18]. Knowledge of the molecular
basis of freezing tolerance will help develop tools that can effectively increasing the freezing tolerance of plants. Recently, several
different gene transfer approaches to improve plant-stress tolerance, such as tissue electroporation [19], microinjection [20] and
particle bombardment [21], have been employed. The transferred
genes included those encoding enzymes required for the biosynthesis of various osmoprotectants that are responsible for protecting plant cells from damage under stress conditions [22].
When a plant is subjected to abiotic stresses, an assortment of
genes having diverse functions are induced, or repressed, to synthesize key proteins and enzymes to protect the plant. These proteins may be categorized into two groups. The first group includes
functional proteins, such as late embryogenesis abundant proteins,
antifreeze proteins, molecular chaperones, key enzymes for osmolyte biosynthesis, like proline, sugar and sugar alcohols, betaines, detoxification enzymes, water-channel proteins and mem-
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brane transporters, which are directly associated with protecting
plants from the ill effects of abiotic stresses. The second group includes regulatory proteins that control signal transduction and
stress-responsive gene expression. These include various transcription factors, protein kinases, enzymes involved in phospholipid
metabolism, and other signaling molecules, such as calmodulin-binding protein and 14-3-3 protein [23]. Analyzing and elucidating the functions of these genes are critical for further understanding the molecular mechanisms governing plant abiotic stress
tolerance and may help in the genetic manipulation of crops for
enhanced stress tolerance [24]. Previous studies have focused on
targeting both the regulatory and functional genes involved in
cold-stress tolerance [25,26]. Among these genes, protein kinases
[27] heat-shock proteins [28], late embryogenesis abundant proteins [29] and genes encoding transcription factors appear to be
most useful in improving stress tolerance in plants [23].
Transcription factors act as trans-acting elements through their
specific binding to cis-acting elements in the promoters of target
genes, and this allows them to play central roles in regulating the expression of downstream genes [30]. Therefore, the study of different genes having regulatory and functional roles is important for
understanding the mechanisms involved in regulating stress responses as well as to fully elucidate the mechanisms of tolerance
against abiotic stress. [31]. The objectives of this study in B. napus
were as follows: (1) to perform a comprehensive analysis of cold-related genetic factors; and (2) to form a shortlist of suitable candidate genetic factors that can be used for enhancing cold tolerance.
The workflow of this study is depicted in Supplementary Fig. 1.

Methods
Plant material, growth conditions and cold treatment
A cold-tolerant cultivar, Naehan, was used in our study. Brassica
napus seeds were sterilized, sown on Murashige-Skoog medium
and incubated in an illuminated incubation chamber with a
16-h/8-h (light/dark) photoperiod, a photonflux density of 200
μmol m-2s-1 and a relative humidity of 70% at 25°C for 7 days. The
seedlings were then planted in soil and grown at 25/22°C (day/
night) with a 16-h/8-h (light/dark) photoperiod, a photonflux
density range of 500–600 μmol m-2 s-1 and a relative humidity
range of 60%–70% in a greenhouse. To investigate the cold-induced regulatory proteins, plants at the three-leaf stage were given
different cold treatments, 10, 6, 3, 0, −3 and −6°C, for 8 h and randomly selected for sampling. A room temperature treatment
served as the control.
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In silico analysis and primer designing
The nucleotide sequences of 80 cold-related genes were downloaded from the NCBI database (https:// www.ncbi.nlm.nih.gov).
These genes encoded different necessary proteins. Gene-specific
primers were designed for the 80 genes using Primer 3 software.
(https://bioinfo.ut.ee/primer3-0.4.0/).
Validation of gene-specific primers
Here, the B. napus actin gene was used as an internal reference.
Gene-specific primers were validated by performing general PCR
using cDNA as the template. The PCR reaction components were
10 × buffer, dNTPs (0.5 mm), forward primer (10 pm), reverse
primer (10 pm), DNA template (20 ng), and Taq polymerase
(0.025 units). The PCR reaction was as follows: 95°C for 10 min
and 40 cycles of 95°C for 5 s, 56°C for 15 s and 72°C for 30 s. The
PCR products were screened using agarose gel electrophoresis.

Results
Data extraction and in silico identification of annotated
cold-related genes
A total of 919 functionally annotated cold-related genes, including
both regulatory and functional genes belonging to diverse families,
were retrieved from the NCBI database. Among these genes, those
having regulatory functions were identified and listed according to
their families. A total of 80 genes were found (Supplementary Table 1) with zinc-finger protein genes making up the highest percentage (33.7%), followed by myeloblastosis transcription factors
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(MYB) (7.5%). Other genes included TCP transcription factors,
basic leucine zipper domain-containing transcription factors and
those encoding stress-related proteins (58.7%) (Fig. 1). Among
the zinc-finger proteins, seven contained the C3HC4 domain and
three each contained C2H2 or the B-box. Other members, such as
WRKY, GATA, GRAS, NAC, and E2F/dimerization partner A
were each represented by a solitary member in our data.

Expression profiling of genes by RT-PCR
To assess the mRNA transcript levels of the cold-responsive transcription factor genes, RT-PCR was performed using an endogenous gene (actin) as an internal standard for 80 genes (Supplementary Fig. 2). On the basis of gel-electrophoresis results, the
proper amplified genes were sorted for the selection of candidate

50

58.75%

45
40
35
No. of genes

RNA isolation and cDNA synthesis
Leaf tissue was placed in a mortar containing liquid nitrogen and
homogenized with a pestle. Approximately 100 mg of the powder
was transferred to a 1.5-µL microtube. Total RNA was isolated using a Ribospin Plant RNA isolation kit (Geneall Biotechnology
Co. Ltd., Seoul, Korea) as per the protocol provided by the manufacturer. RNA integrity was determined by the RNA Integrity
Number, which was calculated using an Agilent 2100 Bioanalyzer
(Agilent Technologies Korea Ltd., Seoul, Korea). The samples
with RNA Integrity Number values greater than eight were selected for further analysis. Using total RNA as the template, cDNAs
were synthesized using Geneall 2X HyperScript reverse transcription polymerase chain reaction (RT-PCR) master mix with oligo
dT (Geneall Biotechnology Co. Ltd.) as per the protocol provided
by the manufacturer. Reaction details for the RT-PCR are as follows: Preheating of total RNA at 65°C for 5 min followed by heating the reaction mixture to 55°C for 60 min and 95°C for 5 min.
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Fig. 1. Numbers of cold-responsive genes belonging to different
families in our data.
Table 1. Identified candidate cold-responsive genes based on RTPCR
Gene category
Zinc-finger protein
MYB transcription factor
Membrane protein
KANADI transcription factor
Stress-related protein
Dimerization partner A transcription factor
Total

No. of genes
8
2
1
1
1
1
14

RT-PCR, reverse transcription polymerase chain reaction.
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genes. The genes were sorted by band intensity, followed by RTPCR. In total, 14 genes (Table 1) showing differential gene expression levels corresponding to the decrease in temperature were selected. The expression levels of group members were high as compared to the other candidate genes after the temperature decrease.

Assortment of candidate genes
The total sorted 14 genes encoded diverse proteins, including zinc
fingers (8), MYB transcription factors (2), membrane protein (1),
KANADI transcription factor (1), stress-related protein (1), and
dimerization partner A transcription factor (1). Details on the
primers for these 14 genes are described in Table 2. The first category includes the genes encoding zinc-finger proteins, including
EV189678 (zinc-finger [MYND type] family protein), EV192654
(zinc-finger protein), EV192647 (zinc-finger [B-box type] family
protein), CB686176 (zinc-finger [AN1-like] family protein),
EV198845 (zinc-finger [B-box type] family protein), and

EV197045 (zinc-finger family protein). The proteins EV199365
and EV196553, encoded by two additional zinc-finger genes,
showed weak expression levels at the control temperature compared with at lower temperatures, as shown in Fig. 2A relative to the
expression of the actin housekeeping gene. The second category of
promising regulatory genes includes MYB transcription factors
(Fig. 2B). EV190420 and EV196127 (MYB family transcription
factor), and the expression levels of the genes encoding these proteins increased as the temperature decreased.

Discussion
Transcription factors are necessary elements for conducting the
central dogma of life, and they affect the transcription levels of
genes [32]. In total, 8%–10% of a plant genome is translated into
transcription factors [33]. Information on regulatory proteins provides us the opportunity to manipulate plant responses to external

Table 2. Primer details for 14 Brassica napus candidate cold-responsive genes
No.
1

Gene ID
EV189678

Gene description
Zinc finger protein

2

EV192647

Zinc finger protein

3

EV197045

Zinc finger protein

4

EV192654

Zinc finger protein

5

CB686176

Zinc finger protein

6

EV198845

Zinc finger protein

7

EV199365

Zinc finger protein

8

EV196553

Zinc finger protein

9

EV190420

MYB trancription factor

10

EV196127

MYB trancription factor

11

EV198916

Stress-related protein

12

EV203394

Membrane protein

13

EV190408

KANADI

14

EV200969

DPA transcription factor
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Primer sequence (F & R)
F: GATCACATGCAAGAGACTGAAT
R: ATTTGAGAGAGAGGTAAGAGCG
F: GTCCGAAAGTTTGGCTAATG
R: GTTCCCACAGATTCTTTTAAGC
F: CATCAACGGTAGATCCAGATG
R: TCATACTGTGGGTCTCTGTCTC
F: TTAGTTCACCGAGATTAGCTTCG
R: GAGAACTCTGGTATCGGAGGAAT
F: TGAATCTCTGCTCCAACTGCTA
R: GGTGAATGAAAACTGTCTCAACC
F: AATGTTCTGTGAGTCAGACCAG
R: TCATCATCGGAGTTAAGTTCTG
F: ATTGCACTCAATTTGTTAGCC
R: TGCCATATCCACAAGTCATAAT
F: CTTACGTGATTGTGAGTTTTCC
R: GTTAGAGGCGGTAAGAGAAGAG
F: TCTCTCTCTCTCTCTCTTCGCT
R: TTCTTAGTGTTCCCTCCTTCAT
F: ACACTTCTCCAGCTACGTCCA
R: TGTCTCTCAGGACTCCAGCAT
F: AAATTGATCACCGAGTTCTTCT
R: AAGCAGAATAATGGAACAAGGT
F: ACTTTTAGATTTTGAGCGGTCT
R: CAATGACCATAAAAGCTATGGA
F: AATGGTAGCTGCGGTACG
R: TGATTGTGGTGATTAGGGTAAA
F: GAGAGAAGAGAGGATGGAGATG
R: GCATGAGGATTTGTCTCAAGTA

Primer length
22
22
20
22
21
22
23
23
22
23
20
20
22
23
22
22
20
22
21
21
22
22
22
22
18
22
22
22

Tm (°C)
51
53
50
51
52
55
60
60
60
59
60
60
60
60
53
51
52
53
60
60
49
49
49
49
50
49
55
51
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Fig. 2. Expression levels of cold-responsive zinc finger protein genes and MYB transcription factor genes at control and lower temperatures
as assessed by reverse transcription polymerase chain reaction in Brassica napus cv. Naehan subjected to low temperatures. (A) Zinc-finger
genes. Reference gene actin (upper), EV199365 (zinc-finger family protein) (middle), EV196553 (zinc-finger family protein) (lower). (B) MYB
transcription factors. Reference gene actin (upper), EV190420 (MYB transcription factor) (middle), EV196127 (MYB transcription factor)
(lower).

factors at the regulatory level, such as improving cold tolerance in
B. napus. The increased availability of proper cold-responsive regulatory protein–encoding genes provides us with the more options
and opportunities to investigate those that may be candidates for
improving cold tolerance in B. napus. Among them, the dehydration-responsive element-binding protein (DREB) transcription
factors from the ethylene response factor family have gained much
attention owing to their involvement in the regulation of many
stress-related genes that play important roles in the cascading responses to environmental stimuli [34]. They have significant roles
in the tolerance to cold stress in B. napus [35]. Here, different regulatory factors belonging to different families related to cold-stress
response were identified. Among the transcription factors, the
MYB members were the most abundant. Different members of
the MYB transcription factor family also bind to specific cis sites of
cold-responsive genes to induce their expression, and they help
stabilize plant cells under stress conditions through a complex of
cold tolerance- and cold acclimation-related pathways. MYB transcription factor family members are actively involved in important
regulatory roles in responses, and tolerance levels, to other abiotic
stresses, such as salinity [13] and drought [13]. The widespread
members of the MYB family have diverse roles in multiple pathways that are indispensable to plant growth and development and
to plant adaptation to various environmental conditions. Our
study investigated MYB transcription factors, many of which did
not show expression at the control temperature but increased increasing their expression level as the temperature decreased. An
R2R3-MYB protein has been reported as being involved in the
biosynthesis of proanthocyanidin, which is required for seed col-
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oring in B. napus [36]. Glucosinolate (GSL) is a well-known secondary metabolite in the Brassicacea family, and its synthesis in
Arabidopsis thaliana is governed by a member of MYB transcription factor family. However, owing to the complexity of the genome, GSL biosynthesis has not been studied extensively in other
Brassica species [37]. Few genome-wide association and transcriptome analyses in B .napus have shown MYB transcription factor
roles in modulating reactive oxygen species [38] and regulating
salt-stress tolerance [39]. Here, the largest number of transcription
factors belonged to the zinc-finger family, and these members play
multiple roles in plant growth and development. In our study, the
identified 14 cold-responsive factor genes from different families
contained mainly zinc-finger proteins, followed by MYB transcription factors. These genes had regulatory roles in the several pathways responsible for cold acclimation, as well as in protecting the
plant cell against cold stress by conferring cold tolerance. Zinc-finger transcription factors are crucial in many plant regulatory pathways as well as in pathways involved in tolerance to various abiotic
stresses. In Arabidopsis, the regulation of cadmium tolerance by a
zinc finger of A. thaliana 6 (ZAT6) has been reported [40]. In a
study conducted by Kim et al. [41], a zinc-finger transcription factor Capsicum annuum zinc finger protein 1 (CAZFP1) was found
to be induced in defense against pathogens and under droughtstress conditions. Brassica rapa Ring zinc finger protein 1
(BrRZFP1) is involved in responses to multiple abiotic stresses in
B. rapa [42]. The overexpression of zinc-finger genes, such as Oryza sativa indica stress-associated protein 8 (OsiSAP8) [43], O. sativa cold-inducible (OsCOIN) [44], O. sativa dehydration-responsive element-binding protein 1 (OsDREB1) [30], reactive oxygen
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species-basic leucine zipper (ROS-bZIP) [45], SNAC2 [46], and
OsNAC6 [47], confer cold-stress tolerance at the seedling stage in
rice. The members of the zinc-finger family are involved in different regulatory roles in the life processes of different plants. In B.
napus, a particular classes of zinc-finger protein‒encoding genes
having B-box, AN1 and MYND domains were found. The AN1
domain-containing zinc-finger proteins are involved in immune
responses in humans [48], and recently, they have been found to
play roles in combating multiple abiotic stresses in plants [49]. In a
genome-wide identification conducted by [50] in B. napus, the
AN1 proteins were induced by different kinds of stress, including
cold stress. Another class of zinc-finger proteins is the B-box proteins. B-box proteins play multiple roles in different plants. In Arabidopsis, they are found in abundance and linked to circadian-associated events [51]. In apples, a B-box protein, Malus domestica B-box
20 (MdBBX20) is involved in anthocyanin accumulation in the
epicarp [52]. Their involvement in the regulation of abiotic stresses
has been determined. In Arabidopsis, they are induced in response
to a cold environment and enhance the plant’s tolerance to cold
conditions [53]. The role of the gene B. napus cold-regulated 25
(BnCOR25) in conferring cold tolerance to B. napus has been confirmed by its overexpression in Arabidopsis and yeast [54].

ORCID
Mayur Mukut Murlidhar Sharma: https://orcid.org/0000-00032678-2381
Rahul Vasudeo Ramekar: https://orcid.org/0000-0003-3461-3617
Nam-Il Park: https://orcid.org/0000-0001-6725-0758
Ik-Young Choi: https://orcid.org/0000-0003-4168-0471
Seon-Kang Choi: https://orcid.org/0000-0001-8398-0881
Kyong-Cheul Park: https://orcid.org/0000-0002-3737-815X

Authors’ Contribution
Conceptualization: KCP. Data curation: MMMS, IYC. Formal
analysis: NIP, SKC. Funding acquisition: KCP. Methodology:
MMMS, KCP. Writing - original draft: MMMS. Writing - review
& editing: MMMS, RVR, KCP.

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

6/8

Acknowledgments
This study was supported by 2017 Research Grant from Kangwon
National National University (No. 520170532) and Basic Science
Research Program through the National Research Foundation of
Korea(NRF-2017R1D1A3B03035902) funded by the Ministry of
Education.

Supplementary Materials
Supplementary data can be found with this article online at http://
www.genominfo.org.

References
1. Chalhoub B, Denoeud F, Liu S, Parkin IA, Tang H, Wang X, et al.
Plant genetics. Early allopolyploid evolution in the post-Neolithic
Brassica napus oilseed genome. Science 2014;345:950-953.
2. Allender CJ, King GJ. Origins of the amphiploid species Brassica
napus L. investigated by chloroplast and nuclear molecular markers. BMC Plant Biol 2010;10:54.
3. Ding Y, Shi Y, Yang S. Advances and challenges in uncovering
cold tolerance regulatory mechanisms in plants. New Phytol
2019;222:1690-1704.
4. Mahajan S, Tuteja N. Cold, salinity and drought stresses: an overview. Arch Biochem Biophys 2005;444:139-158.
5. Wei C, Huang J, Wang X, Blackburn GA, Zhang Y, Wang S, et al.
Hyperspectral characterization of freezing injury and its biochemical impacts in oilseed rape leaves. Remote Sens Environ
2017;195:56-66.
6. Thomashow MF. Molecular basis of plant cold acclimation: insights gained from studying the CBF cold response pathway.
Plant Physiol 2010;154:571-577.
7. Cui S, Huang F, Wang J, Ma X, Cheng Y, Liu J. A proteomic analysis of cold stress responses in rice seedlings. Proteomics 2005;5:
3162-3172.
8. Gusta LV, Fowler DB, Tyler NJ. The effect of abscisic acid and cytokinins on the cold hardiness of winter wheat. Can J Bot 1982;
60:301-305.
9. Takumi S, Koike A, Nakata M, Kume S, Ohno R, Nakamura C.
Cold-specific and light-stimulated expression of a wheat (Triticum
aestivum L.) Cor gene Wcor15 encoding a chloroplast-targeted
protein. J Exp Bot 2003;54:2265-2274.
10. Ashraf M, O’leary JW. Responses of some newly developed
salt-tolerant genotypes of spring wheat to salt stress: 1. Yield components and ion distribution. J Agron Crop Sci 1996;176:91-

https://doi.org/10.5808/gi.21055

Genomics & Informatics 2021;19(4):e45

101.
11. Tester M, Bacic A. Abiotic stress tolerance in grasses. From model
plants to crop plants. Plant Physiol 2005;137:791-793.
12. Humphreys MO, Humphreys MW. Breeding for stress resistance:
general principles. In: Abiotic Stresses: Plant Resistance through
Breeding and Molecular Approaches (Ashraf M, Harris PJC,
eds.). New York: Haworth Press, 2005. pp. 19-46.
13. Huang Z, Zhao N, Qin M, Xu A. Mapping of quantitative trait
loci related to cold resistance in Brassica napus L. J Plant Physiol
2018;231:147-154.
14. Knoll J, Ejeta G. Marker-assisted selection for early-season cold
tolerance in sorghum: QTL validation across populations and environments. Theor Appl Genet 2008;116:541-553.
15. Shinada H, Iwata N, Sato T, Fujino K. QTL pyramiding for improving of cold tolerance at fertilization stage in rice. Breed Sci
2014;63:483-488.
16. Spasibionek S, Mikolajczyk K, Cwiek-Kupczynska H, Pietka T,
Krotka K, Matuszczak M, et al. Marker assisted selection of new
high oleic and low linolenic winter oilseed rape (Brassica napus
L.) inbred lines revealing good agricultural value. PLoS One
2020;15:e0233959.
17. Nguyen HC, Lin KH, Ho SL, Chiang CM, Yang CM. Enhancing
the abiotic stress tolerance of plants: from chemical treatment to
biotechnological approaches. Physiol Plant 2018;164:452-466.
18. Debbarma J, Sarki YN, Saikia B, Boruah HPD, Singha DL, Chikkaputtaiah C. Ethylene response factor (ERF) family proteins in
abiotic stresses and CRISPR-Cas9 genome editing of ERFs for
multiple abiotic stress tolerance in crop plants: a review. Mol Biotechnol 2019;61:153-172.
19 .Sorokin AP, Ke X, Chen D, Elliott MC. Production of fertile
transgenic wheat plants via tissue electroporation. Plant Sci
2000;156:227-233.
20. Holm PB, Olsen O, Schnorf M, Brinch-Pedersen H, Knudsen S.
Transformation of barley by microinjection into isolated zygote
protoplasts. Transgenic Res 2000;9:21-32.
21. Purkayastha J, Sugla T, Paul A, Solleti SK, Mazumdar P, Basu A, et
al. Efficient in vitro plant regeneration from shoot apices and gene
transfer by particle bombardment in Jatropha curcas. Biol Plant
2010;54:13-20.
22. Djilianov D, Georgieva T, Moyankova D, Atanassov A, Shinozaki
K, Smeeken SC, et al. Improved abiotic stress tolerance in plants
by accumulation of osmoprotectants: gene transfer approach.
Biotechnol Biotechnol Equip 2005;19:63-71.
23. Yadav SK. Cold stress tolerance mechanisms in plants: a review.
Agron Sustain Dev 2010;30:515-527.
24. Lata C, Prasad M. Role of DREBs in regulation of abiotic stress

https://doi.org/10.5808/gi.21055

responses in plants. J Exp Bot 2011;62:4731-4748.
25. Wang Y, Qiu L, Xie W, Huang W, Ye F, Zhang F, et al. Cold tolerance of transgenic tobacco carrying gene encoding insect antifreeze protein. Acta Agron Sin 2008;34:397.
26. Tang Y, Liu K, Zhang J, Li X, Xu K, Zhang Y, et al. JcDREB2, a
physic nut AP2/ERF gene, alters plant growth and salinity stress
responses in transgenic rice. Front Plant Sci 2017;8:306.
27. Chen J, Xue B, Xia X, Yin W. A novel calcium-dependent protein
kinase gene from Populus euphratica, confers both drought and
cold stress tolerance. Biochem Biophys Res Commun 2013;441:
630-636.
28. Zhang L, Hu W, Gao Y, Pan H, Zhang Q. A cytosolic class II small
heat shock protein, PfHSP17.2, confers resistance to heat, cold,
and salt stresses in transgenic Arabidopsis. Genet Mol Biol
2018;41:649-660.
29. Xu M, Tong Q, Wang Y, Wang Z, Xu G, Elias GK, et al. Transcriptomic analysis of the grapevine LEA gene family in response to
osmotic and cold stress reveals a key role for VamDHN3. Plant
Cell Physiol 2020;61:775-786.
30. Ito Y, Katsura K, Maruyama K, Taji T, Kobayashi M, Seki M, et al.
Functional analysis of rice DREB1/CBF-type transcription factors involved in cold-responsive gene expression in transgenic
rice. Plant Cell Physiol 2006;47:141-153.
31. Lee SC, Lim MH, Kim JA, Lee SI, Kim JS, Jin M, et al. Transcriptome analysis in Brassica rapa under the abiotic stresses using
Brassica 24K oligo microarray. Mol Cells 2008;26:595-605.
32. Latchman DS. Transcription factors: an overview. Int J Biochem
Cell Biol 1997;29:1305-1312.
33. Franco-Zorrilla JM, Lopez-Vidriero I, Carrasco JL, Godoy M,
Vera P, Solano R. DNA-binding specificities of plant transcription
factors and their potential to define target genes. Proc Natl Acad
Sci U S A 2014;111:2367-2372.
34. Khan MS. The role of DREB transcription factors in abiotic stress
tolerance of plants. Biotechnol Biotechnol Equip 2011;25:24332442.
35. Gao MJ, Allard G, Byass L, Flanagan AM, Singh J. Regulation and
characterization of four CBF transcription factors from Brassica
napus. Plant Mol Biol 2002;49:459-471.
36. Wei YL, Li JN, Lu J, Tang ZL, Pu DC, Chai YR. Molecular cloning of Brassica napus TRANSPARENT TESTA 2 gene family
encoding potential MYB regulatory proteins of proanthocyanidin
biosynthesis. Mol Biol Rep 2007;34:105-120.
37. Seo MS, Kim JS. Understanding of MYB transcription factors involved in glucosinolate biosynthesis in Brassicaceae. Molecules
2017;22:1549.
38. Chen B, Niu F, Liu WZ, Yang B, Zhang J, Ma J, et al. Identifica-

7/8

Sharma MMM et al. • Regulation of cold stress in B. napus

tion, cloning and characterization of R2R3-MYB gene family in
canola (Brassica napus L.) identify a novel member modulating
ROS accumulation and hypersensitive-like cell death. DNA Res
2016;23:101-114.
39. Hajiebrahimi A, Owji H, Hemmati S. Genome-wide identification, functional prediction, and evolutionary analysis of the
R2R3-MYB superfamily in Brassica napus. Genome 2017;60:
797-814.
40. Chen J, Yang L, Yan X, Liu Y, Wang R, Fan T, et al. Zinc-finger
transcription factor ZAT6 positively regulates cadmium tolerance
through the glutathione-dependent Pathway in Arabidopsis.
Plant Physiol 2016;171:707-719.
41. Kim SH, Hong JK, Lee SC, Sohn KH, Jung HW, Hwang BK.
CAZFP1, Cys2/His2-type zinc-finger transcription factor gene
functions as a pathogen-induced early-defense gene in Capsicum
annuum. Plant Mol Biol 2004;55:883-904.
42. Jung YJ, Lee IH, Nou IS, Lee KD, Rashotte AM, Kang KK.
BrRZFP1 a Brassica rapa C3HC4-type RING zinc finger protein
involved in cold, salt and dehydration stress. Plant Biol (Stuttg)
2013;15:274-283.
43. Kanneganti V, Gupta AK. Overexpression of OsiSAP8, a member
of stress associated protein (SAP) gene family of rice confers tolerance to salt, drought and cold stress in transgenic tobacco and
rice. Plant Mol Biol 2008;66:445-462.
44. Liu K, Wang L, Xu Y, Chen N, Ma Q, Li F, et al. Overexpression of
OsCOIN, a putative cold inducible zinc finger protein, increased
tolerance to chilling, salt and drought, and enhanced proline level
in rice. Planta 2007;226:1007-1016.
45.Cheng C, Yun KY, Ressom HW, Mohanty B, Bajic VB, Jia Y, et al.
An early response regulatory cluster induced by low temperature
and hydrogen peroxide in seedlings of chilling-tolerant japonica
rice. BMC Genomics 2007;8:175.
46. Hu H, You J, Fang Y, Zhu X, Qi Z, Xiong L. Characterization of

8/8

transcription factor gene SNAC2 conferring cold and salt tolerance in rice. Plant Mol Biol 2008;67:169-181.
47. Nakashima K, Tran LS, Van Nguyen D, Fujita M, Maruyama K,
Todaka D, et al. Functional analysis of a NAC-type transcription
factor OsNAC6 involved in abiotic and biotic stress-responsive
gene expression in rice. Plant J 2007;51:617-630.
48. Dixit VM, Green S, Sarma V, Holzman LB, Wolf FW, O’Rourke
K, et al. Tumor necrosis factor-alpha induction of novel gene
products in human endothelial cells including a macrophage-specific chemotaxin. J Biol Chem 1990;265:2973-2978.
49. Mukhopadhyay A, Vij S, Tyagi AK. Overexpression of a zinc-finger protein gene from rice confers tolerance to cold, dehydration,
and salt stress in transgenic tobacco. Proc Natl Acad Sci U S A
2004;101:6309-6314.
50. He X, Xie S, Xie P, Yao M, Liu W, Qin L, et al. Genomewide identification of stress-associated proteins (SAP) with A20/
AN1 zinc finger domains associated with abiotic stresses responses in Brassica napus. Environ Exp Bot 2019;165:108-119.
51. Huang J, Zhao X, Weng X, Wang L, Xie W. The rice B-box zinc
finger gene family: genomic identification, characterization, expression profiling and diurnal analysis. PLoS One 2012;7:e48
242.
52. Fang H, Dong Y, Yue X, Hu J, Jiang S, Xu H, et al. The B-box zinc
finger protein MdBBX20 integrates anthocyanin accumulation in
response to ultraviolet radiation and low temperature. Plant Cell
Environ 2019;42:2090-2104.
53. Takuhara Y, Kobayashi M, Suzuki S. Low-temperature-induced
transcription factors in grapevine enhance cold tolerance in transgenic Arabidopsis plants. J Plant Physiol 2011;168:967-975.
54. Chen L, Zhong H, Ren F, Guo QQ, Hu XP, Li XB. A novel
cold-regulated gene, COR25, of Brassica napus is involved in plant
response and tolerance to cold stress. Plant Cell Rep 2011;30:
463-471.

https://doi.org/10.5808/gi.21055

Original article
eISSN 2234-0742
Genomics Inform 2021;19(4):e46
https://doi.org/10.5808/gi.21062

Received: October 19, 2021
Revised: November 15, 2021
Accepted: November 16, 2021
*Corresponding author:
E-mail: ruchibhuyan@soa.ac.in

Molecular docking of bioactive
compounds derived from Moringa
oleifera with p53 protein in the
apoptosis pathway of oral squamous
cell carcinoma
Sonali Rath1, Manaswini Jagadeb2, Ruchi Bhuyan1,3*
1

Department of Medical Research Health Sciences, IMS and SUM Hospital, Siksha ‘O’
Anusandhan (Deemed to be) University, Bhubaneswar 751003, India
2
Department of Bioinformatics, Centre for Post Graduate Studies, Odisha University of
Agriculture and Technology, Bhubaneswar 751003, India
3
Department of Oral Pathology & Microbiology and Department of Medical Research
Health Sciences, IMS and SUM Hospital, Siksha ‘O’ Anusandhan (Deemed to be) University,
Bhubaneswar 751003, India
Moringa oleifera is nowadays raising as the most preferred medicinal plant, as every part
of the moringa plant has potential bioactive compounds which can be used as herbal medicines. Some bioactive compounds of M. oleifera possess potential anti-cancer properties
which interact with the apoptosis protein p53 in cancer cell lines of oral squamous cell
carcinoma. This research work focuses on the interaction among the selected bioactive
compounds derived from M. oleifera with targeted apoptosis protein p53 from the apoptosis pathway to check whether the bioactive compound will induce apoptosis after the mutation in p53. To check the toxicity and drug-likeness of the selected bioactive compound
derived from M. oleifera based on Lipinski’s Rule of Five. Detailed analysis of the 3D structure of apoptosis protein p53. To analyze protein’s active site by CASTp 3.0 server. Molecular docking and binding affinity were analyzed between protein p53 with selected bioactive
compounds in order to find the most potential inhibitor against the target. This study
shows the docking between the potential bioactive compounds with targeted apoptosis
protein p53. Quercetin was the most potential bioactive compound whereas kaempferol
shows poor affinity towards the targeted p53 protein in the apoptosis pathway. Thus, the
objective of this research can provide an insight prediction towards M. oleifera derived bioactive compounds and target apoptosis protein p53 in the structural analysis for compound isolation and in-vivo experiments on the cancer cell line.
Keywords: apoptosis pathway, bioactive compound, molecular docking, Moringa oleifera,
oral squamous cell carcinoma, p53

Introduction
2021 Korea Genome Organization
This is an open-access article distributed
under the terms of the Creative Commons
Attribution license (http://creativecommons.
org/licenses/by/4.0/), which permits unrestricted use, distribution, and reproduction
in any medium, provided the original work is
properly cited.

Oral squamous cell carcinoma (OSCC) is the most widely recognized oral malignant
growth found in India and is the sixth most common cancer worldwide [1]. Chemotherapy can be considered as the backbone of several cancer treatments including OSCC but
there are possibilities of death occurs if chemotherapeutic resistance leads to therapeutic
failure [2]. There are studies in which researchers conveyed those natural bioactive com-
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pounds which are rich in flavonoids and polyphenols can reduce
the risk of OSCC as they contain abundant phytochemicals which
possess anti-cancer properties [3]. Thus, plants containing medicinal properties can be used for the treatment and management of
OSCC.
In India, Moringa oleifera is rapidly gaining popularity as herbal
medicine, due to its potential bioactive compounds which have
anti-cancer properties. M. oleifera is popularly known as the “The
Drumstick Tree” in India [4]. There are some studies where it is
reported that bioactive compounds from M. oleifera interact with
OSCC cell lines and inhibited cell proliferation which is similar to
some anti-cancer drugs [5]. Thus, the bioactive compounds from
Moringa oleifera could potentially induce programmed cell death
by activating P53 tumor suppressor proteins and other associated
proteins in the apoptosis pathway.
Several tumor suppressor genes, proto-oncogenes, and oncogenes are involved in OSCC. Mutation in p53 gene is one of the
frequent phenomena in OSCC along with other cancers in human.
Although, its function in tumorigenesis and its interrelation concerning prognosis is still under evaluation and indeterminate [6].
Hence OSCC cells show a lack of molecular targets, which is difficult for chemotherapeutical drugs to be effective. Those problems

MDM2

Wild type
p53

p53

have led various scientists to do molecular docking studies to
speed up anti-cancer research. As p53 is also known as tumor suppressor protein, its main function is to stop the OSCC progression
by arresting the cell cycle through p21, DNA repair regulation
with base excision repair activity, and inducing apoptosis by activation of both extrinsic and intrinsic pathways [7].
In most of the OSCC cases, 65%–85% mutation in p53 protein
is reported [8]. Loss of function as tumor suppressor protein occurs after mutation in p53, and gain function as a proto-oncogene,
thus clinically increase cancer cell progression and tumorigenesis
[9-11]. Dominant-negative activity through oligomerization, mutated p53 can inactivate the normally functioning wild-type p53
[7]. In OSCC, overexpression of mutated p53 found resistant to
several chemotherapy drugs which are used in treatment such as
cisplatin, doxorubicin, temozolomide, tamoxifen, cetuximab, and
gemcitabine [12]. Some studies also showed that there are five
hotspot codons in p53 protein which decrease the sensitivity of
Cisplatin-based on chemotherapy, which results in worse outcomes clinically [13,14]. Hence for the prognosis and appropriate
treatment for OSCC in the future the mutational status of p53
should be known (Fig. 1).
The docking between protein and ligand, ligand-binding mech-

DNA damage cell cycle
abnormalities

Cell cycle arrest
Apoptosis

Mutated
p53

Function of Bax
protein blocks

Loss of function of
P21, Cdk and cyclin
protein active

DNA repair
Cell cycle restart

Death of
damaged cells

No apoptosis

Continuous DNA replication,
cell division, cell cycle

Cellular and genetic stability
OSCC
Function of wild-type p53

Function of mutated p53

Fig. 1. Function of wild-type p53 and mutated p53. OSCC, oral squamous cell carcinoma.
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anism, and the perception about the most stable complex of protein-ligand can be identified by using molecular docking studies
[15]. In in-silico analysis, targeting the apoptosis pathway to overcome the drug resistance common to OSCC chemotherapy can
be a promising approach towards drug development and discovery. OSCC cells with p53 alteration enter into the synthesis phase
and synthesize the damaged DNA. Hence these cells fail to enters
into the apoptosis pathway which results in the progressive appearance of cells with damaged DNA and clone of OSCC cells that
evolve into more aggressive carcinoma [16]. So, targeting p53 with
a drug made from a bioactive compound can trigger apoptosis.
This study determines the interaction between the bioactive
compounds derived from M. oleifera and tumor suppressor protein
p53 in the apoptosis pathway. Based on prior studies the bioactive
compounds from M. oleifera were selected and validated with toxicity, drug-likeness, and Lipinski’s Rule of Five. The compounds
were further examined by molecular docking studies in order to
evaluate their binding affinity towards p53 protein in the apoptosis
pathway.

Methods
Protein model, tertiary structure and prediction of active
site
The protein structure of P53 (PDB ID: 3DCY) was fetched from
the Research Collaboratory for Structural Bioinformatics‒Protein
Data Bank (RCSB-PDB) [17]. Protein data was saved in .pdb file
format. after removal of side chains, water, hetatm, and ligand mol-

ecules using BIOVIA Discovery Studio 2021 Client [18]. The tertiary structure of a protein is predicted with PyMOL 2.5.0. CASTp
server predicts the active sites present in the structure of protein,
which was used to evaluate the protein [19] (Fig. 2).

Selection of compounds
Eight bioactive compounds from M. oleifera were selected which
possess anti-cancer property based on literature review [4,20,21].
The 3D structures of those compounds were downloaded with
help of PubChem database in SDF file format, which then was
converted to .pdb file format using the BIOVIA Discovery Studio
2021 Client [18] (Fig. 3).
Toxicity and drug likeness prediction
The drug-likeness is the consistency of orally active drugs which
can be determined by Lipinski’s Rule of Five [22,23]. It anticipates
the infusion or incorporation of a compound when the value of
calculated logP (ClogP) > 5.37, molecular weight (MW) > 500
g/mol, more than 10 acceptors and more than five donors of Hbond [24].
The selection of compounds can be done by determining the
drug score. The bioactive compounds having greater drug score
values are referred to as better drug candidates [25]. Swiss ADME
predictor was used for the screening of the bioactive compounds
in this study. It gives the details of the bioactive compounds like
the number of rotatable bonds, hydrogen acceptors, and hydrogen
donors. The analyzed compounds were screened with Lipinski’s
Rule of Five and the molecular docking study can be done with

Water molecule

Hetatm

p53 protein complex

Fig. 2. 3D structure of p53-induced glycolysis and apoptosis regulator protein from Homo sapiens.
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1

Niazinin
PubChem CID 10088810

2

Niazimicin
PubChem CID 5471459

3

Quercetin
PubChem CID 5280343

4

Pterygospermin
PubChem CID 72201063

5

Kaempferol
PubChem CID 5280863

6

Glycerol-1(9-octadecanote)
PubChem CID 33022

7

((A-L-Rhamnosyloxy) benzyl) carbamate
PubChem CID 129712240

8

4-O-Glucopyranosyl-caffeoyl quinic acid
PubChem CID 90479593

Fig. 3. 2D structure of Moringa oleifera derived bioactive compound retrieved from PubChem database.
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the compounds without any violation [26].

ends of the targeted p53 protein [31] (Fig. 4).

Molecular docking
Molecular docking analysis was done with the tool known as Auto
Dock Tools 1.5.6 [27]. To the structure of protein Polar hydrogen
atoms and Gasteiger partial charges were incorporated. The structure of the protein was then saved in .pdbqt file format for analysis.
Active sites of protein which are predicted by using the CASTp
server were selected and accordingly the grid box was set.
For docking study, Lamarckian Genetic Algorithm 4.2 was used
[28] and the protein macromolecule was kept rigid throughout
the docking study. Genetic algorithm runs were set at 30 and the
other parameters were left as default settings for docking analysis.
The best protein-ligand conformation was chosen from Auto
Dock 1.5.6 scoring function, and they have ranked accordingly to
their binding affinities. BIOVIA Discovery Studio 2021 Client,
PyMOL 2.5.0 was used for post docking analysis [29].

Prediction of drug-likeness
Swiss ADME web server predicts the physiochemical factors of
the ligands as shown in Table 1. Lipinski’s Rule of Five was used
for filtration and screening of ligands, and eight potential active
bioactive compounds with anti-cancer properties were left as it is.
Generally, Lipinski’s Rule states that an orally active drug cannot
violate more than one of Lipinski’s Rule parameters. One among
the eight bioactive compounds that don’t satisfy Lipinski’s Rule,
the one that did not satisfy Lipinski’s Rule is 4-O-glucopyranosyl-caffeoyl quinic acid/4-O-(4’-o-alpha-D-glucopyranosyl)caffeoyl quinic acid with three violations as MW is > 500 g/mol,
i.e., 516.45 g/mol; the number of H- donor is > 5, i.e., 9 and number of H-acceptor is > 10, i.e. 14. All other bioactive compounds

Results
Tertiary structure analysis
On chromosome 17p 13.1 of humans, the p53 gene is located
which encodes a 53-kDa, 393 AA, and nuclear phosphoproteins
known for cell proliferation and regulation of cell growth [30].
Three hundred ninety-three amino acids of the human p53 protein contains four major functional domains. At the C-terminal
portion there is an oligomerization domain (AAs 323–356) and a
regulatory domain (AAs 360–393). And the N-terminus is a transcriptional activation domain (AAs 1–42) and within the central
part of p53 is the sequence-specific DNA-binding domain (AAs
102–292). The amino acid asparagine (ASN) is present in both

C-Terminal

N-Terminal

Fig. 4. Tertiary structure of targeted p53 protein.

Table 1. Lipinski’s rule for Moringa oleifera derived bioactive compounds by Swiss ADME server
Ligands
Niazinin
Niazimicin
Quercetin
Ptergyospermin
Kaempferol
Glycerol-1(9-octadecanote)
((A-L-Rhamnosyloxy) benzyl) carbamate/O-Ethyl-4-(alpha-l-rhamnosyloxy) benzyl carbamate
4-O-Glucopyranosyl-caffeoyl quinic acid/4-O-(4'o-alpha-D-Glucopyranosyl)-caffeoyl quinic acid

https://doi.org/10.5808/gi.21062

2.55
3.06
1.63
3.45
1.70
4.33
2.63

Molecular wight
(g/mol) < 500
343.40
357.42
302.24
406.52
286.24
356.54
357.36

1.43

516.45

iLogP < 5

Lipinski’s Rule of Five
Hydrogen acceptor Hydrogen donor
< 10
<5
6
4
6
4
7
5
2
0
6
4
4
2
8
4
14

9

Drug-likeness
Violation
Lipinski’s rule follows
Yes
0
Yes
0
Yes
0
Yes
0
Yes
0
Yes
0
Yes
0
No

3
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Table 2. Active site prediction of targeted protein p53 with CASTp 3.0 server
Protein
p53

Volume (SA)
410.952

Area (SA)
380.470

Resolution
1.75

Total AA residue in chain A
275

AA residues at predicted active site
28

SA, surface area; AA, amino acid.

Amino acid residues
present at the active site of
p53 protein

Fig. 5. Apoptosis protein p53 with active amino acid site.

Fig. 6. Grid-box placing at the active site of p53 protein.
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satisfy Lipinski’s Rule of Five. After screening with Lipinski’s Rule
of Five, seven compounds were taken for further the docking study
(Table 1).

Active-site prediction
The active site prediction of targeted p53 protein was done with
CASTp 3.0. At the predicted active site of protein p53 there are 28
AA residues. The grid box was centered at the predicted active site
for the further docking study (Table 2, Figs. 5 and 6).

Molecular docking
The targeted p53 protein is docked with seven potential bioactive
compounds which are validated by Swiss ADME. Table 3 indicates
the binding affinity for each compound with targeted apoptosis
protein. The docking pattern of each bioactive compound after
docking with p53 was analyzed using AutoDock 1.5.6 and the
docking of the bioactive compounds with active site residues of
protein was analyzed using PyMol 2.5.0 and Discovery studio Visualizer 4.1 client. The bioactive compounds showed varying degrees of favorable docking with the targeted protein p53. As

Table 3. Dockings based on energy for selected bioactive compounds and targeted p53 protein
Binding affinity (kcal/mol)
Compound
Receptor p53

Niazinin

Niazimicin

Quercetin

Ptergyospermin

Kaempferol

–5.96

–6.04

–6.72

–9.06

–5.29

((A-L-Rhamnosyloxy) benzyl) carbaGlycerol-1
(9-octadecanote) mate/O-Ethyl-4-(alpha-l-rhamnosyloxy) benzyl carbamate
–5.81
–6.27

Table 4. Interacting amino acid residues of targeted p53 protein with selected bioactive compounds derived from Moringa oleifera
Targeted protein
p53

Bioactive compound
Niazinin

No. of H-bond
5

Interacting residues
GLN-23
GLU-89

ARG-10

Distance (Å)
1.7
1.8
2.1
1.6
2.4
2.0
2.2
1.9
2.0
1.9
2.8
1.9
2.3
2.4
2.1
2.0
2.8
3.2
2.5
2.3
2.5
2.1
1.9
2.0
1.7

GLN-23

2.2

ARG-203
Niazimicin

4

GLU-13
GLN-23
ASN-232

Quercetin

3

ILE-21

Ptergyospermin
Kaempferol

0
4

Glycerol-1(9-octadecanote)

8

GLU-89
GLN-0
ASP-148
GLY-188
LEU-189
TYR-92
GLU-89
GLY-199
ARG-10
HIS-11
ARG-61

(A-L-Rhamnosyloxy) benzyl) carbamate/O-Ethyl-4-(alpha-l-rhamnosyloxy)
benzyl carbamate
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Niazinin

Quercetin

Glycerol-1(9-octadecanote)

Niazimicin

Kaempferol

((A-L-rhamnosyloxy) benzyl) carbamate

Fig. 7. p53 protein interacting with selected moringa derived bioactive compounds.

4-O-glucopyranosyl-caffeoyl quinic acid/4-O-(4’-o-alpha-D-Glucopyranosyl)-caffeoyl quinic acid had three violations and does
not satisfy Lipinski’s Rule, no further docking study was done with
this compound. After docking it is found that quercetin had a high
binding affinity towards p53 is –6.72 whereas the lowest binding
affinity detected was –5.29 for kaempferol towards p53 (Table 3).
Protein-ligand docking analysis showed that quercetin had an
adequate binding affinity towards p53. There are 3 H-bonding was
observed between p53 and quercetin; two bonds with ILE- 21 and
one bond with GLU- 89. Niazinin, niazimicin, glycerol-1(9-octadecanote) and ((A-L-rhamnosyloxy) benzyl) carbamate forms
five, four, eight, and two hydrogen bonds respectively. Kaempferol
shows the lowest binging affinity towards p53, hence formed four
H- bonds with GLN-0, ASP-148, GLY-188, and LEU-189 residues
of the active site of p53 (Table 4, Fig. 7).

Discussion
As per Lipinski’s Rule of Five, the weight of a compound is needed
to be < 500 g/mol, lipophilicity (iLogP) < 5, H-bond donors
should be 5 or < 5 and H-bond acceptors must be 10 or < 10.
These parameters are remarkably associated with intestinal perme-
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ability and dissolvable in the first step of oral bioavailability. The
molecule can’t be a drug molecule if the number of violence of law
is more than two [23]. If a bioactive compound fails according to
the parameters of Lipinski’s Rule of Five, it will cause difficulty if
consumed. The molecular characteristics of a drug’s pharmacokinetics of the body can be explained by the parameters of ADME.
The compounds which are selected for the docking analysis have
lipophilicity (iLogP) less than five while niazinin, niazimicin, quercetin, kaempferol, glycerol-1(9-octadecanote), ((A-L-rhamnosyloxy) benzyl) carbamate had less than 5 H-bond donors (Table 1).
4-O-(4’-o-Alpha-D-glucopyranosyl)-caffeoyl quinic acid has MW
> 500 g/mol, > 5 H-bond donors and > 10 H-bond acceptors.
Whereas Pterygospermin has no H-bonding with p53 protein.
These data represent the violation of Lipinski’s Rule and docking
analysis was done with the compounds which obey Lipinski’s Rule.
Toxicity is an important constituent that often surpasses the
ADME parameters. Due to unfavorable effects created from the
toxicity leads to the breakdown of the drugs at the clinical trial [32].
The results of molecular docking generate the binding energy
between the protein and ligand which is an essential parameter.
This provides information about the binding affinity and strength
of protein and ligand-receptor docking. The lower the binding en-
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ergy value, the higher is the binding affinity and docking. This research indicates the binding energies of the selected apoptosis protein p53 with M. oleifera derived bioactive compounds and amino
acid residues were identified, which take part in the binding dockings through molecular docking analysis.
The bioactive compound which exhibits the best binding affinity with p53 is quercetin with –6.72 kcal/mol. Prior studies show
that the bioactive compounds derived from various parts of M.
oleifera lower the proliferation of malignant cells, which also causes
the death of cancerous cells, approximately 20%–22%. It causes
apoptosis at the growth phase 1 (G1) and induced cell arrest at
growth phase 2 (G2) or mitosis phase (M). The bioactive compounds increased the p53 protein level in the cell [4].
Glycerol-1(9-octadecanote) forms the highest number of hydrogen bonds during protein-ligand docking. Niazinin possesses
five interacting bonds with the amino acids GLN-23, GLU-89,
ARG-203 at a bond distance of 1.7, 1.8, 2.1, 1.6, and 2.4 Å. In the
case of glycerol-1(9-octadecanote), ARG-10 forms double docking at the distance of 2.3 and 2.5 Å. Niazimicin and kaempferol
have a similar number of hydrogen bonds but niazimicin bonds
are closer than kaempferol.
In summary, this study indicated that quercetin shows the best
docking with targeted p53 while other compounds show comparatively lower affinities towards the targeted protein. However, if we
use different software or tool for the analysis the outcome may differ as different applications use different algorithms [33]. Adding to
this, the protein data which was submitted to different databases
earlier may differ from each other as the methodologies carried out
may be different [34]. Future expects for this study includes the
comparison of the retrieved protein structure from different databases with the different experimental models, tools, and software.
Furthermore, the in-vitro and in-vivo studies of protein and gene expression must be evaluated in order to support the in-silico results.
There are so many risk factors for OSCC to happen but the
main cause of it is the damaged area losses its ability to repair. As a
result, tumor formation cannot be prevented. Sometimes the targeted protein p53 which is a tumor suppressor protein also called
apoptosis protein when get mutated fails to enter into the apoptosis pathway, as a result, the damaged DNA gets synthesized and it
results in OSCC. Nowadays herbal medication is more preferable
so we took the Moringa oleifera derived bioactive compounds
which possess anti-cancer properties. In this research, we concluded that quercetin had a good docking with the targeted p53 protein whereas kaempferol showed poor affinity towards the protein.
There is no H-bonding between ptergyospermin and the targeted
protein p53. The other bioactive compounds as niazinin, niazimi-
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cin, glycerol-1(9-octadecanote, ((A-L-rhamnosyloxy) benzyl) carbamate shows moderate affinity towards p53. This result provides
valuable information about the bioactive compounds derived from
Moringa oleifera that can be used for OSCC treatment to check the
synthesis of targeted protein and to let the cell with damaged DNA
undergo apoptosis.
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Kaposi’s sarcoma-associated herpesvirus (KSHV) is one of the few human oncogenic viruses, which causes a variety of malignancies, including Kaposi’s sarcoma, multicentric Castleman disease, and primary effusion lymphoma, particularly in human immunodeficiency virus patients. The currently available treatment options cannot always prevent the invasion
and dissemination of this virus. In recent times, siRNA-based therapeutics are gaining
prominence over conventional medications as siRNA can be designed to target almost any
gene of interest. The ORF57 is a crucial regulatory protein for lytic gene expression of
KSHV. Disruption of this gene translation will inevitably inhibit the replication of the virus
in the host cell. Therefore, the ORF57 of KSHV could be a potential target for designing
siRNA-based therapeutics. Considering both sequence preferences and target site accessibility, several online tools (i-SCORE Designer, Sfold web server) had been utilized to predict
the siRNA guide strand against the ORF57. Subsequently, off-target filtration (BLAST), conservancy test (fuzznuc), and thermodynamics analysis (RNAcofold, RNAalifold, and RNA
Structure web server) were also performed to select the most suitable siRNA sequences. Finally, two siRNAs were identified that passed all of the filtration phases and fulfilled the
thermodynamic criteria. We hope that the siRNAs predicted in this study would be helpful
for the development of new effective therapeutics against KSHV.
Keywords: guide strand, human herpesvirus-8, Kaposi’s sarcoma, RNA interference, siRNA
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Kaposi’s sarcoma (KS) is a multifocal hyperproliferative neoplasm of the vascular or lymphatic endothelium. KS lesions may also occur on the skin surface of the upper and lower
extremities or on the visceral organs like the lung and spleen [1-4]. Four epidemiological
subtypes (Classic, Endemic, Epidemic, and Iatrogenic) of KS have been described so far
and Kaposi’s sarcoma-associated herpesvirus (KSHV), also known as human herpesvirus-8 was identified as the primary etiologic agent of these subtypes [5-7]. Besides,
KSHV causes two lymphoproliferative diseases and an inflammatory syndrome: primary
effusion lymphoma, multicentric Castleman disease, and KSHV inflammatory cytokine
syndrome [8-10].
KSHV has the highest prevalence in sub-Saharan Africa, the intermediary prevalence in
the Mediterranean, and low prevalence in northern Europe, North America, and Asia [4].
Previously, KS was 20,000 times more persistent in acquired immune deficiency syndrome (AIDS) patients than in the general population [11]. With the advent of combina1 / 12
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tion antiretroviral therapy, the incidence of AIDS-related (epidemic) KS substantially decreased in developed countries [12]. But the
rapid progression of AIDS and inaccessibility to antiretroviral drugs
worsened the condition in several African countries [13]. Countries like Malawi, Uganda, Zimbabwe, and Swaziland have experienced a multitude of KS incidences since the onset of the AIDS epidemic in the early 1980s, making KS the most common cancer in
males and the second most common cancer in females [14,15].
The KSHV genome has approximately 140.5 kb long unique region (LUR) flanked by 25‒30 kb of direct terminal repeats [16,17].
The LUR comprises 90 open reading frames (ORFs) that separately express during the latent or lytic phase of viral infection [18].
Though ORF50/Rta (replication and transcription activator) initiates the entire KSHV lytic cycle, its completion depends on ORF57
that ensures the orderly expression of other early and late lytic
genes [19]. The ORF57/Mta (mRNA transcript accumulation) is
a 455 amino acid long nuclear protein with no substantial sequence
homology to any known cellular proteins [20]. This post-transcriptional regulator plays several vital roles in KSHV pathogenesis, for
example, binding and stabilization of intron-less transcripts, facilitates intron splicing, nuclear accumulation of coding/non-coding
RNAs, cytoplasmic accumulation of mRNAs, promoting protein
translation, etc. [21]. Disruption of ORF57 showed to interrupt the
KSHV lytic gene expression and eventually halt virion production
[22]. Therefore, it could be a potent target for therapeutic intervention to suppress the replication of KSHV in the host cells.
RNA interference is a unique molecular therapeutic technique in
which specific non-coding RNAs, such as siRNA or miRNA, silence or downregulate the target mRNA in a sequence-specific
manner. Although siRNA and miRNA share a common pathway,
they have distinct functions, and in many cases, siRNA outcompeted miRNA in silencing activity. Since siRNA designing allows more
sophistication in reducing off-target effects, it can inhibit one particular target mRNA. Besides, modern transfection techniques such
as lipofection and nanoparticles have greatly simplified its delivery
into cells [23]. siRNA-based treatment has been successfully
demonstrated in influenza, hepatitis C, severe acute respiratory syndrome coronavirus 2, cancer, different autoimmune, and neurodegenerative diseases [24-28]. Hence, considering the clinical significance of KSHV, the role of ORF57 in viral pathogenesis, and the
therapeutic potentiality of RNA interference, we aimed in the present study to design effective siRNA(s) against ORF57 of KSHV.

Methods
The overall pictorial representation of this study is depicted in
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Fig. 1 in a stepwise manner.

Data mining
The coding sequence (CDS) of ORF57 was obtained from the
KSHV reference sequence (NC_009333.1) in the NCBI GenBank
(https://www.ncbi.nlm.nih.gov/genbank/) database [29]. This
reference CDS was used as a query in the NCBI nucleotide BLAST
tool (http://www.ncbi.nlm.nih.gov/blast) to identify all the available CDS of ORF57 of KSHV [30]. During BLAST search, non-redundant nucleotide collection (nr/nt) was selected as a database
and the search was restricted to only KSHV sequences by selecting
txid: 37296 in the organism section. The maximum number of target sequences was set to 1,000 and other parameters were kept as
default. BLAST analysis resulted in a total of 76 sequences with
100% query coverage and a percent identity ≥ 98.64%. The accession numbers of these 76 sequences were retrieved, and the CDS of
ORF57 from each accession were downloaded from NCBI using
command-line code.
Generation of consensus sequence
In the UGENE v34.0 software [31], the CDS of all collected
ORF57 were subjected to multiple sequence alignment (MSA) by
the MUSCLE [32] tool with default parameters. UGENE employs
JalView [33] as a default algorithm to generate a consensus sequence from MSA. The consensus sequence constructed from this
MSA analysis was considered to be the representative sequence of
the ORF57 of all KSHV strains.
Prediction of siRNA
The consensus sequence obtained from MSA was used to predict
potential siRNAs against the ORF57 gene. In this regard, two parameters (e.g., sequence features and target site accessibility) were
taken into consideration [34]. The i-SCORE Designer web tool
(https://www.med.nagoya-u.ac.jp/neurogenetics/i_Score/i_
score.html) has been deployed for sequence-based siRNA design
[35]. This tool computes nine distinct algorithm scores (Ui-Tei,
Amarzguioui, Hsieh, Takasaki, s-Biopredsi, i-Score, Reynolds, Katoh, and DSIR) for siRNA prediction by analyzing different nucleotide preferences from target mRNA.
Sequence-focused algorithms can further be subdivided into two
groups (rule-based and machine-learning aided) depending on
their calculation nature [34]. Ui-Tei, Amarzguioui, and Reynolds
scoring schemes had been taken into account for this study as rulebased approaches. The conditions of those rules are listed in Supplementary Table 1. The i-Score (inhibitory score) algorithm,
which implements a linear regression model to predict siRNAs, was

https://doi.org/10.5808/gi.21057
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Fig. 1. Schematic diagram of the overall methodology. Designing of effective siRNA/(s) against the ORF57 of Kaposi's sarcoma-associated
herpesvirus (KSHV) was divided into several phases. After initial sequence data collection and representative consensus sequence generation
for ORF57, five distinct algorithms were adopted for siRNA prediction. Final siRNAs were selected through a rigorous filtration process
(conservancy, toxic motif, off-target, miRNA seed). The secondary structure and thermodynamic properties of each siRNA were also
evaluated. CDS, coding sequence; MSA, multiple sequence alignment.

https://doi.org/10.5808/gi.21057
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employed for machine-learning aided siRNA designing. This method solely examines nucleotide preferences at each position to estimate the score. Finally, the Sirna module of the Sfold web server
(http://sfold.wadsworth.org) was used to identify putative siRNAs
based on target accessibility [36]. But the module also incorporates
the sequence rules as well as accessibility criteria [37].
Only the results that scored equal to or greater than the recommended cutoff values of each of the five algorithms (Table 1) were
taken. The siRNAs that overlapped across all five algorithms were
then selected for subsequent analysis.

therefore have been rejected.
In the second step of the off-target screening, the seed region
(2nd to 7th nucleotide from 5ʹ end) of the selected siRNAs was
compared to the seed region (2nd to 8th nucleotide from 5’ end) of
miRNAs found in humans, mice, and rats. All the human, mouse,
and rat miRNAs have been downloaded from miRBAse (http://
www.mirbase.org/index.shtml), a publicly accessible microRNA
database of annotated miRNA sequences [46]. The siRNAs, whose
seed region matched with the seed region of human, rat, and mouse
miRNAs were eliminated in this phase.

Conservancy test and motif filtration
Every selected siRNA target was tested for 100% conservancy
among all KSHV strains. In the next step, the occurrence of some
sequence motifs (“UGUGU,” “GUCCUUCAA,” “AUCGAU(N)
nGGGG,” “UGGC”) was screened for every siRNA candidate. Because such motifs are suggested to be immune-stimulatory by some
experimental evidence and should be avoided during the design of
siRNA [41]. These steps were conducted by employing the fuzznuc
command-line tool from EMBOSS software package [42].

Thermodynamic analysis
The internal melting temperature (Tm) of the sense strand of each
candidate siRNA duplex was calculated by the OligoEvaluator analysis tool (http://www.oligoevaluator.com). To estimate the free energy of heterodimer binding (ΔG) between target mRNA and siRNA guide strand RNAcofold web server (http://rna.tbi.univie.
ac.at/cgi-bin/RNAWebSuite/RNAcofold.cgi) was used with defaults parameters [47]. This program calculates the base-pairing
pattern and hybridization energy of interacting RNA strands by utilizing thermodynamic and kinetic properties. To estimate
base-pairing probabilities it implements an extension of McCaskill’s
partition function algorithm [48]. The frequency of the minimum
free energy (MFE) structure in the ensemble and ΔG for heterodimer binding was calculated for every candidate siRNA duplex
(sense and antisense strand).

Filtration of off-target sites
A two-step filtration process was performed to assess the likelihood
that candidate siRNAs would cause off-target effects. In the first
step, the NCBI nucleotide BLAST was employed to screen a perfect (19/19) or near-perfect (18/19, 17/19) match of the human
RefSeq mRNA database against both sense and antisense strands
of candidate siRNAs [43,44]. BLAST’s default parameters are inefficient for evaluating very short sequences of siRNAs, thereby,
some parameters have been customized according to the guidelines
reported in Birmingham et al. [45]. The BLAST options used for
this study to identify off-targets are listed in Supplementary Table 2.
siRNAs showing complete or nearly complete complementarity
with off-target mRNA are assumed to have off-target effects, and
Table 1. siRNA design algorithms and their cutoff values
Algorithms
Based on sequence features
Rule-based
  Reynolds
  Amarzguioui
  Ui-Tei
Machine learning approach
  i-score
Based on target accessibility
   Sfold Sirna module
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Cutoff-value

Reference

≥6
≥3
Ia & Ib

[38]
[39]
[40]

≥ 66

[35]

≥ 12

[37]

Determination of secondary structure of guide strand and
free energy of folding
The MaxExpect algorithm of the RNA Structure web server
(https://rna.urmc.rochester.edu/RNAstructureWeb/) has been
employed to appraise the secondary structure of the guide strand
[49]. In addition to the structure prediction, the MaxExpect program produces CT files for each structure. The CT file obtained for
each of the siRNA guide strands was then used as input for another
RNA Structure web server tool called efn2. This efn2 algorithm
calculates the folding free energy change of the secondary structure
of the guide strand from the CT file [50].
Prediction of the secondary structure of full mRNA and
mapping target sites
RNAalifold server from Vienna RNA Web Services has been employed to predict the secondary structure of ORF57 mRNA [51].
This server generates a consensus secondary structure from the
alignment of multiple related DNA or RNA sequences. The MSA
file, previously generated by the MUSCLE algorithm, was supplied
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as input in this phase. The new RNAalifold with the RIBOSUME
scoring option was chosen as the RNAalifold version. Besides, other settings were kept in the default option. This tool provides an
MFE structure that was downloaded in Vienna format. Vienna
RNA Web Service also has a visualization tool called forna server
that can be used to design and import RNA secondary structures
interactively [52]. The secondary structure of full ORF57 was
drawn on this server with the Vienna file retrieved from the previous tool. In addition, the target sites of the chosen siRNAs have
been mapped within the structure of this full mRNA.

Results
Prediction and selection of siRNA
After performing BLAST using CDS of ORF57 obtained from
KSHV RefSeq, we got ORF57 sequences of 76 strains and isolates
of KSHV for subsequent analysis. Accession numbers of all selected
strains and isolates are listed in Supplementary Table 3. A 1.3 kb
long consensus sequence was generated from the 76 ORF57 sequences using MSA of the MUSCLE tool (see Supplementary Table 4). Following a systematic screening, twelve candidate siRNAs
were identified that scored at or above the recommended threshold
value for each of the five algorithms specified above (Supplementary Table 5).
Out of these twelve, eight siRNAs displayed 100% conserved target sequences across all KSHV strains. The next step was to eliminate siRNAs with immune-stimulatory motifs (GUCCUUCAA,
UGUGU, AUCGAU, and UGGC) in their guide strands. Two of
our siRNA guide strands were found to have the “UGGC’’ motif
and thereby excluded from the candidate list. Though there is no
clear evidence, some studies suggest avoiding siRNA candidates
with low complexity motifs such as “AAAA”, “CCCC”, “GGGG”, or
“UUUU” [41]. The Sfold algorithm filters out such guide strands
in the case of siRNA duplexes with a total score of 12 or higher. The
siRNAs that have passed the filtration steps so far have been named
from siRNA_1 to siRNA_6 for ease of exposition (Supplementary
Table 6).
For off-target filtration, BLAST analysis was performed with
both strands of candidate siRNAs against the human genome to filter out the undesired siRNAs. Two siRNA duplexes (siRNA_3 and
siRNA_6) were filtered out and excluded from the final list as those

possessed nearly identical (17/19 and 17/18) sequence segments
in respect to the human genome (Supplementary Table 7). In the
next phase of off-target filtration, siRNA_2 and siRNA_5 were excluded from the candidate list as their seed regions were shown to
be similar to those of human miRNA seeds (Supplementary Table
8). There are differing opinions on the position and length of the
seed region of miRNA (6‒8 mers), but in higher mammals, the seed
region is regarded to be in the 2nd to 8th position (7-mers) from
the 5’ end [45,53]. Therefore, in order to be on the safe side, the
2nd to 8th nucleotide (7-mers) of miRNA was considered as the
seed region. Our recommended siRNA_1 and siRNA_4 satisfied
all of the sequence properties and filtration conditions of this study.
Eventually, siRNA_1 and siRNA_4 were found to meet all of the
sequence properties and filtration conditions and hence selected as
final siRNAs (Table 2). It is noteworthy to mention that, seed region of siRNA_4 matched with a mouse miRNA seed.
The percentage of GC content in each siRNA was also noted because low GC content can result in poor and nonspecific binding,
whereas high GC content prevents the helicase and RNA-Induced
Silencing Complex (RISC) complex from unwinding the siRNA
duplex [54]. Many studies have proposed various acceptable GC
content limits [38,39]. Considering all nucleotide preferences,
Fakhr et al. [55] suggested that the GC content of siRNA should be
between 36%–52%. All of the siRNAs selected in this study have a
GC content within this range.

Thermodynamic attributes
The silencing machinery of siRNA is largely modulated by the thermodynamic stability of nucleotide base pairing [56]. The internal
melting temperature (Tm) and free energy change (∆G) between
siRNA seed and mRNA target are reliable markers of the thermodynamic stability of such heteroduplexes [57]. Different thermodynamics properties of the selected siRNAs are listed in Table 3. Both
siRNAs were found to have internal melting temperatures (Tm)
below 60°C. The free energy of heterodimer binding between siRNA and target mRNA is the consequence of two energy contributions. The first one is the energy used to open the binding site, and
the other is the energy obtained from hybridization. The RNAcofold web server calculates the free energy of heterodimer binding
(∆G) as per the following equation:

Table 2. Final siRNAs
Rank
1
2

Name
siRNA_1
siRNA_4

https://doi.org/10.5808/gi.21057

Start positions
294
700

Sense
CAGUAAACAGGUACGGUAA
CGACGAACUCAUAAACAAA

Antisense
UUACCGUACCUGUUUACUGgu
UUUGUUUAUGAGUUCGUCGuc

GC (%)
42.1
36.8
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Table 3. Thermodynamics results
Rank
1
2

Name
siRNA_1
siRNA_4

of the MFE structure
Internal melting Tm (°C) Frequency
in the ensemble (%)
54.2
50.54
48.9
42.73

siRNA_1

ΔG for heterodimer binding
(kcal/mol)
–29.16
–27.42

Free energy of folding
(kcal/mol)
0.3
0.5

siRNA_4

Fig. 2. Folding structure of guide RNAs. Potential intra-oligomer binding within the secondary structure of siRNA guide strands. The free
energies for the folding structures of siRNA guide strands were also generated from these secondary structures. siRNA guide strand with the
positive free energy of folding has a higher probability of binding with the target mRNA. Here, the positive free energy of the siRNA_1 and
siRNA_4 for the folding structure of their guide strands are 0.3 kcal/mol and 0.5 kcal/mol, respectively.

∆GBinding = ∆GAB – ∆GA – ∆GB [47].
The net ∆G value of the mRNA-siRNA duplex should be negative for better interaction. The higher the negative ∆G value, the
more stable the duplex will form between siRNA and target mRNA
[58]. But for proper siRNA silencing effect, this ∆G value should
not be too high or too low, and a ∆G value between –35 and –27
kcal/mol yields better performance [59]. The values of ∆G for siRNA_1 and siRNA_4 were –29.16 kcal/mol and –27.42 kcal/mol,
respectively. In the ensemble of secondary structures, the MFE
structure of both siRNAs seemed to have a relatively higher frequency (50.54% for siRNA_1 and 42.73% for siRNA_4). The free
energy for the folding of the selected siRNA guide strands was also
calculated, along with their probable folding structures (Fig. 2).
Both siRNA_1 and siRNA_4 tended to fold with a positive free energy (0.3 kcal/mol and 0.5 kcal/mol, respectively). Then, the selected siRNAs were ranked based on their off-target and thermodynamic properties, with siRNA_1 being the first and siRNA_4 in
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the second position. Finally, target sites of the two selected siRNAs
were mapped onto the secondary structure of this mRNA (Fig. 3).

Discussion
There are several algorithms, standalone tools, and web servers
available for designing siRNA against target sequences, each with
its own set of benefits and drawbacks [55]. These tools consider a
diverse array of mechanisms and features to screen out the best possible siRNAs, and yet none of them can adopt the all-in-one strategy. That’s why a somewhat manual hybrid approach was employed
in this study. We utilized a combination of different algorithms
(Reynolds, Amarzguioui, Ui-Tei, i-Score, and Sfold) to acquire siRNAs that met most of the prerequisites to be an effective gene silencer. For example, Reynolds, Amarzguioui, Ui-Tei algorithms are
some of the most widely used rule-based algorithms, and many
tools implement these algorithms for initial siRNA prediction
[34,41,60,61]. Second-generation algorithms like i-Score, s-Bio-
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Fig. 3. Secondary structure of the target mRNA. From the multiple sequence alignment file generated by the MUSCLE tool, the RNAalifold
server produced a consensus secondary structure of the entire ORF57 mRNA of Kaposi’s sarcoma-associated herpesvirus. Target sites of
both siRNA_1 and siRNA_4 (highlighted in blue and green color, respectively) seem to have an unpaired 5′ or 3′ end, which will favor their

predsi, and DSIR implement different machine-learning methods
to predict the most promising siRNAs with almost equivalent accuracy [35,60]. On the other hand, Sfold uses a statistical algorithm-based probability profile approach to predict siRNA accessible regions in the secondary structure of target mRNA [36]. While
other algorithms perform calculations based on 19-mer siRNA sequences, s-Biopredsi and DSIR consider 21-mer for their analysis
[35]. That’s why from the second-generation category, only the
i-Score algorithm was taken into account to ensure uniformity in
siRNA length and computation. Only those siRNAs were picked
from all of the predicted siRNAs that met every key criterion of

https://doi.org/10.5808/gi.21057

these five methods. Furthermore, the full conservation of these siRNA target sites was also verified to ensure that our proposed siRNAs are effective against all KSHV strains.
Previously it was reported that siRNA sequences with “GUCCUUCAA” and “UGUGU” motifs can be immune-stimulatory. For
example, the “UGUGU” motif induces IFN type 1 and causes
downregulation of nonspecific genes [62,63]. Another experiment
demonstrated that monocytes are stimulated to generate large
amounts of IL-12 when the CpG motif “AUCGAU” is present in
RNA oligonucleotides along with a poly-G tail [64]. The existence
of the “UGGC” motif in the siRNA guide strand has been found to
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decrease cell viability [65]. The siRNAs which contained these
sorts of motifs were omitted in this phase of screening.
After the conservancy and motif filtration analysis, both the sense
and antisense of the selected siRNAs were investigated for the presence of off-target human gene and miRNA seed regions. The siRNA-targeted sequence of viral mRNA should not be identical or
nearly identical to any human gene, otherwise, it will create an undesired silencing effect [66]. Off-target effects can be induced by
either strand of siRNA (sense or antisense) [45]. Furthermore, siRNA guide strands with seed regions identical to the human miRNA
were sieved out in the second phase of off-target filtration. Because
miRNA-like off targeting may induce mRNA translation inhibition,
which can also result in gene-nonspecific downregulation [67].
For effective siRNA activity, target sites should not be located in
SNP sites, and/or in between the first 75 bases of mRNA’s start codon or in intron sites [55]. Since all of the target sites for the candidate siRNAs of this study are fully conserved across all mRNA sequences, it can be assured that these target sequences are not in
SNP sites. None of the selected siRNAs’ target sites are within the
first 75 bases of mRNA. Finally, the use of only coding sequences in
this analysis eradicated any possibilities of the intron sequences being found in target sites (Table 2). GC content of siRNA has a significant impact on its silencing efficacy, and our suggested siRNAs
have GC content in the recommended range [55].
The performance of siRNA is influenced not only by sequence
features but also by structural and thermodynamic properties [68].
The incorporation of RNA strands in the RISC complex can be influenced by the thermodynamics of the siRNA duplex. More specifically, RNA strands having lower binding stability at the 5ʹ end of
the guide strand are preferred to be integrated into the RISC. Furthermore, the thermodynamic features of nucleotide base-pairing
between the siRNA guide strand seed region and off-target mRNAs are primarily responsible for its off-target silencing activity
[69]. Therefore, after selecting the desired siRNAs through a stringent filtration procedure, their thermodynamic attributes were also
evaluated. The existence of hairpin structures in target mRNA sites
can be anticipated by calculating the internal melting temperature
(Tm) of the sense strands. Especially, if the Tm value of the siRNA
sense strand is greater than 60°C, there is a high probability of hairpin formation, which will eventually reduce the knockdown ability
[70]. None of our suggested siRNAs exceed this threshold value of
Tm (Table 3).
One of the most essential factors for implementing siRNA target
prediction algorithms is the computational estimation of RNA-RNA
binding interaction. This RNA-RNA binding interaction is indicated
by the free energy of binding (∆G) between a specific siRNA and its
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target mRNA. In case of weak duplex (mRNA-siRNA) stability, the
RISC would not have enough opportunity to cleave the target
mRNA. Contrarily, the passenger strand or target mRNA will separate slowly after cleavage by the RISC complex if the siRNA forms a
very stable duplex with its antisense strand. All of the finalized siRNAs in this study have free energy values of heterodimer binding
(∆G) in between the recommended range (Table 3).
Another important indicator of the strength of base-pairing in a
seed duplex complex is the frequency of MFE structure in the ensemble of secondary structures. A high frequency of MFE structure
in the ensemble is correlated to a stiff seed duplex binding [71].
The accessibility of siRNA for binding, which can be projected by
its folding free energy change, is found to be highly correlated with
its efficacy for hybridization with target mRNA [72]. According to
prior findings, an RNA molecule with the positive free energy of
folding has a greater likelihood of binding to a target site because it
will be more accessible [73]. Furthermore, intra-oligomer binding
within the antisense strand of siRNA can significantly impede its
accessibility for target mRNA [72]. That’s why potential folding
structures of selected siRNA guide strands were also predicted in
this analysis (Fig. 2). Both siRNAs reported in this investigation
(siRNA_1 and siRNA_4) appeared to have a high frequency of
MFE structure and positive free energy of folding (Table 3).
Aside from choosing a siRNA guide strand, predicting the secondary structure of the target mRNA is also very imperative for
RNAi activity. The previous evidence indicated that the secondary
structure of complete mRNA should be postulated, as nucleotides
distal from the target site can also modify its (target site’s) structure
[74]. But the number of potential secondary structures increases
exponentially as the length of the sequence increases, making reliable mRNA secondary structure prediction challenging [72]. For
that reason, the RNAalifold server, which predicts the consensus
secondary structure of mRNA from MSA among several related sequences, was used in this experiment. Target mRNA with unpaired
regions at either 5ʹ-end or 3ʹ-end can be silenced more effectively
than a fully paired target [75]. As shown in Fig. 3, the target sites of
our selected siRNAs contain an unpaired 5ʹ or 3ʹ end.
ORF57 of KSHV plays a vital role in viral lytic replication. Dimerization of ORF57 stabilizes the protein structure and is crucial
for its functional activity. Each monomer of ORF57 homodimer is
encoded from a single gene and consists of two distinct domains:
intrinsically disordered N-terminal domain (NTD) with no defined structural motifs (amino acid residues 1–166), and helix-rich
C-terminal domain (CTD) (amino acid residues 167–455) [76].
The NTD harbors three nuclear localization signals (NLSs) and interacts with several cellular factors [20,77]. The CTD has an N-ter-
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minal ‘arm’ stretching from residues 167 to 222 and a C-terminal
globular domain (aa residues 223–455) having a conserved
zinc-binding motif. These three structural elements (arm, globular
interface, and zinc-binding motif ) are equally significant for
ORF57 dimerization as the ‘arm’ region from one monomer docks
on the globular surface of a neighboring monomer in an antiparallel
fashion, whereas the C-terminus end (aa residues 445–454) is
locked into the globular domain of the same monomer [76].
Interestingly, both the siRNA_1 and siRNA_4 target regions are
located in the CDS of N and C-terminal domains of ORF57, respectively. Three NLSs are found in the NTD and the siRNA_1
target sequence (aa residues 98-104) overlaps with the NLS1 (aa
residues 101‒107). A previous study demonstrated that disruption
of NLSs inhibits the nuclear translocation process of ORF57 [77].
Our designed siRNA_1 targets the NLS1 coding region and could
potentially disturb the translation process of the NTD CDS of
ORF57. Besides, ORF57-CTD facilitates the dimerization, stability, and function of the protein. Functional studies also revealed the
dissociation of ORF57 dimer upon deletion/point mutation of either one of three structural elements as mentioned earlier. siRNA_4 designed in this study falls within the CDS of the globular
interface (aa residues 234‒239) of ORF57-CTD. This globular
structure maintains the electrostatic interaction with the interface
residues of CTD of adjacent monomer to stabilize the dimer [76].
Thus, our proposed siRNA_4 could also inhibit this function by
degrading the target mRNA.
It is well established that siRNA-induced post-transcriptional
gene silencing starts with the assembly of the RISC [78,79]. The
mRNA molecule is cut exactly by cleaving the phosphodiester
bond between the target nucleotides which are paired to siRNA
residues [80]. The functional ORF57 protein is a dimer of two
identical subunits. This indicates the subunits of ORF57 protein
are translated from the transcripts of a single copy gene. Hence, the
disruption of the ORF57 transcripts by siRNAs could stop the
translation process completely. Therefore, we believe that either
siRNA_1 or siRNA_4 could be sufficient enough to suppress the
ORF57 gene expression completely or at least partially.
There is currently no specific treatment for KSHV-related diseases. The treatment of choice for KSHV patients predominantly depends on various parameters, like the tumor location, a variant of
KS, rate of progression, distribution of the lesions, the severity of
the symptoms, and immune competence [81]. Although medicines such as rituximab, acyclovir, and others are currently used to
treat KSHV-related complications, these are not specific therapies
[82,83]. Besides that, severe side effects like kidney toxicity, neutropenia, and neurotoxicity have made the treatments more challeng-
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ing [84]. That’s why additional studies are required to explore new
drugs for KSHV associated diseases. In this circumstance siRNA-based therapy might be a viable alternative as the inhibitory effect of siRNA on different herpes virus replication has already been
reported in several studies [85-87]. This research is such an effort
to accelerate the discovery of new treatments for KSHV-related diseases. Two potential siRNAs have been screened in this study
through a series of comprehensive filtration steps that will hopefully inhibit the translation of the ORF57 gene in KSHV. Since our
suggested siRNAs meet all of the requirements for an effective siRNA, it can be expected that they’ll be able to inhibit the infection
against all KSHV strains. But, as this selection method was entirely
based on computational prediction, proper in vitro and in vivo validation is albeit necessary.
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Severe acute respiratory syndrome coronavirus 2 (SARS-CoV-2) encodes small envelope
protein (E) that plays a major role in viral assembly, release, pathogenesis, and host inflammation. Previous studies demonstrated that pyrazine ring containing amiloride analogs inhibit this protein in different types of coronavirus including SARS-CoV-1 small envelope
protein E (SARS-CoV-1 E). SARS-CoV-1 E has 93.42% sequence identity with SARS-CoV-2
E and shared a conserved domain NS3/small envelope protein (NS3_envE). Amiloride analog hexamethylene amiloride (HMA) can inhibit SARS-CoV-1 E. Therefore, we performed
molecular docking and dynamics simulations to explore whether amiloride analogs are effective in inhibiting SARS-CoV-2 E. To do so, SARS-CoV-1 E and SARS-CoV-2 E proteins
were taken as receptors while HMA and 3-amino-5-(azepan-1-yl)-N-(diaminomethylidene)-6-pyrimidin-5-ylpyrazine-2-carboxamide (3A5NP2C) were selected as ligands.
Molecular docking simulation showed higher binding affinity scores of HMA and 3A5NP2C
for SARS-CoV-2 E than SARS-CoV-1 E. Moreover, HMA and 3A5NP2C engaged more amino acids in SARS-CoV-2 E. Molecular dynamics simulation for 1 μs (1,000 ns) revealed that
these ligands could alter the native structure of the proteins and their flexibility. Our study
suggests that suitable amiloride analogs might yield a prospective drug against coronavirus
disease 2019.
Keywords: COVID-19, hexamethylene amiloride, SARS-CoV-2 E, virology, viroporin

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

Severe acute respiratory syndrome coronavirus-2 (SARS-CoV-2), the etiological agent of
coronavirus disease 2019 (COVID-19), is a threat to the global public health and economy [1]. SARS-CoV or SARS-CoV-1, which is around 80% genetically similar to SARSCoV-2, initiated the fatal outbreak of severe acute respiratory syndrome (SARS) in Southeast China, 2002 [2-5]. SARS-CoV-1 and SARS-CoV-2 encode viroporins (VPs) that exhibit ion channel (IC) activity in both host cell and virion. VPs are crucial factors for viral
pathogenesis, infection cycle, virion morphogenesis, assembly, and viral release from the
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host cells [6,7]. Besides SARS-like coronaviruses, other pathogenic
human viruses such as human immunodeficiency virus-1 (HIV-1),
influenza A virus (IAV), rotavirus also encode VPs [7-10]. VPs induce ion imbalance within host cells and disrupt cellular pathways
via various protein-protein interactions [11].
SARS-CoV-1 encodes VPs from small envelope protein E, ORF3a
and ORF8a genes. Protein E and ORF3a interact with cellular proteins via PDZ-binding motif and exerts IC activity. These functions
are essential for optimal viral replication. However, among these 3
VP-forming genes, protein E was indispensable for viral virulence
[12]. Protein E forms calcium ion (Ca2+) channels in the endoplas
mic reticulum golgi apparatus intermediate compartment (ERGIC)/Golgi membranes. These ICs alter calcium homeostasis in
host cells and activate the cytosolic innate immune signaling receptor NLR family pyrin domain containing 3 inflammasome [13,14].
Absence of protein E attenuates the viral infectious activity by reducing nuclear factor kB mediated inflammation [15]. Therefore, protein E can be a plausible therapeutic target for COVID-19.
Previous studies demonstrated that VP-like prototypic M2 proton
selective channel of IAV can be an ideal target for antiviral development [16]. All coronavirus E proteins are assumed to form cation-selective ion channels which participate in viral replication and
virus’s life cycle [17,18]. The actions of VPs in SARS-CoV-2 may
also be figured out from other CoVs e.g., Middle East respiratory
syndrome coronavirus and human coronavirus 229E (HCoV-229E)
[5,6,19]. Deletion of E gene from SARS-CoV-1 significantly decreased the viral pathogenesis [15]. Moreover, the usage of the channel blocking compounds such as amiloride analogs had substantially
alleviated the viral replications of HCoV-229E, murine hepatitis virus (MHV), and SARS-CoV-1 [20,21]. Here, the amiloride analogs
interacted with the E proteins and inhibited the functions of VP
[22,23]. These results have raised a possibility to develop a broad
spectrum antiviral drug against coronaviruses [20-23]. Aside from
coronaviruses, Amiloride derivatives (particularly hexamethylene

amiloride [HMA]) were found to be efficient inhibitors of ICs in
hepatitis C virus, influenza virus, and HIV-1 [7-9]. Since E gene of
SARS-CoV-1 and SARS-CoV-2 are highly identical (Table 1, Supplementary Data 1), implementation of different in silico tools can
unveil the anti-SARS-CoV-2 E mechanisms of amiloride analogs
[24,25].
Amiloride is a pyrazine ring containing compound that inhibits
sodium-hydrogen antiporter 1 (NHE-1) and promotes diuresis
[26]. Analogs of amiloride such as 5-(N,N-Hexamethylene) amiloride or HMA (PubChem CID: 1794) can inhibit urokinase-type
plasminogen activator (uPA) which is an important protease for tumor cell to undergo metastasis [27,28]. HMA has antiviral activities
with little K+ sparing diuretic effect and 3-Amino-5-(azepan-1-yl)
-N-(diaminomethylidene)-6-pyrimidin-5-ylpyrazine-2-carboxamide (3A5NP2C) (PubChem CID: 137348787), a structurally similar compound, has very little cytotoxic properties in human cells
[27,29]. In this study, we explored the anti-SARS-CoV-2 E activities
of HMA and 3A5NP2C. Through molecular docking and molecular dynamics simulations, we showed that these small molecules
could bind and alter the structure of SARS-CoV-2 E in golgi membrane lipid bilayer. Our study suggests that amiloride analogs could
be a druggable compound for COVID-19.

Methods
Characterization of SARS-CoV-2 E VP
For characterization of the SARS-CoV-2 E, the E protein (accession:
YP_009724392.1) went under Protein Basic Local Alignment
Search Tool (BLASTp) in National Center for Biotechnology Information (NCBI) database. To find homologous sequences in other
CoVs, SARS-CoV-2 was excluded during this BLASTp. Top 4 hits in
BLAST were taken for characterization. Afterward, E protein of
SARS-CoV-1 GD01 (accession: AAP51230.1) was also included.
The protein sequences were uploaded in ProtParam, Pfam, and

Table 1. Transmembrane positions of amino acids, theoretical pI (isoelectric point), instability index, aliphatic index, and GRAVY of E proteins
in several coronaviruses related to SARS-CoV-2
Serial No.
1
2
3
4
5
6
Average

NCBI accession
No. for E protein No. of AA’s
Bat SARS-like coronavirus
AVP78033.1
75
SARS-related coronavirus
APO40581.1
76
Coronavirus BtRl-BetaCoV/SC2018 QDF43816.1
76
Rhinolophus affinis coronavirus
AHX37560.1
76
SARS-CoV-2
YP_009724392.1
75
SARS coronavirus GD01
AAP51230.1
76
75.67
Virus

Outside

Inside

Theoretical pI

1‒11
1‒11
1‒11
1‒11
1‒11
1‒11
-

35‒75
35‒76
35‒76
35‒76
35‒76
35‒75
-

8.57
7.69
6.01
6.01
8.57
6.01
7.12

Instability
Index
38.68
35.26
31.47
33.02
38.68
30.48
33.782

Aliphatic
Index
144
144.74
147.24
145.92
144
142.11
144.67

GRAVY
1.128
1.129
1.145
1.176
1.128
1.111
1.14

GRAVY, grand average of hydropathicity; SARS-CoV-2, severe acute respiratory syndrome coronavirus 2.
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THMM to analyze their physicochemical properties, domains, and
transmembrane helices [30-32]. Their phylogenetic characterization was conducted by CLC Drug Discovery Workbench 3.0 using
default parameters (https://digitalinsights.qiagen.com).

Three-dimensional structure generations of E proteins
E proteins of SARS-CoV-1 and SARS-CoV-2 were generated via Robetta (https://robetta.bakerlab.org) [33]. The structures were refined with three-dimensional refine and Galaxy Refine [34,35]. The
qualities of the generated structures were assessed using SWISS
structure assessment [36].

tions at constant temperature (T = 310°K) and pressure (P = 1
bar). Then the root mean square deviation (RMSD) and Root
Mean Square Fluctuation (RMSF) of C-α carbon from wild type
apo-SARS-CoV-1 E and apo-SARS-CoV-2 E with ligand bound
complexes were analyzed by g_rms, g_rmsf tools.

Results

Pharmacokinetic property exploration of the ligands and
preparation for molecular docking
The molecules were selected after going through literature [27,28].
The cannonical smiles of 5-(N,N-hexamethylene) amiloride or
HMA and 3A5NP2C were uploaded in SWISS-ADME for exploring the pharmacokinetic properties (absorption, distribution, metabolism, excretion) [37]. The canonical SMILES (Simplified molecular-input line-entry system) were collected from PubChem database and transferred into protein data bank file via Online SMILES
Translator and Structure File Generator (https://cactus.nci.nih.
gov/translate/) [38].

SARS-CoV-2 E protein contains relatively higher instability
index
According to NCBI BLASTp, SARS-CoV-1 and SARS-CoV-2 E
proteins share 93.42% sequence identity. The selected CoV E protein contains nearly same numbers of amino acids outside and inside of the transmembrane. Their grand average of hydropathicity
values are not significantly diverse. However, SARS-CoV-2 E has a
higher theoretical pI (isoelectric point) and instability index than
average value. Only Bat SARS-like coronavirus has this type of
properties.
All of the E proteins have Non-structural protein NS3/Small envelope protein E domain (Fig. 1). Some insignificant domains
such as Ellis van Creveld protein 2 like protein and FAM163 family were found in SARS-CoV-2 E. This insignificant FAM163 family domain was absent in SARS-CoV-1 E (Supplementary Data 1).

Molecular docking and dynamic simulations
The selected ligands went under blind molecular docking simulation against SARS-CoV-1 and SARS-CoV-2 E proteins via AutoDock tools 1.5.6 [39]. The ligand-receptor interactions between
drug-receptor complexes were visualized by BIOVIA Discovery
Studio (http://www.discover.3ds.com) and PyMOL Molecular
Graphics System, Version 2.3.3 Schrödinger, LLC [40] and UCSF
Chimera [41]. The dynamics and stability of SARS-CoV-1 and
SARS-CoV-2 E proteins with amiloride analogs bound complexes
were compared by carrying out MD simulations. For MD simulations, the drug-bound complexes were embedded in a lipid bilayer
membrane composed of 36% phosphatidylcholine, 21% phosphatidylethanolamine, 21% cholesterol, 6% phosphatidylserine. This
lipid bilayer mimics the lipid composition of golgi complex [42].
The SARS-CoV-1 VPs generally target golgi apparatus [43]. The
total system consisted of about 120,000 atoms in an orthorhombic
simulation cell with a free KCl concentration of 150 mM. Equilibrium MD simulations were performed after energy minimization
and 1,000 ns of equilibration with position restraints. The protein,
water, and lipid components were energy minimized using
Charmm-Gui Bilayer Builder [44] and Gromacs 2019.2 [45,46].
All simulations were carried out under periodic boundary condi-

SARS-CoV-2 E protein demonstrated higher binding affinity
for the ligands than SARS-CoV-1 E
The E proteins of SARS-CoV-1 and SARS-CoV-2 went under homology modeling and their structures were refined. More than
97% amino acids were in favored region of Ramachandran plot.
Details about the structural qualities are given in Supplementary
Data 2. To target SARS-CoV-2 E, anticancer amiloride analogs, i.e.,
HMA and 3A5NP2C were used in this study (Fig. 2). Their physicochemical and pharmacokinetic properties are given in (Table 2)
and Supplementary Data 2. They have similar bioavailability.
HMA might inhibit CYP1A2 and CYP2C19. However, this characteristic was absent in 3A5NP2C. SARS-CoV-1 E demonstrated
–5.5 kcal/mol and –5.8 kcal/mol binding affinity scores with
HMA and 3A5NP2C respectively. Whereas HMA and 3A5NP2C
interacted with SARS-CoV-2 E with –7.3 kcal/mol and –7.1 kcal/
mol binding affinity scores, respectively (Table 2).
Only Phe 4 of SARS-CoV-1 E interacted with both HMA and
3A5NP2C. Whereas six common residues of SARS-CoV-2 protein
E Phe 4, Asn 66, Leu 12, Tyr 57, Val 62, Lys 63 participated in ligand-receptor interactions (Fig. 3). Moreover, HMA and 3A5NP2C interacted via H-bonds with SARS-CoV-2 E which was not
observed in SARS-CoV-1 E. The pyrazine ring, which is essential
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Fig. 1. E protein is highly conserved among SARS-CoV-2 and SARS-CoV-1. Only black regions (underlined with green bars) are variable.
All of the E proteins have NS3/small envelope protein E domain (NS3_envE). According to the phylogenetic tree, SARS-CoV-2 E protein is
mostly closed to bat SARS-like coronavirus E protein. E, envelope; SARS-CoV, severe acute respiratory syndrome coronavirus.

A

B

Fig. 2. Selected compound for E protein inhibition. (A) 5-(N,Nhexamethylene) amiloride is a well-known coronavirus viroporin
inhibitor. (B) Structurally similar 3-amino-5-(azepan-1-yl)-N(diaminomethylidene)-6-pyrimidin-5-ylpyrazine-2-carboxamide
(3A5NP2C). This small molecule has anticancer activity. E, envelope.
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for the structure activity relationship of amiloride, showed various
types of interactions. The extra pyrimidine group of 3A5NP2C
engaged more amino acids in the receptors.

HMA and 3A5NP2C altered the wild type E proteins structures
The ligand-receptor complexes went under 1 ms simulation or
1,000 ns MD simulation. The ligand bound and ligand-free E proteins deviated in same pattern for less than 100 ns and after that
their RMSD values were different (Fig. 4). Ligand-receptor complexes also showed altered mobility, especially in the cytoplasmic,
transmembrane, and non-cytoplasmic regions. SARS-CoV-2-E3A5NP2C complex also demonstrated different RMSD value at
100ns whereas SARS-CoV-2-E–HMA showed less deviations. On
the other hand, HMA reduced more fluctuation than 3A5NP2C
in these domains of SARS-CoV-2 E proteins. During the simulation, the RMSD of SARS-CoV-1 E (black line) and SARS-CoV-1E-HMA (green line) did not show equal overlapping value after
few seconds. This indicated that the bonded drug altered the wild
type conformations hence it could not execute the IC activities
[22]. Similar patterns were also observed between SARS-CoV-2 E
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Table 2. Major physiochemical and pharmacokinetic characteristics of the selected anticancer amiloride analogs
Characteristic
Molecular weight
H-bond acceptors
H-bond donors
GI absorption
BBB permeant
Inhibitory substrate of:
Bioavailability score
Binding affinity score (SARS-CoV-1 E) (kcal/mol)
Binding affinity score (SARS-CoV-2 E) (kcal/mol)

5-(N,N-Hexamethylene) amiloride (HMA)
311.77
3
4
High
No
CYP1A2, CYP2C19
0.55
–5.5
–7.3

3-Amino-5-(azepan-1-yl)-N-(diaminomethylidene)-6-pyrimidin-5-ylpyrazine-2-carboxamide (3A5NP2C)
355.4
4
6
Low
No
No data available
0.55
–5.8
–7.1

GI, gastrointestinal absorption; BBB, blood brain barrier; SARS-CoV, severe acute respiratory syndrome coronavirus; E, envelope protein.

A

B

C

D

Interactions
Van der Waals
Water hydrogen bond
Conventional hydrogen bond

Carbon hytrogen bond
Amide-Pi stacked
Alkyl

Fig. 3. Interactions between 3A5NP2C with SARS-CoV-1 E (A) and SARS-CoV-2 E (B). 5-(N,N-Hexamethylene) amiloride interactions
with SARS-CoV-1 E (C) and SARS-CoV-2 E viroporins (D). 3A5NP2C, 3-amino-5-(azepan-1-yl)-N-(diaminomethylidene)-6-pyrimidin-5ylpyrazine-2-carboxamide; E, envelope; SARS-CoV, severe acute respiratory syndrome coronavirus.

and drug bound SARS-CoV-2 E. RMSF analysis showed that these
compounds reduced the mobility of N and C terminal region of
SARS-CoV-2 E (Fig. 4).
The schematic representation of the whole study is given in
Fig. 5.
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Discussion
VPs are involved in viral assembly and pathogenesis, which promotes ion imbalance within host cells, disrupting cellular pathways
[11,43,47]. Therefore, impeding their activity by specific drugs of-
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A

B

0.10

C-ALPHA RMSF (nm)

C-ALPHA RMSD (nm)

0.15

0.06

0.10

0.05

0

250

500

750

1,000

0

20

Time (ns)

40

60

Residue

Fig. 4. Molecular dynamics simulation of amiloride analogs and the receptors. The root mean square deviation (RMSD) (A) and root mean
square fluctuation (RMSF) (B) of SARS-CoV-1 and 2 E proteins with and without amiloride analogs. SARS-CoV, severe acute respiratory
syndrome coronavirus; E, envelope.

Multimeric structure of
the viroporin

Monomers
with
amiloride
analogues
SARS-CoV-1 E

Golgi/ERGIC

Amiloride analogs

SARS-CoV-1

SARS-CoV-2 E

SARS-CoV-2

Fig. 5. The schematic representation of the whole study. E, envelope; SARS-CoV, severe acute respiratory syndrome coronavirus; ERGIC,
Endoplasmic Reticulum Golgi Apparatus Intermediate Compartment.
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fers promising antiviral therapeutics [6,48]. Coronaviruses, including SARS-CoV-1, express small envelope (E) protein that
forms VPs. These VPs act as cation-selective ion channels in lipid
bilayers that are able to pump Na+ and K+ ions [49]. The transmembrane α-helical domain of E forming multimeric α-helical
bundle is responsible for the IC activity [50]. Similar to SARSCoV-1, SARS-CoV-2 also encodes VP forming E protein [51,52].
This E protein is 93.42% identical with SARS-CoV-1 E. SARSCoV-2 E has a conserved NS3/Small envelope protein E domain
(NS3_envE) that triggers inflammation in host cells (Fig. 1) [13].
Previous reports showed that NHE-1 blocker HMA inhibits
HCoV-229E and MHV E protein IC conductance in lipid bilayers
[21]. Functions of SARS-CoV-1 E got significantly reduced by
HMA in human embryonic kidney 293 cells [22]. Moreover,
HMA and 3A5NP2C have anticancer properties [27,28]. According to SWISS-ADME, these molecules are impenetrable through
blood brain barrier and can circulate in the body with 0.55 bioavailability score. 3A5NP2C drug compound has lower gastrointestinal absorption than HMA. However, HMA might act as an inhibitory substrate of CYP1A2 and CYP2C19 enzyme. Specific
modification in the side chain of amiloride analogs might make
the compound a potential broad spectrum anti-microbial compound with safer ADMET properties and efficacy. Hence, further
studies may contribute to the structural modification of these analogs devising a safer and more effective antiviral [53].
In this study, we have found that the structural characteristics of
HMA and similar compound 3A5NP2C exhibited more binding
affinity score with SARS-CoV-2 E than SARS-CoV-1 E. Phe 4 of
SARS-CoV-1 E was the common interacted residue for both HMA
and 3A5NP2C whereas SARS-CoV-2 E interacted via Phe 4, Asn
66, Leu 12, Tyr 57, Val 62, Lys 63. This indicated that these ligands
could bind to both inside (amino acid number: 1–11), outside
(amino acid number: 35–75) and within transmembrane helix
(amino acid number: 12–34) regions of SARS-CoV-2 E (Table 1).
The E proteins and drug-receptor complexes were placed in a
Golgi lipid bilayer model for MD simulations. SARS-CoV-2 E
showed higher mobility and deviations in bilayer than SARS-CoV-1
E. Especially the outside N and C terminal regions of the protein
were more mobile than SARS-CoV-1 E. Since, SARS-CoV-2 can
replicate 3 times faster than SARS-CoV-1; hence, it can release/shed
more viruses from the host cells [54]. Whether this enhanced mobility and instability of SARS-CoV-2 E are contributing in higher viral release is further needed to be explored (Table 1, Fig. 4). Here,
the SARS-CoV-1 E and SARS-CoV-1-E-HMA complex were run as
control since HMA can inhibit the VP activities. The differences between RMSD and RMSF of the ligand-bound and ligand-free

https://doi.org/10.5808/gi.21040

SARS-CoV-1 E indicated that these compounds interfered with the
normal physiology of the viral protein. The same patterns were also
observed for ligand-bound and ligand-free SARS-CoV-2 E proteins.
The flexibility of the proteins was altered in cytoplasmic, non-cytoplasmic and transmembrane regions. These flexibilities are critical
for viral physiology [43]. MD simulation revealed that this region
would gain rigidity which strongly supports that the viral physiology
will be hindered extremely [55]. Hence, these deviations and alterations of the protein E strongly suggest that these amiloride analogs
will disrupt the cation-selective IC activities.
Amiloride and HMA are well-studied compounds; therefore, in
the near future, their antiviral activity against SARS-CoV-2 can be
evaluated to develop new treatments. However, amiloride has
some rare adverse effects and side effects. The most dangerous effects include hyperkalaemia [56]. Therefore, similar to nafamostat
mesylate, serum potassium values should be monitored carefully
in COVID-19 patients after the administration of amiloride analogs [57]. Although HMA has a lower K+ sparing diuretic effect
than amiloride, these drugs might show side effects by hindering
the general physiology of uPA [27,28].
Several amiloride analogs can inhibit the functions of coronavirus VPs. Our study strongly suggests their antiviral activities
against SARS-CoV-2. Further in vitro screening and in vivo experiments are necessary to consider amiloride analogs as a prospective
drug against this virus.
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Nowadays, Genomic data constitutes one of the fastest growing datasets in the world. As
of 2025, it is supposed to become the fourth largest source of Big Data, and thus mandating adequate high-performance computing (HPC) platform for processing. With the latest
unprecedented and unpredictable mutations in severe acute respiratory syndrome coronavirus 2 (SARS-CoV-2), the research community is in crucial need for ICT tools to process
SARS-CoV-2 RNA data, e.g., by classifying it (i.e., clustering) and thus assisting in tracking
virus mutations and predict future ones. In this paper, we are presenting an HPC-based
SARS-CoV-2 RNAs clustering tool. We are adopting a data science approach, from data
collection, through analysis, to visualization. In the analysis step, we present how our clustering approach leverages on HPC and the longest common subsequence (LCS) algorithm.
The approach uses the Hadoop MapReduce programming paradigm and adapts the LCS algorithm in order to efficiently compute the length of the LCS for each pair of SARS-CoV-2
RNA sequences. The latter are extracted from the U.S. National Center for Biotechnology
Information (NCBI) Virus repository. The computed LCS lengths are used to measure the
dissimilarities between RNA sequences in order to work out existing clusters. In addition to
that, we present a comparative study of the LCS algorithm performance based on variable
workloads and different numbers of Hadoop worker nodes.
Keywords: bioinformatics, data science, high-performance computing, longest common
subsequence, RNA, SARS-CoV-2
Availability: All code and documentation related to this project are publicly available on
GitHub (https://github.com/AnasOujja/SARS_COV_2-Clust/).

Introduction
2021 Korea Genome Organization
This is an open-access article distributed
under the terms of the Creative Commons
Attribution license (http://creativecommons.
org/licenses/by/4.0/), which permits unrestricted use, distribution, and reproduction
in any medium, provided the original work is
properly cited.

In 2003, the world manifested an unprecedented breakthrough by completing the first full
human genome sequencing in history. It took 13 years and costed $2.7 billion [1]. Since
then, the cost and time to sequence genomes have decreased significantly which led to an
increase in the number of sequenced genomes. This allowed researchers in many fields to
better answer biological questions by using a set of recently developed computational tools
to address problems that were hard or impossible to solve for many decades. However, the
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continuous increase of generated data has imposed growing difficulties in analyzing them.
Nowadays, Genomic data is one of the fastest growing big datasets in the world, and as of 2025 it is supposed to become the fourth
largest source of Big Data after Astronomy, YouTube, and Twitter
[2]. Numerous genomes of many species are widely sequenced and
stored in public online Gene Banks. These Gene Banks are provided by many biology institutes like the National Institute of Health
(NIH) in the United States [3] and the National Institute of Genetics (NIG) in Japan [4].
This work emerges within the context of the current coronavirus
disease 2019 pandemic. Thus, it is principally meant to contribute
to understanding severe acute respiratory syndrome coronavirus 2
(SARS-CoV-2) mutation behavior. Therefore, limiting its spread all
over the world, by providing a genomics tool that will answer relevant questions regarding SARS-CoV-2 virus genomic evolution.
SARS-CoV-2 is a positive-sense single-stranded RNA virus
which keeps mutating in an unpredictable way. We can find a large
number of SARS-CoV-2 RNA sequences stored in NCBI Virus repository which is accessible to the public through a simple internet
connection [5].
Clustering SARS-CoV-2 sequences and the classification of the
different variations of the virus is crucial to demystifying its unpredictable mutations and thus limiting its spread. The virus medical
treatment, and confinement policies, might tangibly differ from a
village/city/region/country to another depending on the residing
SARS-CoV-2 virus type. Reinforced by the early confinement and
travel restriction laws, the SARS-CoV-2 viruses are very likely to be
limited in the number of types. However, this does not exclude the
probability of having virus mutations that happened locally in each
village/city/region/ country as well. In this project, we are identifying the existing SARS-CoV-2 virus types and track back the mutations that have happened or are still happening. In fact, clustering is
a data mining method that aims to identify similar groups in huge
datasets, and is widely used in various bioinformatics fields, such as
cancer class discovery [6] and protein structure prediction [7].
Belonging to the realm of Big Data, SARS-CoV-2 RNA sequences mandates high-performance computing (HPC) for processing.
Furthermore, we need optimal efficient algorithms and approaches
to measure similarities between each pair of RNAs. In this context,
we developed a distributed approach, based on the Hadoop framework and started comparing SARS-CoV-2 RNA sequences by using
the longest common subsequence (LCS) algorithm to finally measure similarities between sequences and build relevant clusters.
Computing the LCS consists of finding the longest subsequence
common to two sequences. LCS algorithm leverages dynamic pro-
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gramming (DP) to simplify the problem by breaking it down into
simpler sub-problems in a recursive manner. In bioinformatics, DP
is commonly used for tasks like sequence alignment, protein folding, RNA structure prediction, and protein-DNA binding [8,9].
To prove the indispensability of HPC for RNA sequences processing, we run extensive experimentations on a Hadoop cluster.
We used variable Hadoop worker node sets along with a variable
workload. The latter consisted of varying the number of pairwise
comparisons between the different collected RNA sequences.
Both used data and obtained results are made open and available
online [10].
Data science (DS) is considered a novel and very promising science that combines statistics, data analysis, informatics, and related
methods to better understand and analyze actual ‘phenomena’ involving large amounts of data [11]. It is an interdisciplinary field
that focuses on extracting knowledge from large data sets and applying that knowledge and actionable insights to solve problems.
There are five principal DS steps that should be performed correctly to reach the objective of this work:
‒ Acquisition: Acquiring SARS-CoV-2 RNA sequences
‒ Preparing: It consists of exploring and pre-processing data in such
a way that only valid and adequate data are kept for appropriate
analysis.
‒ Analyze: This is the step where we are leveraging on acquired
skills in HPC, and distributed computing in general, to optimize
the processing. The analysis in this work is divided into three steps
that we are detailing later in this paper.
‒ Report: Once the analysis is done, the remaining challenging
problem would be to visually present the results in an efficient and
readable way to explain to the action makers what should be done
to improve the results in terms of biological value.
‒ Action: After presenting the blueprint for an open-source HPC
and LCS-based platform for SARS RNA clustering. This can help
researchers in medicine and virologist in clustering and identifying the rapid variance in SARS-CoV-2.

Main Text
Sequence alignment
In order to measure the similarity between genomic sequences despite their nature, we are opting for the most conventional approach
that uses sequence alignment techniques. Sequence alignment is a
daily task of most biologists in order to find the relationship or similarity between biological sequences. In bioinformatics, a sequence
alignment is considered a way of arranging the sequences of DNA,
RNA, or protein to identify regions of similarity that may be a con-
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sequence of functional, structural, or evolutionary relationships between the sequences [12]. Most of the interesting genomic problems require the alignment of lengthy sequences with numerous
variations.
There are two categories of alignment; global alignment and local alignment. Global alignment assumes that the two sequences to
align are closely related and of the same length. The alignment is
carried out from the beginning until the end of the sequence. A
general algorithm to perform global alignment is the Needleman-Wunsch algorithm [13]. Sequences which are suspected to
have similar or even dissimilar subsequences can be compared using local alignment method. This method finds local regions with a
high level of similarity. A general algorithm to perform local alignment is the Smith-Waterman algorithm [14].
Needleman-Wunsch alignment is based on evaluating the collinearity of two amino acid or nucleotide sequences; it considers a
global alignment of the sequences and works optimally when comparing highly similar sequences. The Smith-Waterman algorithm
considers local alignments of similar regions that fall within what
may be dissimilar sets of sequences. Both algorithms can be too
simplistic thus slow for large sequences. Nevertheless, the exact local and global alignments are those returned by Smith-Waterman
and Needleman-Wunsch algorithms, respectively.
Because of the slowness of conventional algorithms aforementioned, many alignment tools have been developed to address that
problem. The vast majority of algorithms used by the bioinformaticians nowadays borrow from the concepts of either or both of the
Needleman-Wunsch and Smith-Waterman algorithms with the
only advantage of accelerating the processing time. BLAST (Basic
Local Alignment Search Tool) [15] is the most popular local alignment program for similarity search and sequence alignment for
large datasets. The BLAST algorithm is a heuristic algorithm. It
generates a list of short word matches (default word size is 11 for
nucleotide) in query sequence. The database is then searched for
the occurrences of these words. The matching words are extended
to the local alignment between two sequences and these extensions
are continued until the score is below a threshold. Another local
alignment tool is the FASTA program developed by Pearson and
Lipman [16]. FASTA searches for short sequences called k-tuples
(which are similar to words in BLAST) to identify un-gapped
alignments. The alignments are tested and merged into a local
alignment in order to find the optimal local alignment based on the
threshold and score. FASTA provides tools similar to BLAST.
However, it also performs global alignments which are not provided by BLAST.
BLAST and FASTA are based on heuristic algorithms, and due
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to the huge volume of produced data, it is impossible to process all
data in only one computer accurately. It is then mandated to use an
appropriate approach along with an accurate algorithm to measure
similarities between large sequences. Thus, LCS would be the most
appropriate approach to compute similarity between a pair of sequences since it is combining both approaches, i.e., local and global
alignment. Neither, the lengths of both sequences and precision
will be a constraint to respect.

Problem statement
Regardless of the field on which clustering is used, it is known that
all clustering algorithms are either implicitly or explicitly oriented
by a variety of similarity measures that quantifies the distinctness of
each pair of elements. The majority of clustering algorithms used in
the literature require considering the sequences (variables) as a set
of parameters that are numerical values in order to compute the
similarity using distance algorithms. Thus, for genomic sequences
clustering, this is not the best option to go for since it will lead to
extending the processing time due to the large number of nucleotides or amino acids present in the sequences. Also, and even if features should be extracted, there is no clue what features should be
involved to better characterize the sequences. Then, another step
will be needed to look for the most relevant features among all extracted features which will add more time to the process.
In genomics, very similar to the alignment algorithms, the LCS
algorithm is used to measure dissimilarity between sequences.
Moreover, it has shown efficient results in compressing sequences
of DNA [17]. Computing the length of the LCS between a pair of
sequences along with using an appropriate similarity measure
would be an alternative to get rid of the step of extracting features
and get accurate results of clustered SARS-CoV-2 sequences.
The great number of sequences needed to achieve the ultimate
goal of this work, and the nature of the SARS-CoV-2 itself whose
size varies from 26K to 32K nucleotides implies another challenge
that resides in the need to store sequences and process them in a reasonable time. The sequences’ data falls within the realm of Big Data.
In fact, SARS-CoV-2 is a virus which keeps mutating all the time,
and so far, there are more than 48.000 SARS-CoV-2 RNAs stored in
NCBI Virus repository submitted from all over the world [18].
We have noted in our primary experiment, performed on an ordinary laptop, that the time to run a simple pairwise comparison
using the LCS between sequences is around 9 s. To compare all n
RNA sequences among each other, i.e., a set-comparison, we need
(n * (n-1)/2) single pairwise comparisons: with 100 RNAs, and
with 9 seconds for each comparison, the total needed time becomes
(100 × 99)/2 × 9 (s) = 12 h approximately. With 10.000 samples,
3 / 11
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we would need 14 y. This is where HPC comes into play and proves
indispensable to optimize the execution time.

HPC infrastructure
Nowadays, biological data is exploding into petabytes, necessitating
HPC to assemble a variety of genomic datasets and compare them.
HPC has been around since the dawn of computing, and it was
used to solve and analyze complex problems requiring substantial
compute power in terms of both processing and storage [19-22].
In this work, we deployed Hadoop on a cluster of five computers
to store the data consisted of all SARS-CoV-2 sequence pairs which
are then processed by computing the length of the LCS.
Hardware
The use of HPC capabilities proves crucial to address the problem
of high execution time. For our HPC infrastructure, we opted for
the most appropriate hardware resources for storing, computing,
and communicating data efficiently.
We built our infrastructure using five computers on which data
should be distributed in the form of data chunks which are small
data portions of possible sequence pairs in order to get processed in
parallel. Each data chunk is locally stored in at least one computer
that is responsible for its processing. This is done to optimize the

execution time. All the data needed for this work are retrieved from
the NCBI Virus repository on a single computer. This computer
does not perform any computations except to distribute and collect
data via the network. It is called the Master.
The Master and all other computers (the Slaves) that are responsible for processing data have 8 GB memory capacity, and the communication between the Master and all Slaves is possible by using a
switch with a connection speed that goes up to 1,000 Mbp.

Hadoop deployment
Our HPC infrastructure consists of five computers linked through
a network on which Hadoop [23] is deployed in each machine.
This gives the ability to store genomic Big Data through Hadoop’s
distributed file system (HDFS) among different nodes, and to process data using the well-known MapReduce [24] programming
paradigm that runs the “jobs” on selected chunks of Big Data, see
Fig. 1.
HDFS contains two kinds of nodes:
‒ Namenode, which is the master node whose task is to manage the
distributed file system by keeping relevant metadata and namespace entries.
‒ Datanodes (workers), which store and extract blocks upon requests

Fig. 1. The general architecture of high-performance computing service in a private datacenter using Hadoop [25].
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from the Namenode.
On the other hand, we have the MapReduce component that
takes care of the processing of the Big Data stored in the HDFS.
This involves three main entities:
‒ JobTracker: Coordinates job execution by splitting the main job
into tasks, and delegates them to the TaskTrackers while considering two essential factors: load balancing and location of the
chunks in the HDFS Datanodes.
‒ TaskTracker: The MapReduce horse-workers that run the tasks assigned by the JobTracker. ‒ HDFS: Responsible for providing the
chunks to the TaskTrackers.
To distribute algorithms/programs (e.g., using MapReduce)
among clustered CPUs, the program needs to be “distributable.”
For instance, to compute the average of a large set of numbers (e.g.,
1 trillion numbers), we can use a cluster of 10 nodes and divide (i.e.,
map) the 1 trillion set of numbers equally among the different
nodes. Then, every node will separately compute its (local) average
and report the result back in order to compute the grand average.
This way, we leveraged HPC by having 10 CPUs working in parallel
to perform a time-consuming task, alike the inherent parallel processing inside a single super-computer where CPUs are sharing
both the memory and the clock. Unfortunately, not all algorithms
are “distributable”: If we take the well-known “shortest-path” algorithm on graphs. We cannot divide (Map) the Graph into smaller
graphs and distribute them among nodes. It is unfeasible as the answer to “shortest path?” would involve treating the whole input/
graph as a single entity.
Similarly, in genomics, when comparing two DNAs/RNAs, the
latter should not be dissected into parts and then distributed among
the different clustered nodes to do the comparison. Fortunately, the
SARS-CoV-2 RNAs are far less in terms of size than human DNAs:
30 kB vs. 3 GB, respectively. This corresponds to an order of magnitude of 0.0001%. However, to run a comparison between hundreds
of RNAs, HPC proves indispensable as the comparison follows a
polynomial growth of O(n2).

Proposed approach
In this section, we are presenting the proposed approach to cluster
SARS-CoV-2 sequences and describe all steps needed to reach the
final objective of clustering SARS-CoV-2 sequences.
Genomics value chain (GVC) is the conventional pipeline to
process genomic data. It delineates the different steps from biological substances (e.g., blood, saliva, etc.) to useful information that
can be applied in curing diseases or improving the health of citizens.
GVC consist of five stages as shown in Fig. 2.
In this work, the Sampling and Sequencing steps are already carried out by NCBI, and data is openly available.
We are leveraging on acquired skills in HPC, and distributed
computing in general, to optimize the GVC analysis step (3). Then,
after successfully carrying out the Analysis step where clustering is
performed, the other main remaining challenge is step-4 (i.e., Interpretation). This consists of visualizing the results in a readable way
in order to well understand them, and this is where specialists in
immunology, biology and medicine should play a decisive role in
confirming its relevance to our target goal and propose solutions in
the Application step.
Nowadays, researchers are interested in what DS has to offer in
the field of bioinformatics, as in any other fields with access to large
data sets. In fact, DS details the GVC especially when working with
large data sets in which data is not totally valid and should get prepared for analysis. After collecting more than 6.000 SARS-CoV-2
sequences from NCBI Virus repository and we tweaked our DP algorithm for computing the lengths of LCS using the Tabulation approach.
In fact, there are two different ways to store the values of a computation so that the values of a sub-problem can be reused. Both
approaches conclude to the same result, the difference simply lies
in the way of conveying the message and that’s exactly what Bottom-Up (Tabulation) and Top-Down (Memoization) DP do. For
Bottom-Up approach, as the name itself suggests starting from the
bottom (first position) and accumulating answers to the top destination state (the whole sequence). In contrast, for Top-Down approach, we begin at the topmost destination state and work our way

Fig. 2. Genomics value chain. (1) Sampling: collecting DNA/RNAs source, (2) Sequencing: generating the order of the nucleotides (A, T, C, G)
in the DNA/RNA, (3) Analysis: compute dissimilarity between sequences using longest common subsequence algorithm, (4) Interpretation:
translating observed results into knowledge, (5) Application: proposing solutions.
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down to the bottommost base state, counting the values of states
that can reach the destination state. We used Tabulation instead of
Memoization as Tabulation shows less processing time compared
to Memoization. The outputs of the LCS algorithm serve then to
compute dissimilarity between each pair of sequences in the dataset
and which in return are used to build clusters on which each cluster
would contain similar sequences.

DS step 1: data retrieving
It is the first step of the process. We collected 6.326 SARS-CoV-2
RNA sequences from NCBI Virus repository for the matter of this
work. The first observation that we noticed concerning the dataset
is that sequences are of different sizes; ranging from 20 nucleotides
to 30K nucleotides.
DS step 2: data preparing
In fact, this step splits into two complementary steps that are necessary to perform before moving towards analysis. First, the nature of
the studied genomic data must be known the best possible as well
as its properties and characteristics. Therefore, we proceed to know
the nature of data by performing some research. This confirmed
that the SARS-CoV-2 RNA sequence length ranges from 26K to
32K bases and that the GC-content, which is a good scale to measure the correctness of structure data by itself, is around 38%
[26,27]. The second sub-step is the process that complements the
knowledge of the studied data nature. It is data cleansing in which
all erroneous and irrelevant data are removed from the data set. Indeed, all data that are far from having a GC-content around 38%
and sequences that are not ranging from 26K to 32K in length are
removed. Sequences that show incertitude during sequencing are
removed as well. Thus, out of 6.326 sequences, only 41.6% that
corresponds to 2.635 sequences may be processed.
Therefore, 2.635 sequences can be used in this work without

Pre-processed
data set

Compute length of
the LCS

worrying about working with erroneous data. During this study, we
limited ourselves to 120 RNAs from the collected SARS-CoV-2 sequences and tweaked our DP algorithm to use Tabulation running
the LCS algorithm along with the proposed distance and distance
algorithms.
The great number of removed sequences that are stored in the
NCBI database (approximately 58.4%) is due to its submission-free
policy. Thus, any entity in the world has the ability to submit whatever sequence without restrictions or checking by NCBI.

DS step 3: analysis
The analysis is the main focus of this work. The final objective is to
cluster SARS-CoV-2 sequences by computing the lengths of LCSs
and measure dissimilarity based on LCSs lengths for each pair of
sequences. The analysis flowchart we adopted in this work is illustrated in is Fig. 3.
After collecting and cleansing data, we start analyzing sequences.
The analysis begins by performing comparisons between each pair
of sequences in the dataset using the LCS algorithm. Then, measure dissimilarity to eventually cluster the sequences. Once all the
sequences get clustered, the relevance of the clusters to the properties of each sequence should be checked and used as a performance
metric for the proposed methodology.
Length of LCS computing
There are two different approaches used conventionally in bioinformatics to measure similarities over a dataset of nucleotide sequences, that are local and global alignments. Calculating a global
alignment is a type of global optimization that requires the alignment to span the complete length of the query sequences while also
requiring that the sequences be of the same length. Local alignments, on the other hand, detect similar sections within long sequences that are typically highly diverse overall. Local alignments

Measure
distance/dissimilarity

Build clusters

Check if relevant

Fig. 3. Analysis flowchart. LCS, longest common subsequence.
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are generally preferred, but they can be more difficult to calculate
due to the additional difficulty of locating similarity regions [28].
Even though, some heuristic/probabilistic methods have been designed for large-scale database search; they do not guarantee to find
best matches [15,16]. Then, computing LCS came to be a good
choice to measure similarity since it does not show any restrictions
regarding the sequence’s length when comparing a pair of sequences as a whole and is accurate as well when used next to an appropriate distance measurement formula.
The LCS problem is a classical problem in computer science.
Given two strings X and Y, the LCS problem is to find the longest
subsequence common to both X and Y. In genomics, very similar to
the alignment algorithms, the LCS algorithm is used to measure
dissimilarity between sequences. Moreover, it has shown efficient
results in compressing sequences of DNA [17], which is of major
utility when large data needs to be shared or stored in limited storage resources. Tabulation is an approach where we solve a problem
by first filling up a table, and then computing the solution to the
original problem based on the previous results in this table.
All possible pairs of characters are represented in a 2D matrix.
The sequences are written across the top and down the left side of
the matrix, except that an extra row and column are added in the
first position of the matrix to allow the process to begin. The overall
computation of LCSs lengths is performed using the MapReduce
programming paradigm where each worker is responsible for the

mapping of a subset of sequence pairs to their corresponding LCS
lengths.
Following is the algorithm that we are adapting to compute the
length of the LCS of each pair of SARS-CoV-2 sequences (Fig. 4).
L (n, m) is the length of the LCS, and it is a parameter we are using in addition to the lengths of both sequences X and Y to compute the dissimilarity between the sequences.
We did implement the algorithm using an ordinary laptop and
we obtained the results presented in Table 1.
From Table 1, we note that the time it took to run a hundred
pairwise comparisons is 14 minutes approximately. This means that
it takes around 9 s to finish one single comparison on average. To
compare n RNA sequences among each other, i.e., a set-comparison, we need (n * (n–1)/2) single pairwise comparisons:
‒ With 30 RNAs, we performed (30 * 29)/2 = 435 comparisons
Table 1. Execution time of the comparisons of different portions of
data using an ordinary laptop
No. of sequences
5
10
15
20
25
30

No. of comparisons
10
45
105
190
300
435

Execution time (min)
2
6
14
26
41
59

Algorithm LCS: Longest Common Subsequence
Input: Strings X and Y with n and m elements, respectively
Output: For i = 1,…,n, j = 1,...,m, the length L[i, j] of a longest string that is a subsequence of
both the string X[1..i] = x1 x2…xi and the string Y [1.. j] = y1 y2…yj
Start
for i =0 to n do
L[i,0] = 0
for j =0 to m do
L[0,j] = 0
for i =1 to n do
for j =1 to m do
if xi = yj then
L[i, j] = L[i-1, j-1] + 1
else
L[i, j] = max{L[i-1, j] , L[i, j-1]}
End
Fig. 4. Longest common subsequence (LCS) algorithm.
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and it took about 59 min to finish.
‒ With 2.635 samples, we would need about 1 y and this is where
HPC comes into play and proves indispensable in bioinformatics.
Afterwards, we deployed our LCS algorithm on a Hadoop cluster of four data nodes. We compared the execution time on different portions of data using different numbers of data nodes to assess the performance and prove the importance of our HPC architecture. Execution times where the number of sequences ranges
from 5 to 100 were computed experimentally. However, for number of sequences beyond 100, we estimated the execution time by
computing the average time it takes to perform a single pairwise
comparison for each number of nodes. Obtained results are depicted in Fig. 5.
As the data set size increases, the margin between the execution
1 node
2 nodes
3 nodes
4 nodes

Execution time (d)

500
400
300
200
100
0
0

500

1,000

1,500

2,000

2,500

No. of sequences

Fig. 5. Estimated execution time of longest common subsequence
algorithm using different numbers of nodes.

time using different nodes increases drastically. Thus, the more
nodes we add to the cluster, the best performance we get. Besides
showing the importance of using HPC to decrease execution time,
the core of this work mandates using the results obtained from the
deployment of the LCS algorithm to move to the next step of computing distance between all sequences. We constructed a 3D graph
that visualizes the range of the length of the LCSs obtained for all
sequence pairs, see Fig. 6.
X and Y axes correspond to all sequences constituting the dataset, and Z axis corresponds to the length of the LCS.

Distance/dissimilarity measuring
In order to measure dissimilarity between sequences, we are proposing an algorithm that is based on the LCS algorithm output
along with the lengths of both sequences (Fig. 7).
The idea is to have a positive integer as a measure that approximates the addition (l1+l2) to (2*LCS (X, Y)) whenever a pair of
sequences are similar. l1+l2 (the addition of a pair of sequences
lengths in the dataset) would always be greater or equal to two
times the length of the LCS. The coefficient f is set to be greater or
equal to 1 depending on the lengths of both sequences, f*(l1+l2)
gets high whenever the value | len(seq1)-len(seq2) | (1) is high. We
multiply (1) by 2 to make it more distant for unsimilar sequences.
This formula considers the difference of sequences lengths to have
an impact on the resulting output. However, we can get rid of the 2*
operation used to get the coefficient f but it would be harder to detect the similarities since sequences would not be distant enough to
perform appropriate clustering according to the formula.
Based on the proposed algorithm, sequences with the least distance correspond to those that are the most similar to each other.

29,950
29,900
29,850
29,800
29,750
29,700
29,650
29,600

Fig. 6. Range of the longest common subsequence (LCS) lengths. X and Y axis represent the sequences Z axis represent LCSs lengths.
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Algorithm Dist
Input: Strings X, Y with l1 and l2 elements, respectively, and the length of the longest common
subsequence
Output: The distance between two sequences within the dataset
Start
if l1 = l2 then
f=1
else
f = 2*abs(l1-l2)
dist =f*(l1+l2)-2*LCS (X, Y)
End
Fig. 7. Dist algorithm.

Algorithm UPGMA
Input: Distance matrix containing all pairwise distances
Output: Hierarchical clusters
Start
Initialization: Start with N clusters of 1 element each, where N is the number of sequences.
Iteration:
• Combine clusters Ci and Cj for which Dist(Ci, Cj) is minimal
• Connect Ci and Cj, and place it at height Dist(Ci, Cj)/2
Termination: When a single cluster remains
End
Fig. 8. UPGMA (unweighted pair group method with arithmetic mean) algorithm.

We are using the output of the distance algorithm to cluster all the
sequences of our dataset. The results of the algorithm are arranged
in a 2D matrix containing dissimilarity values between all pair of sequences constituting the dataset. The 2D matrix is afterwards used
as input to the clustering algorithm, which is presented in the next
section.

Clustering
Sequence clustering algorithms are used in bioinformatics to group
biological sequences that are somehow related. Some clustering algorithms use single-linkage clustering, constructing a transitive closure of sequences with a similarity over a particular threshold.
UCLUST [29] and CD-HIT [30] are the most used algorithms
to cluster amino acid sequences and using single-linkage clustering
approach. They employ a greedy algorithm that finds a representative sequence for each cluster and assigns a new sequence to that
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cluster if it is sufficiently close to the representative; if no match is
found, the sequence becomes the representative sequence for a new
cluster. The alignment of sequences is often used to calculate the
similarity score. For these algorithms, the threshold value is ambiguous.
A better alternative to avoid uncertainty of the threshold value is
through UPGMA (unweighted pair group method with arithmetic
mean) [31], which is a simple agglomerative hierarchical clustering
method intended for the construction of rooted trees that reflects
the structure in a matrix of pairwise similarity (or a dissimilarity)
matrix. First, each sequence is considered as a cluster. The closest
two clusters are combined into a higher-level cluster at each step
until only one cluster remains. Clustering is done simply by taking
the dissimilarity matrix as input and at each step, the pair of sequences A and B corresponding to the lowest dissimilarity value are
combined to form a new cluster. Then, distances between the new-

9 / 11

Oujja A et al. • HPC for SARS-CoV-2 RNAs clustering

ly formed cluster and all other sequences must be updated to become the mean of both distances Dist(A, X) and Dist(B, X)
For a better understanding of the UPGMA algorithm, we delineate it (Fig. 8).

Assessment
In order to assess the performance of the whole proposed methodology used to cluster SARS-CoV-2 sequences, the geolocation
property as well as the identifier of each sequence are taken into
consideration to visualize the tree resulting in the clustering step.
The results are visualized in form of a large dendrogram, that we
made available online [10].
As shown in the dendrogram, sequences coming from near geolocations are clustered together. Therefore, our proposed approach
is accurate and we believe it will work fine in other applications of
bioinformatics where no information about amino acids sequences
is known and the studied popularity structure is mutating from an
individual to another individual.
DS step 5: action
This concerns specialists in medicine and virologists in particular.
In here, we presented the blueprint for an open source HPC and
LCS-based platform for SARS RNA clustering. This can help researchers in medicine and virologists in clustering, categorizing,
and thus identifying and tracking the rapid variance in SARSCoV-2. Thus, contributing to limiting its widespread and threat.
All over the world, SARS-CoV-2 has impacted our daily lives to
unexpected levels. All efforts need to be annexed towards understanding the evolution of the virus. To achieve this, ICT through
HPC proves to be indispensable especially that the SARS-CoV-2
data falls within the realm of Big Data. The latter mandated the use
of HPC. By presenting and promoting open source and cheap solutions, scientific communities all over the world can make their contribution towards limiting, and even stopping, the virus impact.

Conclusion
In this paper, we presented the first phase we see needed to demystify SARS-CoV-2 unpredictable mutations, that consists of clustering/regrouping similar sequences, i.e., sequences presenting no important mutations that eventually form a putative SARS-CoV-2
type or sub-type. The resulting clusters can further get interpreted
in future works aside with putative biological factors to accurately
demystify the way the virus mutates and possibly predict the structure of the virus resulting when a host A affects a person B using appropriate machine learning model.
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We first presented the algorithms and tools mostly used in bioinformatics to measure similarity between genomic sequences. We
presented a DS approach aiming to extract value from our collected
SARS-CoV-2 RNA sequences. We discussed and presented how
HPC proves to be a better alternative for addressing slow execution
problems faced in bioinformatics. Besides, we listed involved steps
in transforming raw SARS-CoV-2 sequences into valuable information, i.e., the putative existing variations of the virus. We computed
the execution time it takes to perform pairwise sequences comparisons in an ordinary computer and compared it to using HPC clusters with different number of nodes.
By presenting an open source and affordable cluster based HPC
platform, we are contributing, and thus encouraging, the research
community to use and adapt it to their typical needs. Having this
said, the ultimate goal is to contribute to understanding and tracking SARS-CoV-2 unpredictable mutations and limit its widespread
and impact on humanity.
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Biomedical data storage procedures and reuse availabilities are essential for high-quality
healthcare, therapeutic protocols improvements, pharmacy vigilance, and public health
surveillance. Healthcare personnel and information have recognized the continuous need
for the improvement of electronic health records and interoperability among different
healthcare/hospital information systems [1]. Moreover, prior research has indicated that
the integration of molecular/genomic and clinical data is unquestionably necessary and
valuable to fight against the majority of diseases. In biomedical research, relative literature
accompanied by clinical and molecular data repositories as well as coordinated actions
have already been implemented worldwide to enhance international bio-data exchange
and cross-country comparison of healthcare performance [2,3]. Although national-scale
electronic registries, healthcare initiatives, and data sharing approaches have been
emerged to promote individual medicine, there is still much international effort to accomplish bio-data sharing and overcome sensitive patient data issues.
On the one hand, the coronavirus disease 2019 (COVID-19) outbreak has already influenced several human social activities and has changed the modern standard of life.
Throughout history, humankind has faced and recorded the consequences of prior epidemics by finding solutions and adopting epidemic response policies [4,5]. Most healthcare systems and medical staff are overstretched every day worldwide. Furthermore, the
selective lockdown remains the last of a series of restrictive government measures enacted
to fight the spread of the virus and maintain the daily operation of health units at manageable levels as much as possible [6,7]. On the other hand, clinical studies/trials are always
at the top of scientific biomedical efforts and research. Since scientists became aware of
the discernible risk of new severe acute respiratory syndrome coronavirus (SARS-CoV)
strains, more than 4,000 clinical studies/trials have been submitted to the Clinical Trial.
Gov database. The recent announcements regarding the SARS-CoV-2 vaccine solutions
and the various pharmaceutical interventions have brought hope to the world from a
therapeutic and an economic standpoint [8,9]. Additionally, several digital transformation paradigms have emerged through the pandemic, globally. From a health IT perspective, the healthcare crisis has triggered computer scientists and IT companies to develop
high-speed networks and software to compensate for travel restrictions and the closure of
businesses and educational structures [10,11].
In 2019, we proposed a national biomedical registry framework for the enhancement
of clinical research using free open-source software (FOSS). We focused on a data entry
framework for the genomic and molecular information of a patient [12]. In addition, in
translating multiple query results from the ClinicalTrials.gov database with mesh terms
[(‘any condition)’ AND [(‘mutation’) OR (‘SNP’) OR (‘gene’) OR (‘genetic’) OR (‘al-
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lele’)]] to a proposed eGov health policy (Fig. 1), we developed
the following generic proposals: (1) “If every country develops a
web-based national biomedical registry, the genomic/molecular
information of a patient should be a priority in its design”, and (2)
“Biomedical Informatics will play a vital role in the implementation of a national biomedical registry in every country, worldwide”.
Moreover, when we searched the ClinicalTrials.gov database, we
found more than 100 genomic-related COVID-19 clinical studies/
trials. After reviewing the modern biomedical research, our team
believes that a personal bio-molecular signature should be registered either via a custom national healthcare application or via the
generic modular parts of the structured electronic healthcare record of a hospital information system. Academic and commercial
streamline software including bio-molecular database structures
(i.e., DNA mutations, SNPs, PCR results) and further technical
details (i.e., Flat files, VCF files, binary large objects, usage of molecular biology/bioinformatics databases annotations) have been
published over a decade to integrate cross-country clinical and
molecular databases [13-17]. Recent advanced technology, combining NoSQL databases, molecular/genomic standard data structures, cloud architectures, reliable FOSS, and highs performance
computing servers, seems promising to efficiently manage large
next-generation sequencing/whole genome sequencing data and
distribute via web services individuals’ bio-information [18-20].
Therefore, it is highly possible that IT management and eGov
policies can create positive change in the pandemic. If the clinical
researchers could rapidly find eligible patients or a cohort of
healthy individuals for clinical research, based on their biomedical
information and via interconnected web frameworks, then the per-
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Fig. 1. ClinicalTrials.Gov database example query [‘any condition’
AND ‘mutation’ AND ‘completed with results’]: number of registered
mutation-based clinical studies with results.
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sonalized medicine and vaccine development research would be
enhanced. The global healthcare IT community should focus on
the implementation of a generic structured biomedical registry in
every country. Without a doubt, a centralized national biomedical
patient record could contribute to both solving long-term problems and research on rare diseases, as well as epidemiological studies. In the present infectious disease era, all countries must support
biomedical cooperation and the development of interoperable
health IT systems in parallel to other crucial data collection viewpoints. Maintaining the security of a person’s sensitive information, electronic biomedical data interchange that is used to suppress a pandemic could be supported through the development of
web-based national biomedical registries [20,21]. Regardless of
the COVID-19 outbreak, the next generation of integrated hospital information systems will play a key role in healthcare innovation globally [22-25]. A possible obstacle in this direction is the
extra burden that may fall on healthcare staff. Especially the medical staff is burdened with the task of entering and updating patient
health data. It is also a fact that medical staff needs to improve their
health informatics skills to be able to efficiently exploit healthcare
software [20,24,25]. Consequently, health information exchange,
health IT skills, modern web services solutions, and interoperability between hospital information systems and molecular diagnostics laboratories, are parameters of the same equation for common
healthcare policies.
As a registered nurse, molecular biologist, and informatician scientist, I strongly believe that healthcare personnel are destined to
play a key aspect in the proposed interconnected national biomedical registries. Furthermore, clinical and laboratory processes within a hospital should be applied to electronic health records and
other healthcare software documentations. In the generic digital
transformation that has already come from the COVID-19 pandemic, healthcare personnel could further assist in storing the individual, clinical, and genomic profile of each patient. In this way,
the objective purposes of the proposed biomedical registries, the
clinical research, and the levels of biomedical knowledge and research will be significantly promoted. Thinking to the future, I am
convinced that Biomedical & Genomics Informatics will be at the
forefront of the desired qualifications of health professionals, and
every designed step for a new Public Health Policy by any government healthcare administration will be followed by the solutions
derived from Health Informatics.
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This study explored the trends of Genomics & Informatics during the period of 2003-2018
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Oncogenesis, Disease Markers, and Microarrays. In total, 22,423 research articles were reviewed. Content analysis was the main method employed in the current research. The results were interpreted using descriptive analysis, a clustering analysis, word embedding,
and deep learning techniques. Trends are discussed for the 12 journals, both individually
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Genomics & Informatics is the official journal of the Korea Genome Organization. A prototype version of the full-text corpus of Genomics & Informatics, called GNI version 1.0, has
been recently archived in the GitHub repository [1,2]. In our previous study (PMCID:
PMC6808643) [3], we conducted a statistical analysis of the publications of Genomics &
Informatics over the 16 years since its inception, with a particular focus on issues relating to
article categories, word clouds, and the most-studied genes, drawing on recent reviews of
the use of word frequencies in Genomics & Informatics articles.
This paper is an extension of the work originally presented in Genomics & Informatics,
vol. 17(3) [3]. Rather than exploring the trends of Genomics & Informatics alone, we intended to compare Genomics & Informatics with other representative biomedical or bioinformatics journals by measuring distances among journals and to explore the current
trends in the field of biomedical research during the period of 2003‒2018.
Not all articles in PubMed Central (PMC) are available for text mining and other reuse;
however, articles in the PMC Open Access Subset are made available for download under
a license that generally allows more liberal redistribution and reuse than traditional copyrighted works [4]. We collected 22,423 available articles from the Author Manuscript
Dataset, encompassing all articles collected under a funder policy in PMC and made available in machine-readable formats for text mining, from journals including BMC Bioinformatics, Algorithms for Molecular Biology: AMB, BMC Systems Biology, Journal of Computational Biology, Briefings in Bioinformatics, BMC Genomics, Nucleic Acids Research, American
1/8

Oh JH et al. • Journal distance estimation of G&I from other journals

Journal of Human Genetics, Oncogenesis, Disease Markers, and Microarrays [5-16].
Content analysis was the main method employed to analyze the
texts. A clustering algorithm and a shallow neural network were also
used to interpret the interrelationship between keywords indicated
in these articles. The content of the articles in the selected journals
was processed according to categories derived from earlier studies.
Trends are discussed for the 12 journals, both individually and
collectively. The findings obtained in this study may be useful in the
exploration of potential research areas and the identification of neglected areas in the scope of Genomics & Informatics. The results
were interpreted using descriptive analysis (frequencies). The reporting of the results was organized into the following categories:
basic descriptive statistics, frequency analysis of selected genes,
document clustering, and journal distance measurement.

Basic Descriptive Statistics
The articles in the 12 journals were initially uploaded onto PubAnnotation, a project of the Database Center for Life Science) [17,18].
PubAnnotation provides a convenient way to add, annotate, and
edit PMC publications based on the PMCID [17,18]. We specified
the PMCIDs and uploaded the text files of the 12 journals.
Once a prototype corpus of the 12 journals has been constructed, we obtained basic descriptive statistics [19], which are statistics
that do not seek to test for significance. The most basic statistical
measure is a frequency count: a simple tallying of the number of instances of something that occurs in a corpus.
The importance of a term in each document is calculated based
on weight functions and the entire collection of the document. Every document comprises particular words; therefore, this table cre-

ates a high-dimensional and sparse feature set, which brings tremendous noise to the text clustering and makes it difficult to appropriately cluster documents.
After preprocessing, a table was constructed based on the terms
in the documents, presenting the occurrence of terms in each document and calculating their frequencies, as shown in Table 1.
According to Table 1, the number of articles published in each of
the 12 journals ranged from 52 to 7,791. The average number of
words per article of Genomics & Informatics was 3,011, which is the
smallest among this group of journals; this reflects the fact that Genomics & Informatics has published a higher proportion of application notes and opinions than other journals. Issues of validity and
reliability occur when the sample size of the study is too small given
other factors. The number of articles in Journal of Computational Biology and Microarray was relatively small, so these data were normalized when necessary for later analysis.
Based on the existing database and the topological operation
method for Genomics & Informatics obtained in our previous study
[3], seven symbolic keywords were initially screened.
The plot in Fig. 1 is based on a conditional frequency distribution of these keywords—algorithm, alignment, cancer, epigenetics, expression, genome, and patient—where the counts plotted are the
number of times the word occurred in each of these 12 journals.
The keywords algorithm and alignment frequently appeared in Algorithms for Molecular Biology, which reflects the fact that the journal
scope is bound to algorithms. The keyword patient appeared far
more often in Oncogenesis and Disease Markers, which reflects the
fact that these journals have a scope more oriented towards clinical
pathology.
The frequency of gene names is another excellent measure of
trends in the academic papers published in these journals. In our

Table 1. Number of journal articles and words of the 12 journals 2003-2018
Journal list
Genomics & Informatics
BMC Bioinformatics
Algorithms for Molecular Biology: AMB
BMC Systems Biology
Journal of Computational Biology
Briefings in Bioinformatics
BMC Genomics
Nucleic Acids Research
American Journal of Human Genetics
Oncogenesis
Disease Markers
Microarrays
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Total No. of words
740,732
38,502,052
6,112,875
6,533,519
514,040
3,358,953
67,798,532
66,442,455
1,867,666
4,600,049
6,522,158
466,981

No. of articles retrieved
246
4,017
167
596
52
367
6,835
7,791
211
579
1,483
79

No. of words per article
3,011.1
9,584.8
36,604.0
10,962.3
9,885.4
9,152.5
9,919.3
8,528.1
8,851.5
7,944.8
4,397.9
5,911.2
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Fig. 1. Conditional frequency distribution of exemplary keywords—algorithm, alignment, cancer, epigenetics, expression, genome, and
patient—where the counts plotted are the number of times the word occurred in randomly chosen articles from 12 bioinformatics-related
journals.
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BRCA1, TP53, PIK3CA, BRCA2, PTEN, GAPDH, TNF, FTO, and
APC.
Fig. 2 shows the temporal dynamics of these top 10 genes over

previous study, we compiled a list of the most-studied genes in publications listed in Genomics & Informatics from 2003 to 2018 [3].
The top 10 genes studied in Genomics & Informatics were: EGFR,
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Fig. 2. The frequency distributions of the top 10 genes in Genomics & Informatics in each of the 12 journals.
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Fig. 3. K-means clustering: comparison of seven clusters in 12 journals. Each dot represents a paper.

the years. Fig. 2 shows drastic differences in the frequency distribution of these genes in each of these 12 journals. For example, EGFR
appeared 1,103 times in 99 different publications of BMC Bioinfor-
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matics. Considering that many genes have only appeared once in
the journal, these remarkable frequency differences may reflect differences in the scope of the journals. In line with the same reason-
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ing that the frequency distribution of the keyword patient indicates
the scope of journals, as displayed in Fig. 1, the high frequency of
genes related to human diseases also indicates journals’ scope. Noticeably, PK3CA appeared mostly in the Journal of Computational
Biology. The TNF and EGFR genes frequently appeared in BMC
Systems Biology, Briefings in Bioinformatics, Disease Markers, and Oncogenesis.
Almost all the most-studied genes are highly related to cancer,
with the exception of GAPDH, a housekeeping gene. GAPDH appeared more often in BMC Genomics, Nucleic Acid Research, and
American Journal of Human Genetics. In the more computation-oriented journals, such as Journal of Computational Biology, and Algorithms for Molecular Biology, the frequency of gene names was relatively rare.

Document Clustering Based on Word
Embedding Techniques
Another important measure of the scope of Genomics & Informatics
in comparison to other journals is to classify the documents in an
appropriate category and to compare the keywords to represent
various cluster groups. Clustering is a useful technique that organizes a large quantity of unordered text documents into a small number of meaningful and coherent clusters, thereby providing a basis
for an intuitive and informative evaluation of the characteristics of a
journal. Our experiments utilized the standard K-means algorithm
[20-22].

Fig. 3 shows K-means clustering, with clusters of articles published during the period from 2003 to 2018, displaying the data in a
two-dimensional space. The well-known elbow method was used
to identify the optimal number of clusters. The number of clusters
was optimized only for Genomics & Informatics. Some drastic differences in the main topics for each journal were observed, as in Fig. 3.
For example, the main topic of one of the clusters in Algorithms for
Molecular Biology seems to be closely related to articles with a large
proportion of programming code in the manuscript. However, the
process of deciding main topics with clustering requires some human judgment and manual curation. This is one of the drawbacks
of clustering, and it is beyond the scope of this paper.

Journal Distance Estimation Based on a
Shallow Neural Network
We estimated journal distances based on a shallow neural network
[23]. To do this, we initially extracted 250,000 words from each of
the 12 journals to measure distances among journals. Accurately
representing the distance among documents has far-reaching applications. The most popular document representation methods have
often relied on word embedding techniques such as the bag-ofwords. In word2vec [24], one trains the model to find word vectors
and then runs similarity queries between words. However, the bagof-words approach can be problematic when the number of documents being represented is enormous, causing data sparseness
problems.
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Fig. 4. Journal distance estimation of the 12 journals.
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To overcome this limitation of the bag-of-words approach, the
doc2vec model [25], an extension of the word2vec method [24],
has been made available. In doc2vec, one tags the text and obtains
tag vectors. This method utilizes contextual information of each
word and document to embed document vectors with manageable
dimensionality into a continuous vector space.
Fig. 4 shows our estimation of journal distance of the 12 journals,
using doc2vec and represented by t-distributed stochastic neighbor
embedding [26]. The visual clusters can be influenced by the chosen parameterization. Fig. 4 shows that Genomics & Informatics is
more closely related to computational genomics journals such as
BMC Genomics than it is to pure bioinformatics journals such as
Journal of Computational Biology, Algorithms for Molecular Biology,
and BMC Bioinformatics.

Summary
In this paper, the percentage frequencies of statistical procedures
were compared between journals, providing original research findings based on a systematic collection and statistical analysis of research articles. The main findings of the study were the presence of
considerably different profiles in terms of the statistical content
among bioinformatics journals and the relationship of the scope of
Genomics & Informatics with other journals. Although the scope of
Genomics & Informatics covers a wide range of topics including 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, and DNA sequencing, our analysis shows that Genomics & Informatics is more closely
related to computational genomics journals than to pure bioinformatics journals. The findings obtained in this study may be useful
in the identification of the journal scope and neglected areas of Genomics & Informatics.
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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 manuscripts include the following: Title
Page, Abstract & Keywords, Introduction, Main Text, References,
Tables, and Figure Legends.
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-inChief to discuss the suitability of the subject for the journal. There
is no specific requirement for subsections of the body text of the
paper.
Opinions / Commentaries
An opinion or commentary piece is a short article that conveys

the author’s viewpoint on a research publication, including
interpretation of data, value of methods used, and strengths/
weaknesses, regarding any topic relevant to the field of research.
Opinion (or commentary) articles provide insight, interpretation,
and evaluation of specific issues, within the scope of the journal.
Opinions should explain the implications of the article and describe
the most important conclusions of the paper they are commenting
on, highlight controversial issues, mention the strengths and
weaknesses of the paper, highlight the presenter's omission of
key facts, and mention supporting arguments that would create a
stronger presentation. Opinions are relatively short articles, around
1000 words, allowing maximum freedom of authors’ viewpoints,
and are peer-reviewed. The articles are copyedited, citable,
published in both PDF and HTML formats, and submitted for
indexing in digital archives (e.g., PubMed Central). Authors are not
required to pay a fee to publish an opinion (or commentary) article.
Commentaries have no set format beyond the basic building blocks
of a regular article, i.e., title, manuscript text, subheadings as needed,
references, and author information.
Minireviews
Minireview articles are similar to review articles, except for their
word limit and references. Minireviews focus on clearly defined
topics of current interest, and recent developments in specific
fields. Therefore, they offer a fast and easy means to keep abreast
of exciting new developments and/or concepts. The word limit for
minireview articles is 1000 words (or 2 double-spaced pages), with
no more than 30 references. Minireview articles are peer-reviewed,
copyedited, citable, published in both PDF and HTML formats,
and submitted for indexing in digital archives, such as PubMed
Central. Authors are required to pay a fee to publish a minireview.
Research communications
Research communication (RC) intends to deliver significant
scientific discovery with broad interest in a short format. RCs may
contain unstructured main text that includes introduction, results
and discussion. RCs typically have no more than 2 display items
(figures and tables) and the main text (not including abstract,
references, tables and figure legends) is limited to 1,500 words.
RCs may have online supplementary section.
Manuscript Format
Title
The title page should include (1) the full names of all authors
with their Open Researchers and Contributors ID (ORCID),
and the name(s) and address(es) of the institution(s) at which the
work was carried out; (2) the telephone and fax numbers, and the

E-mail address of the corresponding author; and (3) a running
title of no more than 50 characters, including spaces. Place an
asterisk (*) after the corresponding author.
Abstract
The abstract should be unstructured and a single paragraph of fewer
than 250 words. References should not be cited in the abstract.
Six or fewer keywords should be appended to the abstract in
alphabetical order. When possible, the keywords should be those
found in the Medical Subject Headings of Index Medicus.
Main text:
All papers should be divided into the following sections and
appear in this order:
(1) Introduction: The paper begins with an introduction
without subheadings that reviews the literature and states
and justifies the purpose of the research.
(2) Methods: This section should contain sufficient detail so
that all procedures can be repeated, in conjunction with
the cited references. The manufacturer and model number
should be stated in this section—for example, as Sigma
Chemical Co. (St. Louis, MO, USA).
(3) Results: This section should describe the results of the
experiments. Extensive interpretation should be reserved for
the Discussion section. The results should be presented as
concisely as possible. Footnotes should not be used and will
be transferred to the text. Gene symbols should be italicized;
protein products are not italicized.
(4) Discussion: This section should provide an interpretation
of the results in relation to previously published work
and to the experimental system at hand. The Results and
Discussion may be combined.
(5) Acknowledgments: Information concerning the
sources of financial support should be included in the
acknowledgments.
Authors’ contribution
If the number of authors is equal to or greater than two, the
authors’ roles should be described according to their specific
role. Genomics & Informatics participates in the CRediT standard
for author contributions. The contributions of all authors must
be described using the CRediT Taxonomy of author roles.
For each of the categories below, please enter the initials of the
authors who contributed in that category. If listing more than one
author in a category, separate each set of initials with a space. If
no one contributed in a category, you may leave that box blank.
The corresponding author is responsible for completing this

information at submission, and it is expected that all authors
will have reviewed, discussed, and agreed to their individual
contributions ahead of this time.
• Conceptualization: AB
• Data curation: EFG
• Formal analysis: AB
• Funding acquisition: CD
• Methodology: AB, CD, EFG
• Writing – original draft: AB, EFG
• Writing – review & editing: AB, CD, EFG
Reference
The references should include only articles that are published or
in press. Unpublished data, submitted manuscripts, abstracts, and
personal communications should be cited within the text only.
References are to be numbered in the order of citation within the
article in brackets. References with up to six authors must list all
names; for more than six authors, the first six names should be
listed, followed by “et al.” Journal name titles should be abbreviated
in accordance with the NLM Catalog, available from: https://
www.ncbi.nlm.nih.gov/nlmcatalog/journals, or the ISO 4 standard,
available from: http://www.issn.org/services/online-services/
access-to-the-ltwa/?letter=a.
Examples of references are given below:
Journal article
- Park J, Lappe M, Teichmann SA. Mapping protein family
interactions: intramolecular and intermolecular protein
family interaction repertoires in the PDB and yeast. J Mol Biol
2001;307:929-938.
- Cho SM, Jung SH, Chung YJ. A variant in RUNX3 is associated
with the risk of ankylosing spondylitis in Koreans. Genomics
Inform 2017;15:65-68.
- Thomas PD, Campbell MJ, Kejariwal A, Mi H, Karlak B,
Daverman R, et al. PANTHER: a library of protein families and
subfamilies indexed by function. Genome Res 2003;13:21292141.
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/condmat/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 largescale 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 genomeor 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/manuscriptpreparation/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 No. 806, 193 Mallijae-ro, Jung-gu, Seoul 04501,
Korea (http://www.kogo.or.kr, Tel: +82-2-558-9394, Fax: +82-2558-9434, 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 noncommercial 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 NonCommercial 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 NonCommercial 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-

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

Example 1

Example 2

Will individual participant Yes
Yes
data be available (including
data dictionaries)?
What data in particular will All of the individual participant Individual participant data
be shared?
data collected during the trial, that underlie the results
after deidentification.
reported in this article, after
deidentification (text, tables,
figures, and appendices).
What other documents will Study protocol, statistical Study protocol, statistical
be available?
analysis plan, informed analysis plan, analytic code
consent form, clinical study
report, analytic code
When will data be available I m m e d i a t e l y f o l l o w i n g Beginning 3 months and ending
(start and end dates)?
publication. No end date.
5 years following article
publication.
With whom?
Anyone who wishes to access the Researchers who provide a
data.
methodologically sound
proposal.

Example 3
Yes

Example 4
No

Individual participant data that underlie Not available
the results reported in this article, after
deidentification (text, tables, figures, and
appendices).
Study protocol

Not available

Beginning 9 months and ending 36 months Not applicable
following article publication.

Investigators whose proposed use of the Not applicable
data has been approved by an independent
review committee (“learned intermediary”)
identified for this purpose.
For what types of analyses? Any purpose
To achieve aims in the approved For individual participant data meta-analysis. Not applicable
proposal.
By what mechanism will Data are available indefinitely at Proposals should be directed to Proposals may be submitted up to 36 months Not applicable
data be made available?
(link to be included).
xxx@yyy. To gain access, data following article publication. After 36 months,
requestors will need to sign a the data will be available in our University's
data access agreement.
data warehouse but without investigator
support other than deposited metadata.
Information regarding submitting proposals and
accessing data may be found at (link to be
provided).
Data are available for 5 years at
a third-party website (link to
be included).
ICMJE, International Committee of Medical Journal Editors.
a
These examples are meant to illustrate a range of, but not all, data sharing options.

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
Room No. 806, 193 Mallijae-ro, Jung-gu, Seoul 04501, Korea
Tel: +82-2-558-9394
Fax: +82-2-558-9434
E-mail: kogo3@kogo.or.kr

Copyright transfer agreement
The copyright to this article is transferred to Genomics & Informatics effective if and when the article is accepted for publication.
The author warrants that his/her contribution is original and that he/she has full power to make this grant. The author signs for and
accepts responsibility for releasing this material on behalf of any and all co-authors. The copyright transfer covers the exclusive right to
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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.
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,
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