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In this issue, there are two review articles, eight original articles, and one application note. 
Three of these articles are related to genetic association studies. The first review article, 
by J. Ott (Rockefeller University, New York, USA) and T. Park (Seoul National Universi-
ty, Seoul, Korea), is about frequent pattern mining (FPM) analysis. FPM has been widely 
applied to genetic problems, specifically to the combined association of two genotypes at 
different DNA variants with diseases. FPM methods have the ability to select genotype 
patterns that are distinct between cases and controls. In particular, FPM has been quite 
effective for gene-gene interaction (GGI) analysis. For example, the multifactor dimen-
sionality reduction (MDR) method is a representative FPM method for detecting GGIs. 
Since its first introduction, MDR has been popularly used for GGI analyses. One of the 
challenges in FPM is to assess the statistical significance of these selected patterns, which 
requires a heavy computational burden and suffers from the issue of multiple compari-
sons. This review discussed these issues in a reasonable way.

The second article, by M. Park’s group (Eulji University, Daejeon, Korea), proposes the 
multi-level polar Lasso (MP-Lasso) chart, which is a visualization tool to summarize the 
results of group Lasso and sparse group Lasso. In large-scale genetic association studies a 
set of important markers should be selected simultaneously. In these cases, penalized re-
gression has been widely used in genome-wide association studies (GWAS). Among pe-
nalized regression models, Lasso effectively selects some important markers for the mod-
el by shrinking unimportant markers toward zero. Group Lasso and sparse group Lasso 
have been proposed to take into account the structures of groups, such as genes and path-
ways. Group Lasso selects some important groups of markers from the model and elimi-
nates unimportant groups, thereby ensuring sparsity at the level of pre-defined groups. As 
in group Lasso, sparse group Lasso performs group selection, but also individual selection 
as well. Although these sparse methods are useful for high-dimensional genetic studies, 
interpreting the results with many groups and coefficients is not easy. Trace plots of the 
regression coefficients are commonly used to present Lasso results. However, studies that 
systematically visualize group information are rare. In this article, the authors propose an 
MP-Lasso chart that can effectively express the results of group Lasso and sparse group 
Lasso analyses. An R package for drawing MP-Lasso charts was developed. Through real 
data applications, the authors demonstrate the usefulness of the MP-Lasso charting pack-
age effectively by successfully visualizing the results of Lasso, group Lasso, and sparse 
group Lasso. The visualization of high-dimensional data is quite challenging. One of the 
advantages of MP-Lasso is that it can be applicable to any type of omics data.

The third article, by W. Lee’s group (Medical Genomics R&D, Seoul, Korea), is about 
the meta-analysis of GWAS. Meta-analysis has become a standard method after individu-
al GWAS, because it takes advantage of a large sample size by combining multiple studies. 
While many packages for meta-analyses have been developed to discover genetic variants, 
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but not many currently accessible packages consider be-
tween-study heterogeneity well. Most packages allow random-ef-
fects models for handling between-study heterogeneity. However, 
determining whether to include random effects is not straightfor-
ward. The authors propose the Beta-Meta software, which is Py-
thon-based and can easily conduct a meta-analysis by automatical-
ly selecting between a fixed-effects and a random-effects model 
based on heterogeneity. Beta-Meta has many advantages, such as 
flexible input data manipulation and a step-by-step meta-analysis 
of GWAS for each association. In particular, Beta-Meta performs 

heterogeneity testing first, with two different calculations of the ef-
fect size and the p-value based on heterogeneity, and the Benjami-
ni-Hochberg p-value adjustment. The authors elaborate on these 
points and illustrate them with real data examples. I expect that 
Beta-Meta will become a powerful tool for meta-analyses.
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Introduction 

Frequent itemset (or pattern) mining (FPM) is now a well-established field with a rich 
literature and availability of software [1]. Here we loosely define a pattern as a sequence 
of specific items of interest with a specific frequency different from that expected by 
chance. Our primary interest, though not exclusively, is the pattern of DNA variants or 
genotypes associated with genetic diseases. Data mining is a broad field of research, and a 
major challenge in this field is pattern recognition or mining [2]. This introductory sec-
tion briefly reviews some advances in human disease genetics, then sets out specifically to 
pattern recognition methods. 

It has been known that many human traits follow Mendelian mode of inheritance and 
are passed from parent to offspring in a dominant or recessive manner [3]. However, 
most complex traits, such as diabetes, are influenced by multiple DNA mutations [4] and 
environmental factors. Various models for complex traits have been proposed [5], espe-
cially for epistatic interactions without major effects of individual loci [6]. 

It has been well recognized that DNA contains the information necessary for the devel-
opment and functioning of organisms, and this information is contained in the sequence 
of its building blocks, nucleotides. For example, transcription factors (TFs) are proteins 
that can modulate the activity of these genes by binding to specific nucleotide sequences 
(binding sites) in or near genes [7]. Some of the early approaches to the detection of 
these sequence motifs were based on discrete discriminant analysis and scan statistics 
[8,9]. A state-of-the-art method is based on the machine learning algorithms [10]. DNA 
sequencing has facilitated disease diagnosis and prenatal diagnosis of chromosomal triso-
mies and has implications for precision medicine [11]. 

Recently, the field of FPM is rapidly emerging [12]. Most FPM methods can be repre-
sented as unsupervised approaches [12]. That is, the data are not tagged or labeled to be-
long to different classes, whereas the FPM approach can also be represented in a super-
vised setting [13]. The simplest case is that of two classes, for example, cases and controls. 
A straightforward implementation considers class labels just as additional items in the da-
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tabase; in a resulting association rule, R: x→ y, the right-hand side 
y would then represent the class label while x is a pattern of interest 
[13]. The confidence of R is given by the conditional probability, 
P(y|x), and its support is defined as P(x), that is, the expected pro-
portion of the x pattern in the database. Based on the well-known 
Apriori algorithm [14,15], FPM seeks to find all patterns (sets) of 
items occurring with a minimum frequency (support) in a possibly 
large dataset. For example, supermarkets keep databases of items 
purchased by consumers. A set of items, X = “bread – butter – 
milk” represents such a pattern of groceries, and the number of in-
dividuals purchasing X is referred to as the support for X. Also, giv-
en a pattern, X, it is of interest to find an item (or another pattern), 
Y, with high conditional probability of occurrence. That is, the con-
fidence, k = P(Y|X), indicates the likelihood that consumers pur-
chasing X will also purchase Y. In many FPM implementations [1], 
searches are restricted to patterns with given minimum support 
and minimum confidence. 

We previously exploited FPM methodology in genome-wide 
disease association testing [16,17], where each individual is as-
signed a genotype at each of a large number of DNA variants, and 
two classes of individuals exist; cases are those affected by a herita-
ble disease and controls are unaffected. Classically, we would test 
each variant to see whether a genotype at that variant is associated 
with disease, that is, shows higher frequency in cases than controls. 
For (digenic) traits under the influence of two variants, possibly 
located on different chromosomes, we would like to find pairs of 
genotypes, with each member of a pair being from different vari-
ants, that show high frequency in cases. In FPM terminology, we 
are looking for patterns X of genotypes with high confidence, k = 
P(Y = “case” | X). Clearly, the higher the confidence, the more pre-
dictive a pattern is for disease. If a pattern occurs only in cases and 
not in controls, then the observed confidence is equal to 100%. 

Many methods have been developed to make use of FPM ap-
proaches for detecting pairs of genotypes underlying digenic traits, 
or longer patterns of genotypes influencing polygenic traits. Here, 
we focus on practical ways of establishing whether genotype pat-
terns found by such methods are statistically reliable. 

Selected Special Aspects of FPM 

Most data contain errors and possibly missing data. Various ap-
proaches to handling the latter problem have been discussed [18], 
but in practice, it has been almost inevitable that some observa-
tions or variables must be deleted. For example, when patterns of 
genotypes are mined for their association with disease [17], pre-
processing the data may involve deleting either individuals or 

DNA variants with a proportion of missing genotypes exceeding 
some threshold, whichever is more tolerable. More sophisticated 
approaches have been proposed in the form of noise tolerant item 
sets called approximate frequent itemsets (AFIs) [19], which obviate 
the need for deleting data but are computationally more demand-
ing than frequent itemset mining (FIM) methods in error-free 
data. Newer methods for mining AFIs have been developed and 
show excellent computational properties [20]. 

Classical FIM methods are designed to find frequent patterns. 
However, patterns with properties other than being frequent may 
be more interesting. Various measures of interestingness have been 
discussed [21] and two will be mentioned here. (1) One specific 
property of patterns is their statistical significance—in general, it 
will be of interest to know whether a frequent pattern may be fre-
quent by chance or whether there is more to it than randomness. 
Thus, mining significant patterns is of importance [22]. This is of-
ten achieved with some form of permutation analysis [23-25]. (2) 
In microarray data, mining frequent gene regulation patterns is an 
important task, but resulting patterns should show high utility; a 
corresponding utility model has been proposed that considers 
both the gene-disease association and the degree of expression lev-
el [26]. A survey of high utility itemset mining has recently been 
published [27]. 

Last but not least, sets of genotypes from DNA variants can be 
used for individual identification. For example, support vector ma-
chines (SVM) and random forest (RF) methods have been ap-
plied to mitochondrial DNA for identifying relatives of individuals 
who died in accidents [28]. Specialized approaches have been de-
veloped for finding sets of DNA markers, so-called Ancestry Infor-
mative Marker (AIM) systems, that can identify ethnic origin of 
individuals [29,30]. The basic characteristic for a DNA variant to 
serve as an AIM is that it has very different allele frequencies in 
different populations. For example, a specific allele at marker 
rs1876482 on chromosome 2 has frequency of 0.83 in a sample of 
48 Japanese yet has not been observed in 34 Sardinians (Italy) and 
in 77 Yoruba individuals (West Africa) [29].  

A well-known example of individual identification is that of the 
Kennewick Man, a human skeleton discovered in the American 
state of Washington, dated to have lived 9,000 years ago [31]. 
Controversies ensued between native Americans and scientists as 
to the ethnic origin of Kennewick Man. As a native American, he 
should be properly buried but as a non-native individual he should 
be available to further scientific study. Sequencing his genome re-
vealed that he was indeed closely related to modern native Ameri-
cans [31]. 

A recent example of relationship identification refers to Sitting 
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Bull, the legendary Lakota Sioux leader [32]. Genomic analysis of 
a small piece of Sitting Bull’s hair confirmed that Ernie LaPointe of 
South Dakota USA is Sitting Bull’s great-grandson. It is also note-
worthy that this genomic analysis revealed that Ernie is pure native 
American, unadmixed with Western genes. 

Multifactor Dimensionality Reduction 

Among many FPM methods, multifactor dimensionality reduc-
tion (MDR) has been widely used for detecting epistasis [33]. For 
binary phenotypes of cases and controls, MDR finds the optimal 
interaction pattern that best predicts the disease status by dividing 
high-dimensional genotype combinations into a one-dimensional 
variable with high-risk and low-risk groups. The division is accord-
ing to whether the ratio of cases to controls exceeds a threshold. 
The k-fold cross-validation was adopted to avoid overfitting. As 
evaluation measures, balanced accuracy and cross-validation con-
sistency were used [34]. Since MDR is a kind of FPM model, it 
has several advantages compared to the conventional epistasis ap-
proach. MDR greatly reduces the dimensions of the data are effec-
tively reduced. MDR does not assume any specific genetic model. 
MDR can easily identify high-order interactions even without sig-
nificant main effects [35,36]. 

Since its introduction of MDR, many extensions of MDR have 
been proposed. For categorial traits, log-linear models MDR was 
proposed using log-linear models [37]. Robust MDR have been 
proposed to handle outlying observations [38]. Using the odds ra-
tio, OR-MDR was proposed, replacing the naïve classifier with a 
more quantitative measure [36] and optimal MDR replaced the 
fixed threshold with a data-driven threshold using an ordered 
combinatorial partitioning algorithm [39]. For dealing with co-
variates of interest, generalized MDR (GMDR) was proposed 
based on the generalized linear models (GLMs) [40]. Since it was 
based on GLMs, GMDR can handle both dichotomous and con-
tinuous phenotypes. For dealing with continuous traits, quantita-
tive MDR (QMDR) was proposed by comparing the sample 
mean of each genotype combination with the global mean [41]. 
To handle outliers and to make the distributional assumption free, 
cluster-based MDR has been proposed [42]. For survival time 
with censored data, Surv-MDR was proposed, which uses the log-
rank test statistic as a classifier [43]. Later, Cox-MDR and acceler-
ated failure time MDR were proposed for the survival phenotype 
based on Cox regression and the accelerated failure time model, 
respectively [44,45]. Recently, Kaplan-Meier MDR was also de-
veloped by using the Kaplan-Meier median survival time to define 
a classifier [46]. 

A multivariate version of MDR has been proposed to treat mul-
tiple phenotypes simultaneously. For example, obesity can be 
measured through body mass index, weight, and hip ratio. Multi-
variate generalized MDR (GEE-GMDR) can simultaneously ad-
dress these obesity-related phenotypes by constructing generalized 
estimating equation models [47]. Extended multivariate QMDR 
was proposed using principal component analysis scores and Ho-
telling's T2 statistic as classifier and evaluation measure [48]. More 
recently, multivariate cluster-based MDR (multi-CMDR) has 
been proposed [49]. Multi-CMDR applies fuzzy k-means cluster-
ing to separate high-risk from low-risk groups and uses Hotelling's 
T2 statistic for evaluation.  

More recently, multivariate rank-based MDR (MR-MDR) was 
proposed as a new non-parametric multivariate approach based on 
a rank statistic for identifying genetic interactions. As in 
multi-CMDR, MR-MDR utilizes the fuzzy k-means clustering 
analysis with a noise cluster [50]. 

Machine Learning Approaches 

Classical statistical methods like discriminant analysis can classify 
data into two or more groups based on a possibly large number of 
input variables but they do this in a predictable manner, that is, 
with the aid of a clearly defined model. Machine learning methods 
improve their performance with experience [10]; for example, 
they “learn” what DNA sequences represent binding sites for TFs 
[10]. Differentiating statistical from machine learning methods is 
somewhat arbitrary [18,51]. Typical examples of machine learning 
algorithms are artificial neural networks (ANNs) [10], SVMs, and 
random forests [52]. Okazaki and Ott [53] provided a good re-
view on machine learning approaches to digenic inherence. Here, 
some examples in genomics from each of these methods are cited. 

One of the earliest applications of ANNs in human genetics was 
to find patterns of genetic loci that would discriminate between 
two phenotypes, affected versus unaffected with a complex genetic 
trait [54]. An ANN consists of “neurons” organized into layers 
connected with each other by various links. Signals received at the 
input layer will be transmitted to a hidden layer and eventually 
reach the output layer. Based on a dataset with known outcomes, 
the ANN “learns” through repeated training how best to predict 
outcomes. The simplest ANNs are equivalent to discriminant 
analysis models, but newer ANNs consist of multiple hidden layers 
of neurons resulting in “deep” learning [10]. Analysis of the DNA 
sequence provides many opportunities for the application of 
ANNs. For example, modern ANNs are much better at recogniz-
ing transcription factor binding sites than the earlier approaches 
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mentioned above [10]. As another recent example, based on chest 
X-ray images, deep learning methods were successfully applied to 
classify individuals into one of three groups: coronavirus disease 
2019 patients, healthy controls, and individuals with pneumonia 
[55]. 

An SVM is another machine learning algorithm that is generally 
applied for separating data into two groups based on input data re-
lated to these groups. This is accomplished by the construction of 
a hyperplane that best separates the two groups [56]. For example, 
SVMs were applied for finding DNA variants and their interac-
tions that discriminate between cases and controls in Parkinson 
disease [57]. More recently, the SVM approach was considered 
the best method for diagnosing coronary diseases [58]. 

In the RF method, multiple classification trees are grown, which 
then “vote” on the best classification or prediction. An interesting 
comparison between the logistic regression and RF method was 
carried out in a retrospective study on 505 children receiving che-
motherapy and had developed febrile neutropenia [59]. The two 
methods were applied to predict, which of these children would 
develop blood stream infection, which had occurred in 106 of the 
505 children. Predictor variables included demographics and clini-
cal and laboratory measures on initial presentation. As assessed by 
the receiver operating characteristic area under the curve, the RF 
model did better (0.79) than logistic regression (0.65). While the 
latter method models the dependency between predictor variables 
and outcome in a linear fashion, RFs allow for complex non-linear 
relationships [59]. 

Another, much larger study applied RF analysis to compare 56 
risk/protective factors for depression in a sample of 67,603 Euro-
pean older adults [60]. Social isolation and poor health turned out 
to be the strongest risk factors, accounting for 22% of variability in 
depression. 

Statistical Significance and Discovery 

Consider a number N of individuals, each genotyped at a possibly 
large number of DNA variants. For each variant, a given individual 
has two alleles numbered 1 and 2 (or 0 for unknown), which are 
conveniently translated into three genotypes numbered 1 = (1, 1), 
2 = (1, 2), and 3 = (2, 2), where (i, j) refers to the set of two alleles. 
For two variants, possibly located on different chromosomes, there 
will be nine possible genotype patterns (pairs of genotypes). For 
example, the pattern (3, 2) refers to genotype 3 at variant 1 and 
genotype 2 at variant 2. 

Any method for finding genotype patterns associated with dis-
ease will furnish a list of patterns, each with observed values for 

support s and confidence k. For a given pattern, X, the number of 
individuals may be displayed in a 2 × 2 table as shown in Table 1. A 
common statistic to measure association of X and Y is Pearson’s 
chi-square, X2, and its associated nominal empirical significance 
level, p, where p is the probability that chi-square is as large as X2 or 
larger just by chance, that is, assuming no association between X 
and Y. We generally want to find results with an associated very 
small p-value such that we are confident that the result could not 
have been obtained by chance alone and is in fact due to an effect 
of X on disease. 

Here we want to shed light on questions on multiple testing in 
genotype pattern mining (GPM) for case-control association anal-
ysis of digenic traits. For statistical details, the reader is referred to 
published reviews [61,62]. 

Bonferroni Correction 

Assume now that we have obtained a number, m, of chi-square re-
sults and associated nominal (raw) p-values, pi, i = 1…, m, each 
obtained for a suitable genotype pattern (support and confidence 
larger than specified minimum values), where m can range from a 
few dozen to many millions. Because they are based on pairs of 
variants with a given variant possibly participating in multiple 
pairs, these p-values are likely correlated. 

The Bonferroni method controls the so-called family-wise error 
rate (FWER) by declaring p-values significant only if pi < α/m, 
where α is the overall rate of false positive results. This result can 
be rephrased in terms of Bonferroni-adjusted p-values, pi

B = min(m 
pi, 1) that are valid for any dependence among p-values, although 
the Bonferroni correction tends to be conservative for strongly 
correlated p-values [61]. 

Researchers often search for patterns with high confidence, and 
such patterns are highly likely to furnish large chi-squares. In other 
words, results are biased in favor of large chi-square values. The 
best remedy is to relax the selection procedure as follows. Ob-
served confidence without any disease association is given by the 
proportion of cases in the data, that is, by k0 = N2/(N1 + N2), 
where N1 and N2 are the numbers of controls and cases, respective-

Table 1. Layout of individuals for a given genotype pattern, X

No. of individuals
Phenotype, Y With X Without X Sum
Affected, “case” a b N2

Unaffected, “control” c d N1

Observed support is given by s = a + c, and confidence is k = a/(a + c).
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ly. Thus, our search criteria should impose a minimum confidence 
of k0 rather than the usual 80% or 90%, which will guarantee that 
the full range of p-values from 0 through 1 will be exhibited. In 
practice, this will often lead to very large numbers of patterns, 
which is the price we pay for applying a Bonferroni-type multi-
ple-testing correction. As will be seen in our practical examples, we 
may not need to rigorously apply a minimum confidence of k0 and 
working with the Bonferroni correction turns out to be rather rea-
sonable. 

Various approaches have been taken to improve on the basic 
Bonferroni approach. For highly interrelated tests, an early sugges-
tion by Tukey [63] is to use m´ = √m instead of m in the Bonfer-
roni correction. Depending on the specific data analyzed, it may 
be possible to identify some patterns as being unobservable, which 
can lead to a number m´ of tests considerably smaller than m, that 
is, the multiple testing burden is alleviated to some degree [64]. A 
method directly estimating the correlation between tests and thus 
deriving a number m´ of effectively independent test was devel-
oped some 20 years ago [65] but, despite its elegance, it does not 
seem to have been applied very often. 

At this point it is worth mentioning that the practice of working 
with a minimum confidence will lead to one-sided statistical tests, 
that is, we only consider patterns more common in cases than con-
trols. We may reverse the pattern search by looking for patterns 
more common in controls than cases, or apply other criteria for se-
lecting patterns. But here we focus on the common practice of re-
stricting patterns to those with high confidence.  

Permutation Testing 

As we have seen, for the Bonferroni method to provide valid re-
sults, we should consider the whole range of p-values from small to 
large, effectively comparing frequencies of small and large p-values. 
For example, without any effect of genotype patterns on disease 
(called null hypothesis), the proportion of patterns with p < 0.10 
should be the same as those with p > 0.90, namely, 10%. Another 
type of comparison may be performed by creating null data on the 
computer, that is, data known not to contain disease association, 
and comparing these with the observed data. Null data may be ob-
tained by randomly scrambling labels “case” and “control”, which 
clearly gets rid of any association between genotypes and pheno-
types, whereas the genotype data are left untouched. A large num-
ber Np of permutation datasets are created on the computer, with 
each being subjected to the same analysis as done on the observed 
data, and the largest test statistic, Ti (here, chi-square), obtained for 
each such null dataset is recorded. Then, for each chi-square ob-

tained in the observed data, the proportion of Ti values larger than 
or equal to the observed chi-square is an estimate for the p-value 
associated with that observed chi-square [66]. Permutation testing 
has been carried out in many areas of research [67]; specific im-
provements in the data mining area have recently been described 
[24]. 

The main advantage of permutation testing is that a potentially 
small number of highly selected genotype patterns (high values for 
minimum confidence) may be considered and their permuta-
tion-based p-values obtained. On the other hand, for each null per-
mutation, the whole process of searching for genotype patterns 
must be repeated and this should be done at least 1,000 times. 

False Discovery Rate 

The methods discussed so far control the so-called FWER [61] by 
determining the probability p that a result as extreme or extremer 
than the one observed could have been obtained by chance alone. 
If a p-value is smaller than a limit like 0.01, then a result is called 
statistically significant. A different approach to this situation is to fo-
cus on significant results and ask, what proportion of them is false? 
This proportion is called the false discovery rate [68], false discov-
ery rate (FDR), and results with FDR smaller than some limit like 
0.01 are called discovered. Several methods for determining the 
FDR have been described; the most reliable, and most conserva-
tive, of these is the Benjamini-Yekutieli method [69]. As with the 
Bonferroni correction, we need to consider the whole range of 
p-values, that is, a potentially very large number m of genotype 
patterns with minimum confidence of k0 = N2/(N1 + N2). The 
p-values are ranked from small (p1) to large (pm), and the largest pr 
< r × α/[m × c( m)] is determined, where r is the rank and c(m) = 
1 + 1/2 + 1/3 + … + 1/m is the harmonic series. All values of p < 
pr are considered discovered [61]. 

The idea underlying the FDR has been formulated as a partition 
test [70] and may lead to more discoveries than FDR [71], but 
this approach has not been pursued further. In our experience, the 
number of discovered patterns is often similar to the number of 
patterns deemed significant after Bonferroni correction. In fact, if 
the smallest p-value is significant then it is also discovered [68]. 

Results 

For some datasets, the total number of variants may be too large 
for pattern mining approaches. Some authors then select a subset 
of variants, often those N variants with the largest single-locus dis-
ease association [72]. However, this practice is fallacious as a 
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strong disease association of a variant has the effect that it will 
show up in many genotype patterns. In other words, a genotype 
pattern may show a strong disease association mostly because of 
main effects of one or the other of the two participating variants 
rather than an interaction effect [17]. If the aim is to uncover inter-
action effects, the recommended approach is to first remove indi-
vidually significant variants and only then proceed to genotype 
pattern analysis.  

As a case in point, we apply our GPM approach [17] to a pub-
lished dataset on wet age-related macular degeneration collected 
in Hong Kong [73] and analyze results for significance and discov-
ery. This dataset contained 96 cases and 127 controls, each geno-
typed for 81,934 variants genome-wide. Single-variant analysis 
with the trend test as implemented in plink indicated two variants 
with permutation-based p < 0.05. A total of four variants had per-
mutation-based p < 0.60 and were removed for digenic analysis so 
that virtually no variants with appreciable main effects were left. 

GPM analysis was carried out with minimum support of 40 di-
genic genotype patterns. The “null” confidence was 96/223 = 
43%, but to keep the number of patterns to a manageable level, we 
were working with a minimum confidence of 60%, which resulted 
in a total of 18,044,794 genotype patterns. Permutation analysis 
was carried out with 1,000 replicates. Table 2 shows the number of 
significant or discovered patterns as determined by methods dis-
cussed above. 

Results for the Bonferroni correction are comparable to those 
for FDR-BY and furnished more patterns than permutation analy-
sis. Thus, at least on the basis of this example, the Bonferroni cor-
rection is a reasonable way to go although, to be valid, it requires a 
rather low minimum confidence with resulting large number of 
patterns. Despite the rather large total number of genotype pat-
terns and resulting strong penalty, the Bonferroni correction ex-
hibited multiple significant genotype patterns. Permutation analy-
sis provided much smaller number of significant results. However, 
it is not generally true for most cases. Depending on the number 
of replicates, the permutation analysis may provide slightly differ-
ent results. 

Discussion 

Pairwise analyses may be carried out at the level of genotype, vari-
ant [74], or gene [75], with respective decreases in granularity and 
total numbers of pairs. Genotype pairs (patterns) offer the greatest 
precision as signals of a single genotype pair may be hidden among 
the nine genotype pairs in a pair of variants [17]. On the other 
hand, searching among very large numbers of genotype pairs re-

quires good computer resources. It is hoped that developments in 
search methodology and computer programming will improve 
FPM methods in genotype patterns mining and allow for permu-
tation analysis with suitable numbers of replicates. 

As seen in the results displayed in Table 2, a small number of 
genotype patterns are significant even in the absence of significant 
single variants with strong main effects (the significant ones were 
removed prior to analysis). This phenomenon can be expected to 
be encountered more often in the future when FPM methods be-
come more powerful and more generally available even on smaller 
computers. 
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Introduction 

Understanding the dynamics of sexual manifestations has enormous significance both in 
classical and theoretical research. Hermaphroditism is the major sexual system in the 
plant kingdom, with male and female sexual structures coexisting in the same flower. The 
XY and WZ sex determination systems commonly found in animals have hardly devel-
oped in plants, and are recognized in only a few genera of flowering plants [1]. Addition-
ally, dioecy or isolated sexes have developed in around 7% of all angiosperms [2], typical-
ly from complete-flowered or monoecious descendants [3]. Variation in the outcomes of 
sexual reproduction of plants establishes outcrosses, which are essential for promoting in-
herent disparities and improving the adaptability of plant types. It remains unclear wheth-
er all dioecious organisms have a characteristic sexual morphology. However, theoretical 
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The concepts of phylogeny and floral genetics play a crucial role in understanding the ori-
gin and diversification of flowers in angiosperms. Angiosperms evolved a great diversity of 
ways to display their flowers for reproductive success with variations in floral color, size, 
shape, scent, arrangements, and flowering time. The various innovations in floral forms and 
the aggregation of flowers into different kinds of inflorescences have driven new ecological 
adaptations, speciation, and angiosperm diversification. Evolutionary developmental biolo-
gy seeks to uncover the developmental and genetic basis underlying morphological diversi-
fication. Advances in the developmental genetics of floral display have provided a founda-
tion for insights into the genetic basis of floral and inflorescence evolution. A number of 
regulatory genes controlling floral and inflorescence development have been identified in 
model plants such as Arabidopsis thaliana and Antirrhinum majus using forward genetics, 
and conserved functions of many of these genes across diverse non-model species have 
been revealed by reverse genetics. Transcription factors are vital elements in systems that 
play crucial roles in linked gene expression in the evolution and development of flowers. 
Therefore, we review the sex-linked genes, mostly transcription factors, associated with the 
complex and dynamic event of floral development and briefly discuss the sex-linked genes 
that have been characterized through next-generation sequencing. 
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findings indicate that sex-linked genes specifically accumulated in 
the recombination-suppressed regions of one of the gonosomes. 
This accumulation of gonosome-specific genes resulted in the cor-
poreal differentiation of the masculine and feminine sex chromo-
somes [4]. More precisely, the evolution of sexual patterns was ini-
tiated with the expression of sex-linked genes within a recombina-
tion-suppressed region of a chromosome.  

The concepts of phylogeny and floral genetics play a crucial role 
in understanding the origin and diversification of flowers in angio-
sperms [5]. Out of 25,500 (Approx) genes in Arabidopsis, more 
than 20,000 genes are responsible for pollen development at some 
point in time [6]. Research on the genetics and molecular biology 
of floral development and sex differentiation has resulted in the 
discovery of various floral identity genes. The majority of these 
genes belong to a smaller set of regulators called transcription fac-
tors (TFs), which govern the complexity of the transition from the 
floral meristem to the mature flower, as well as deciphering of the 
sexes. Floral organ speciation (sepals, petals, stamens, and carpels) 
and sexual variability are combined activities of floral homeotic 
genes, according to the ABC model [7]. Our aim here is to present 
a detailed review of sex-linked genes, including TFs and others 
that have been found to be involved in sex differentiation or floral 
development. 

Sex-Linked Genes in Flowering Plants 

Phenotyping of floral mutants and their associated genetic interac-
tion studies have shown that A function genes alone specify sepals, 
while the combined activity of A and B class genes leads to petals. 
Stamen development reflects the combined contributions of the B 
and C genes, while C functioning alone leads to carpels [7,8]. A 
comprehensive re-evaluation of the ABC model then led to the in-
clusion of the E function genes (the ABCE model), which are as-
sociated with the speciation of all organ types [9,10]. Subsequent-
ly, the D class genes were added, which determine the feature of 
ovule development in female flowers. These floral-specific genes 

code for the MADS-box family of TFs and are highly diversified in 
plants [11]. Based on their characterization in A. thaliana, APETA-
LA1 (AP1) and APETALA2 (AP2) are A function genes, the B 
function is contributed by APETALA3 (AP3) and PISTILLATA 
(PI), the C function is encoded by AGAMOUS (AG), and the E 
function is carried out by multiple SEPALLATA (SEP) genes (i.e., 
SEP1 to SEP4) [12]. 

In Silene latifolia, the Y chromosome-linked SlAP3 gene encodes 
the Apetala 3 MADS box protein in male flowering buds [13]. 
SlAP3 exhibited high similarity with the Arabidopsis floral identity 
gene AP3, which is responsible for floral morphogenesis and organ 
identity [14]. Another Y-linked sequence named CCLS96 from S. 
latifolia encoding multiple copy numbers of non-coding RNAs has 
been found to be responsible for male bud expression [15]. 
X-linked genes in S. latifolia, such as MROS3X and SlMF1, demon-
strated significantly high expression in female floral buds [13,16]. 
A few XY-linked genes, such as SlssX/SlssY, SlX1/SlY1, SlX3/
SlY3, SlX4/SlY4, and DD44X/Y, have also been characterized in S. 
latifolia and are believed to have housekeeping functions [17]. A 
list of the sex-linked genes identified in different plant species is 
presented in Table 1. 

TFs and the Regulation of Flower 
Development 

TFs are a group of regulatory proteins that play critical roles in al-
tering the expression of genes associated with cellular pathways 
and biological processes, including sex differentiation, floral devel-
opment, and the floral transition [18]. A wide range of TFs are 
known as major determinants of sex speciation in angiosperms. 
The most prominent are the MADS-box family TFs, which play 
important roles in many aspects of plant growth and are crucially 
involved in floral organ speciation and reproductive development 
[19]. These proteins are characterized by the presence of a 58–60 
amino acid-long conserved MADS-box DNA binding domain at 
the N-terminus that dimerizes to specific DNA sequences called 

Table 1. Major sex-linked genes characterized in different plant species

Gene Symbol Species Function
AGAMOUS-LIKE 65, 66, 104 AGL65, 66,104 Arabidopsis thaliana Pollen maturation and tube growth
AGAMOUS AG Arabidopsis thaliana Homeotic C-class gene; carpel and stamen specification, lineage-specific 

sub functionalization of the homeotic C function; fruit development  
(e.g., tomato versus Arabidopsis)

SHATTERPROOF 1, 2 SHP1, 2 Arabidopsis thaliana Carpel, ovule, and fruit development; dehiscence; periodic lateral root  
formation

APATELA 3, PISTILATA AP3, PI Arabidopsis thaliana Floral homeotic B function, specification of petaloid organs

(Continued to the next page)
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Gene Symbol Species Function
FLORAL LOCUS C FLC Arabidopsis thaliana Potential role in floral bud dormancy; perennial life history in Arabis alpina
SQUAMOUS SQUA Antirrhinum majus Floral meristem and organ identity specification; floral transition; fruit  

development
STMADS11 Arabidopsis thaliana Control of floral transition; repression of precocious homeotic gene  

expression
AGAMOUS-LIKE 2 AGL2 Arabidopsis thaliana Floral homeotic E function
A BSISTER ABS Arabidopsis thaliana Endothelium development in seeds
SEEDSTICK STK Arabidopsis thaliana Carpel and ovule development; periodic lateral root formation
XAANTAL1 XAL1 Arabidopsis thaliana Transition to flowering
MADS AFFECTING MAF5 Arabidopsis thaliana Transition to flowering (activator)
FLOWERING 5
CAULIFLOWER CAL Arabidopsis thaliana Meristem identity specification
FRUITFULL FUL Arabidopsis thaliana Meristem identity specification; annual life cycle regulator, with SOC1; 

fruit development; cauline leaf growth
AGAMOUS-LIKE 24 AGL24 Arabidopsis thaliana Transition to flowering (activator)
SHORT VEGETATIVEPHASE SVP Arabidopsis thaliana Transition to flowering (repressor)
APETALA1 AP Arabidopsis thaliana Meristem identity specification; homeotic A-class gene
DIANA (AGAMOUS-LIKE 61) DIA Arabidopsis thaliana Central cell and endosperm development
AGAMOUS-LIKE 23 AGL23 Arabidopsis thaliana Embryo sac development
SUPPRESSOR OF OVEREXPRESSION 

OF CONSTANS 1
SOC1 Arabidopsis thaliana Transition to flowering (activator); periodic lateral root formation

AP3 MADS box gene SLAP3 Silene latifolia Male floral bud development
DUF538 MROS3X Silene latifolia Male floral bud development
PLENA PLE Antirrhinum majus Specify stamen and carpel identity
Floral binding protein gene FBP7, FBP11 Petunia hybrida Ovule identity
FARINELLI FAR Antirrhinum majus Male fertility
PrMADS1, PrMADS1, PrMADS2 PRMADS1,2,3 Pinus radiata Petal, stamen, and carpel development, and preventing the indeterminate 

growth of the flower meristem.
DEFICIENS/GLOBASA DEF/GLO Antirrhinum majus Petal and stamen identity
Gerbera MADS box gene GRCD1 Gerbera hybrida Stamen development and identity
 Zea Agamous 3 ZAG3 Zea mays Carpel development
ZmMADS1 ZMM5 Zea mays Expressed during flower development: in egg cells and embryos
CmWIP1 CmWIP1 Cucumis melo Stamen development in male flowers and suppression of carpel  

development
CmACS7 CmACS7 Cucumis melo Stamen suppression in female flower development
OGI OGI Diospyros lotus Suppression of anther development in female flowers
Domain of unknown function 247 DUF 247 Asparagus officinalis Suppressor of pistil development
RADIALIS RAD1 and RAD2 Rumex acetosa Stamen whorl development
Ras-proximate-1 or Ras-related  

protein 1
RAP1 Rumex acetosa Carpel and stamen whorl specification/ development

TASSELSEED2 ts2 Zea mays Male sex determination and stamen development
STABILIZED1 STA1 Silene latifolia Tapetum development in male flowers
Silene latifolia MADS1 SLM1 Silene latifolia Specify stamen and carpel identity
Silene latifolia MADS2 SLM 2 Silene latifolia Developing stamens of smut-infected female flowers
Silene latifolia MADS3 SLM 3 Silene latifolia Repression of gynoecium development in male flowers
AGAMOUS-LIKE 80 AGL80 Arabidopsis thaliana Central cell and endosperm development
Silene latifolia MADS4,5 SLM 4,5 Silene latifolia Floral meristem and organ identity specification; floral transition; fruit  

development
Silene latifolia sepallata 1 and 3 SlSEP1 and SlSEP3 Silene latifolia Expressed in young flower meristems, developing petals, male anthers,  

and female ovules

Table 1. Continued
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“CArG boxes” [20]. Based on protein domain structures, the 
MADS-box genes have been divided into two lineages: type I and 
type II. The type I or M-type gene forms a heterogeneous group 
with short DNA sequences (≈ 180 bp) encoding only the MADS 
domain and are classified as Mα, Mβ, and Mγ based on phylogeny. 
Although they constitute the major component of MADS-box 
genes in many plants, their functional attributes have only been 
characterized recently [21]. The type II or MIKC genes are char-
acterized by the presence of additional domains, including an in-
tervening (I) domain, a keratin-like (K) domain, and a C-terminal 
(C) domain. They are classified as canonical (MIKCC) or star 
type (MIKC*) depending on the alteration of their motif struc-
ture. Additionally, MIKCC genes are further divided into 14 clades 
based on phylogenetic relationships and distinct sequence motifs 
in their C-terminal domains [22]. An alteration in the C-terminal 
motif results in the transcriptional activation of specific DNA se-
quences through the formation of multimeric MADS-box protein 
complexes [19]. The MIKC subfamilies are often conserved and 
exhibit similar functions in the growth of different plants, as well as 
in reproductive and vegetative speciation, such as in the differenti-
ation of the floral meristem (APETALA 1 [AP1], FRUITFUL 
[FUL], and CAULIFLOWER), the development of floral organs 
(AP1, APETALA3 [AP3], PISTILLATA [PI], AGAMOUS [AG], 
and SEPALLATA 1-3 [SEP1-3]), the regulation of flowering time 
(SUPPRESSOR OF OVEREXPRESSION OF CONSTANT 1 
[SOC1], FLOWERING LOCUS C [FLC], SHORT VEGETATIVE 
PHAGE [SVP], AGAMOUS-LIKE 24 [AGL24]), fruit maturation 
(SHATTERPROOF 1-2 [SHP1-2]), embryonic development 
(TRANSPARENT TESTA 16 [TT16]), and root growth (AGA-
MOUS-LIKE 17 [AGL17]) (reviewed in Smaczniak et al. 2012; 
Theiben et al. 2016) [19,20]. The key function of MIKCC genes 
is classified into five classes: A, B, C, D, and E, each with multiple 
MADS-box TFs directly involved in the development of the floral 
quartet model [19,20]. The ABCDE model accounts for the regu-
lation of flowering plants. Several reports have shown that MIKCC 
genes are fundamental to organogenesis, such that the combina-
tion of A + E genes identifies sepals, A + B + E specifies petals, B + 
C + E yields stamens, C + E gives carpels, and C + D + E specifies 
ovules. In contrast, MIKC* genes have been implicated in floral 
transition and gametophytic development [19]. Moreover, the 
FLC subfamily of genes also plays a role in controlling flowering 
through vernalization in A. thaliana [23]. AGL12 has been impli-
cated in pigment accumulation and root development in the floral 
transition in rice and proliferation of the root meristem in Arabi-
dopsis [24]. Similarly, TM8 genes control flower development in 
tomatoes and grapevines [25]. Most of the SOC family proteins 

act as activators, whereas SVP-related genes act repressors of floral 
patterning and the floral meristem in both monocots and dicots 
[26,27]. 

In addition to the MADS-box family of proteins, TFs encoding 
zinc fingers also function as major components of the architecture 
for plant development and organ differentiation [28]. The expres-
sion of CmWIP1, a sex-linked gene encoding C2H2 zinc finger pro-
tein, has been found to cause carpel abortion and the development 
of male flowers in Cucumis melo [29]. The MYB family of TFs 
plays a significant role in plant development and sex differentia-
tion, as has been established in 

A. thaliana. AtMYB21, AtMYB24, AtMYB57, AtMYB108/
BOS1, AtMYB35/TDF1, AtMYB80, and AtMYB99 are inde-
pendently and individually responsible for anther development 
and/or function [30,31]. AtMYB33 and AtMYB65 assist in both 
anther and pollen development [32]. AtMYB115 and AtMYB118 
are associated with embryogenesis [33], while AtMYB125 con-
trols male germ cell division and differentiation [34]. AtMYB105 
and AtMYB117 control lateral organ separation and axillary meri-
stem formation [35]. Recently, an MYB-like gene (male-specific 
expression [MSE1]) linked to early anther development has been 
isolated from Asparagus officinalis [36]. Homeodomain-leucine 
zippers (HD-Zips) are a specific group of plant TFs with signifi-
cant role in plant development, floral differentiation, and embryo-
genesis [37]. MeGI, an HD-Zip gene, acts as a regulatory factor 
for anther fertility and as a major sex determinant in the dioecious 
persimmon Diospyros lotus [38]. Furthermore, many other TFs in-
cluding WRKY, F-box, SPL, GATA, YABBY, and DELLA have 
been implicated in various processes of plant development and flo-
ral differentiation [19,20]. 

Characterization of Sex-Linked Genes 
through Next-Generation Sequencing 

The complex and dynamic event of floral development depends 
on the tight regulation of gene expression and controlled environ-
mental cues [39]. In recent years, several studies have been report-
ed regarding floral development and whorl speciation in hermaph-
rodites, as well as unisexual plants of model and non-model species 
[40-45]. However, the majority of these studies are based on mu-
tant analysis. For example, a sex determination gene (TASSEL-
SEED2) in maize encodes a short-chain alcohol dehydrogenase 
required for stage-specific floral organ abortion [46], and a con-
served mutation in the active site of 1-aminocyclopropane-1-car-
boxylic acid synthase leads to andromonoecy in melons [47]. 
However, sex differentiation is a complex phenomenon in angio-
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sperms, with the involvement of several genes that are differential-
ly expressed in diverse tissues and developmental phases [48]. Un-
der these circumstances, the identification and characterization of 
a few sex-linked genes at a particular stage may not be able to pro-
vide the entire mechanism of sex determination in a given species 
[49]. In other words, it is essential to characterize myriads of genes 
from different developmental stages of dioecious species to under-
stand the complexity of plant sex determination. Large-scale gene 
expression analysis methods such as mRNA differential display, 
suppression subtractive hybridization, reverse-transcription poly-
merase chain reaction, and microarrays have been previously used 
to assess the vital stages of sex determination in a wide range of 
plants [50,51]. However, these methods had limited applications 
for understanding sex determination due to their poor sensitivity, 
the inconvenience of cross-hybridization, and the non-availability 
of the total genome sequences. The advent of next-generation 
RNA-sequencing (RNA-Seq) technology has offered a powerful, 
economical, and highly sensitive method for the discovery of novel 
transcripts and the assessment of transcriptome dynamics [52]. 
Moreover, a de novo assembly of RNA-Seq reads can be efficiently 
used for gene discovery in non-model plant species where the total 
genome information is unavailable [53]. 

Next-generation sequencing (NGS) technologies have facilitat-
ed gene discovery and the global analysis of molecular mecha-
nisms related to growth and development in numerous plant spe-
cies, including members of the Cucurbitaceae family. Transcrip-
tome profiling and comparison between gynoecious and her-
maphrodite cucumber plants resulted in the identification of 200 
differentially expressed genes (DEGs) with a significant role in 
plant sex determination process [54]. In another study, Solexa se-
quencing was performed to determine the transcript profile of api-
cal tissues from a gynoecious mutant and a monoecious wild type 
of cucumber [40]. A total of 143 upregulated and 600 downregu-
lated genes were identified in the mutant type. The study suggest-
ed that multiple genes from plant hormone signaling pathways, in-
cluding ACS, Asr1, CsIAA2, CS-AUX1, TLP, and EREBP, play crit-
ical roles in sex determination and floral development in cucum-
bers. Similarly, RNA-Seq analysis of two near-isogenic lines of 
melons (male sterile line DAH3615-MS and male fertile line 
DAH3615) resulted in the identification of 1,259 DEGs signifi-
cantly associated with male fertility [55]. The majority of these 
genes were linked to pathways related to pollen development, sta-
men development, and pollen tube elongation. 

Among other plant species, a genome-wide high-throughput 
transcriptomic sequencing for young floral buds of sterile and fer-
tile plants of Brassica napus and subsequent mapping onto the AA 

and BB genomes revealed a total of 3231 genes of B. rapa and 
3,371 genes of B. oleracea with considerable differential expression 
levels [56]. That study reported 760 DEGs specific to fertile and 
44 DEGs specific to sterile plants. After Gene Ontology (GO) an-
notation, 11 DEGs were identified as involved in pollen wall as-
sembly (GO: 0010208), of which three DEGs were beta-1,3-glu-
canase genes (Bra028343, Bra037057, Bra038969) implicated in 
male gametophyte development and pollination. Similarly, 454 
pyrosequencing and a comparative analysis during the develop-
ment of male and female flowers of the monoecious species Quer-
cus suber revealed DEGs in the early and late stages of development 
of female and male flowers, some of which were shown to be in-
volved in pollen development, ovule formation, and flower devel-
opment of other species with a monoecious, dioecious, or her-
maphroditic sexual system [57]. Interestingly, a homolog for PO-
LYGALACTURONASE-1, which is expressed 356 times more in 
female tissues, has been previously associated with pollen [58-60] 
and carpel development [61]. Another gene, QsENDO-BE-
TA-1,3-1,4 GLUCANASE, a member of the glycoside hydrolase 
family, which is 199 times more expressed in female samples, has 
been linked to male sterility due to defects in anther dehiscence 
[62]. Illumina sequencing of inflorescent meristems and the flow-
ering stages of sugar apples (Annona squamosa L.) resulted in 
71,948 unigenes, 147 of which were represented by various TF 
families involved in floral transition and development [63]. Like-
wise, different NGS platforms and diverse sequencing chemistries 
have been utilized to characterize DEGs in the male and female 
Salix suchowensis [64], DEGs linked with pistil abortion in Japa-
nese apricots [65], genes linked to sex type differentiation in Gink-
go biloba L. [66] and genes associated with the regulatory mecha-
nism of floral development in olive (Oleaeuropaea L.) [67]. Most 
recently, RNA-Seq analysis was performed to study the floral bud 
differentiation in Magnolia sinostellata [68]. The study revealed 82 
genes out of a total of 11,592 DEGs involved in flowering and 20 
genes were found to be critically involved in bud differentiation at 
different stages of flower development. Overall, these studies sug-
gest that NGS analysis and the associated bioinformatics compo-
nents have laid the foundation for the genome-wide characteriza-
tion and functional prediction of genes linked to floral develop-
ment and sex differentiation in angiosperms. 

Conclusion 

To understand the complex and dynamic event of floral develop-
ment, research in floral evolution and development is using a com-
bination of approaches to elucidate the genetic basis for the enor-
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mous diversity in floral morphology. The need of the hour is to 
understand how this variation has contributed to the radiation of 
angiosperms. Sex-linked genes, especially TFs, are key players in 
flower development, and further research needs to be done in this 
promising area to comprehend the event of floral development. 
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Introduction 

Gallibacterium anatis (earlier known as Pasteurella anatis), which belongs to the family 
Pasteurellaceae, is an emerging disease-causing organism in poultry [1]. This bacterium 
has been isolated from various animals including chickens, turkeys, geese, ducks, pheas-
ants, partridges, budgerigars, peacocks, cage birds, and wild birds [1-3]. There have been 
debates about whether this bacterium is pathogenic or nonpathogenic since it is found as 
a common part of the microbiota in upper respiratory tract and lower reproductive tract 
of healthy chickens [2,4,5]. However, increasing evidence indicates that G. anatis is asso-
ciated with a wide range of pathological changes, leading to decreased egg production 
and lowered animal welfare in commercial poultry farms [6,7]. The disease is most likely 
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The pathogen Gallibacterium anatis has caused heavy economic losses for commercial 
poultry farms around the world. However, despite its importance, the functions of its hypo-
thetical proteins (HPs) have been poorly characterized. The present study analyzed the 
functions and structures of HPs obtained from Gallibacterium anatis (NCTC11413) using 
various bioinformatics tools. Initially, all the functions of HPs were predicted using the VIC-
Mpred tool, and the physicochemical properties of the identified virulence proteins were 
then analyzed using Expasy's ProtParam server. A virulence protein (WP_013745346.1) that 
can act as a potential drug target was further analyzed for its secondary structure, fol-
lowed by homology modeling and three-dimensional (3D) structure determination using 
the Swiss-Model and Phyre2 servers. The quality assessment and validation of the 3D mod-
el were conducted using ERRAT, Verify3D, and PROCHECK programs. The functional and 
phylogenetic analysis was conducted using ProFunc, STRING, KEGG servers, and MEGA 
software. The bioinformatics analysis revealed 201 HPs related to cellular processes (n = 
119), metabolism (n = 61), virulence (n = 11), and information/storage molecules (n = 10). 
Among the virulence proteins, three were detected as drug targets and six as vaccine tar-
gets. The characterized virulence protein WP_013745346.1 is proven to be stable, a drug 
target, and an enzyme related to the citrate cycle in the present pathogen. This enzyme 
was also found to facilitate other metabolic pathways, the biosynthesis of secondary me-
tabolites, and the biosynthesis of amino acids. 
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to occur in intensively reared poultry farms (such as those raising 
broiler chickens) and incurs a high rate of mortality unless treated 
[1]. Therefore, determining the virulence factors of G. anatis 
would play an important role in proposing better control and pre-
vention methods.  

In recent years, numerous genomes have been sequenced with 
the help of next-generation sequencing technology and are avail-
able in public databases, such as that operated by the National 
Center for Biotechnology Information (NCBI) [8]. As a result, 
genomes with hypothetical proteins (HPs) have been deposited in 
sequence databases instead of experimentally confirmed facts due 
to their functional importance. Moreover, in some circumstances, 
because of limitations in illustrations (experimental validation 
techniques), expenditures, and the time required for the corre-
sponding methodologies, whole-genome annotations have not 
been archived. Furthermore, the large amount of HPs in a genome 
naturally creates difficulties in data analysis [8]. This encourages in 
silico analysis, which utilizes and produces experimental informa-
tion on HPs [9]. Establishing a structural and functional annota-
tion for HPs may also play a significant role in elucidating protein 
pathways and cascades, helping to complete the currently approxi-
mate records on a variety of proteins [8,10]. Bioinformatics meth-
ods using discriminative algorithms and databases are the best ap-
proach to influence laboratory-based experimental procedures. 
Since these algorithms produce precise experimental results, they 
can be used to complete the functional and structural annotation 
of HPs [8]. 

The present study employed an in silico approach and predicted 
the functions of all HPs in the G. anatis reference genome 
(NCTC11413). Following identification, the physicochemical 
properties of the virulence-associated HPs were examined. Among 
them, a virulence protein within the pH range of 6–7 was identi-
fied as a drug target and analyzed for secondary structures, leading 
to the production of its first three-dimensional (3D) model by the 
ab initio method, and finally enabling the completion of its func-
tional annotation. We believe that the present study provides a 
convenient methodology to analyze HPs and their functions in 
prokaryotic genomes. 

Methods 

Sequence retrieval and selection of HPs 
The reference genome NCTC11413 was retrieved from the NCBI 
database. We observed that the genome consisted of 2,404 coding 
sequences. Upon analysis (https://www.ncbi.nlm.nih.gov/assem-
bly/GCF_900450735.1/), 201 HPs were identified. All 201 HPs 

were separated from the genome using Geneious Prime version 
2020.0.5. 

In silico prediction of virulence factors, cellular processes, 
information/storage, and metabolism molecules 
Identifying the functions of HPs plays a vital role in understand-
ing a bacterium’s metabolic pathways and pathogenesis. The VIC-
Mpred tool (http://crdd.osdd.net/raghava/vicmpred/index.
html) was employed for the identification of possible virulence 
factors, cellular processes, information/storage, and metabolism 
molecules among HPs from the reference strain NCTC11413. 
The VICMpred server is a support vector machine (SVM)–based 
method with the amino acid and dipeptide composition patterns 
of bacterial protein sequences [11]. The server provides an over-
all detection accuracy of 70.75%. At the end of the selection pro-
cess, all virulence-associated HPs were selected for further char-
acterization. 

Physicochemical properties of virulence proteins 
The physicochemical parameters of all virulence proteins were 
studied using Expasy's ProtParam server (https:// web.expasy.org/
protparam/), which was then used for computed theoretical mea-
surements such as molecular weight, extinction coefficient, insta-
bility index, aliphatic index, and grand average of hydropathicity 
(GRAVY). The extinction coefficient measures the amount of 
light that a protein can absorb at a certain wavelength. The insta-
bility index provides an estimation of the stability of a protein in a 
test tube, with a value of 40 indicating instability. The aliphatic in-
dex of a protein is described as the relative volume occupied by ali-
phatic side-chain amino acids. The GRAVY value for a peptide 
and/or protein is calculated as the sum of the hydropathy values of 
all of the amino acids, divided by the number of residues in the 
query sequence [12].  

Subcellular localization and protein classification 
It is a well-known fact that proteins present in the cytoplasm can 
serve as possible drug targets, while membrane proteins found on 
the surface are considered as vaccine targets. Thus, the subcellular 
localization of virulence proteins was predicted using the PSLpred 
online web server [it is a hybrid approach-based method that inte-
grates PSI-BLAST and three SVM modules based on composi-
tions of residues, dipeptides, and physicochemical properties] 
(http://crdd.osdd.net/ raghava/pslpred/) and PSORT (a comput-
er program for the prediction of protein localization sites in cells) 
(https://www.psort.org/). Moreover, the SignalP server (http://
www.cbs.dtu.dk/services/SignalP/) was used to determine the 
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presence of transmembrane helices and signal peptides [13-15]. 
This information is important for determining whether a protein 
is a membrane protein, secretory protein, or cytoplasmic protein. 
Following this, a virulence protein within the pH range of 6–7 was 
subjected to further characterization. 

Functional domains, interaction network, and phylogenetic 
relationships of the protein 
A virulence protein (WP_013745346.1) was examined to identify 
its precise functional domains using Pfam [16], HmmScan [17], 
Scanprosite [18], InterProScan [19], and SMART [20]. Addition-
ally, the ProFunc server and STRING database were employed to 
understand possible functional interactions associated with the 
virulence protein [21,22]. Upon analysis, a phylogenetic tree was 
constructed using 14 other reference protein sequences in mega 
software version 7 [23] and the potential metabolic pathways were 
assessed using the Kyoto Encyclopedia of Genes and Genomes 
[24]. 

Secondary structure analysis 
The SOPMA server (https://npsa-prabi.ibcp.fr/NPSA/npsa_sop-
ma.html) was used to predict the secondary structure (helix, 
sheets, and coils) of the virulence protein WP_013745346.1 [25]. 
In addition, the PSIPRED server (http://bioinf.cs.ucl.ac.uk/ 
psipred/) was utilized to confirm the results achieved from SOP-
MA [26]. 

Homology modeling of the HP 
The possible 3D structure of the virulence protein (WP_01374 
5346.1) was created by an alignment approach on the SWISS- 
MODEL protein structure homology modeling server (https://
swissmodel.expasy.org/) and the Phyre2 server [12,25]. 

Quality assessment of the 3D model and visualization 
The early structural model of the achieved protein was checked for 
mistakes in the 3D structure using the ERRAT and Verify3D pro-
grams (https://servicesn.mbi.ucla.edu/) for structural examina-
tion and confirmation of protein modeling [26,27]. Finally, the 
PROCHECK structural evaluation server was used to assess the 
quality of the 3D structure [28]. The visualization of creating the 
model was accomplished by Geneious Prime version 2020.0.5. 

Submission of the model to a protein model database 
The protein model was created and successfully submitted to the 
Protein Model Database for the virulence protein (WP_01374 
5346.1).  

Results and Discussion  

In silico prediction of virulence factors, cellular processes, 
information/storage, and metabolism molecules 
Initially, by using the reference genome NCTC11413 we identi-
fied 201 uncharacterized HPs for G. anatis. These 201 HPs were 
analyzed using the VICMpred tool to understand their functional 
attributes. In return, the HPs were divided into four groups: 119 
for cellular processes, 61 for metabolism molecules, 11 for viru-
lence, and 10 for information/storage. The 11 virulence proteins 
identified in the present study were subjected to further character-
ization (Supplementary Tables 1 and 2). 

Physicochemical properties, subcellular localization, and 
protein classification of the virulence proteins 
The novel virulence proteins identified had 333–3,033 nucleotides 
and 111–1,011 amino acids (Table 1). Among the virulence pro-
teins, the highest extinction coefficient (1.4 × 105) was observed in 
the HP WP_043885272.1. The instability index indicated that 
WP_013745190.1, WP_013746187.1, and WP_013746977.1 
were unstable proteins, whereas the others were stable proteins 
(Table 2). Following this, the prediction of subcellular localization 
using PSORT indicated that 10 virulence proteins were cytoplas-
mic membrane proteins, whereas PSLpred showed three cytoplas-
mic proteins, two extracellular proteins, and six outer or inner 
membrane proteins. It is well known that proteins in the cyto-
plasm are possible drug targets, while membrane proteins are con-
sidered to be vaccine targets [29]. Cytoplasmic proteins play a 
crucial role in metabolic pathways that are critical to the survival of 
the pathogen inside the host organism [30]. Therefore, the three 
proteins detected in the cytoplasm (from both PSLpred and PSO-
RT servers) can be used as drug targets, whereas the six membrane 
proteins could be used as vaccine targets against the present patho-
gen (Table 3). Moreover, the virulence-associated HP named 
WP_013746977.1 was identified as a signal peptide, whereas 
WP_013745329.1 was identified as a lipoprotein signal peptide. 
The protein structure of WP_013745346.1 (protein in the pH 
range of 6–7 and a possible drug target). 

Functional annotation of the virulence protein 
WP_013745346.1 
All five employed tools indicated that the virulence protein 
WP_013745346.1 is an enzyme (known as methylcitrate syn-
thase) primarily associated with the citrate cycle (Supplementary 
Table 3). ProFunc analysis indicated it is related to both biological 
processes (cellular process [74.47], cellular metabolic process 
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Table 1. Novel virulence proteins identified in the Gallibacterium anatis NCTC11413 genome by the VCMPred online server

Protein name Sequence length (bp) Protein length (AA) VICM prediction Value
WP_013745190.1 333 111 Virulence factor 0.77
WP_013745886.1 492 164 Virulence factor 0.78
WP_013745329.1 519 173 Virulence factor 0.83
WP_013746187.1 555 185 Virulence factor 2.92
WP_013745598.1 711 237 Virulence factor 1.05
WP_013747269.1 753 251 Virulence factor 0.45
WP_013745861.1 831 277 Virulence factor 0.73
WP_013745346.1 1,110 370 Virulence factor 1.22
WP_013746977.1 1,116 372 Virulence factor 1.03
WP_013746705.1 1,260 420 Virulence factor 2.53
WP_043885272.1 3,033 1,011 Virulence factor 1.15

Table 2. Physicochemical properties of 11 virulence proteins of Gallibacterium anatis with the ProtParam online server

Molecular 
weight (Da)

Extinction 
coefficient

Instability 
index

Aliphatic 
index

Grand average of 
hydropathicity Theoretical pH Stability

WP_013745190.1 Virulence 13,148.94 25,900 56.76 100.09 –0.385 4.99 Unstable
WP_013745886.1 Virulence 17,489 18,450 26.69 81.23 –0.45 4.61 Stable
WP_013745329.1 Virulence 17,394.37 17,200 13.08 70.29 –0.473 4.93 Stable
WP_013746187.1 Virulence 20,970.83 13,410 84.02 91.68 –0.624 6.92 Unstable
WP_013745598.1 Virulence 27,340.22 27,975 30.81 86.82 –0.383 8.2 Stable
WP_013747269.1 Virulence 27,300 21,430 31.27 90.6 –0.244 9.54 Stable
WP_013745861.1 Virulence 31,472 37,360 30.65 83.01 –0.386 5.37 Stable
WP_013745346.1a Virulence 41,052 36,120a 31.37 95.04 –0.118 6.57 Stable
WP_013746977.1 Virulence 41,061 24,200 41.25 61.73 –0.814 4.88 Unstable
WP_013746705.1 Virulence 45,399 39,310 16.98 89.19 –0.284 5.55 Stable
WP_043885272.1 Virulence 108,467 149,910 21.7 66.4 –0.698 4.55 Stable

aNewly characterized proteins in the present study are indicated.

[74.47], metabolic process [74.47], cofactor metabolic process 
[56.61]) and biochemical processes (catalytic activity [74.47], 
transferase activity [73.74], transferase activity/transferring acyl 
groups [47.82], transferase activity/transferring acyl groups/acyl 
groups converted into alkyl on transfer [41.91]). The STRING 
protein network analysis suggested that the virulence protein 
WP_013745346.1 is associated with other functional proteins 
such as acsA and prpB (Fig. 1). The phylogenetic analysis with 
other reference sequences revealed that WP_013745346.1 is simi-
lar to other bacterial methylcitrate synthases (Supplementary Fig. 
1). Moreover, this virulence protein was related to the biosynthesis 
of secondary metabolites, microbial metabolism in diverse envi-
ronments, carbon metabolism, the biosynthesis of amino acids, 
and glyoxylate and dicarboxylate metabolism (Supplementary Fig. 
2). This enzyme is a key determinant of propanoate degradation in 
micro-organisms [31]. Previous studies also suggested that the 

presence of methylcitrate synthase, malate synthase, and methylci-
trate dehydrate is essential to the intercellular growth, metabolism, 
and virulence of bacteria, such as Mycobacterium tuberculosis [32]. 
Moreover, methylcitrate synthase in fungi, such as Aspergillus fumi-
gatus, has the potential to detoxify propionyl-CoA, which is a by-
product of protein utilization; therefore, it can be used as a novel 
drug target [33].  

Secondary structure of the virulence protein 
WP_013745346.1  
The secondary structure of the protein WP_013745346.1 was 
predicted using the SOPMA server. Alpha helices were found to 
be the most predominant (53.93%), followed by random coils 
(32.25%) and extended strands (8.40%). Beta-turns accounted for 
5.42% of the structure of this protein. The predicted secondary 
structure for the virulence protein WP_013745346.1 from the 
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Table 3. Subcellular localization and classification of 11 virulence proteins of Gallibacterium anatis with PSORT, PSLpred, and SignalP-5.0 online 
servers. (unknown: the PSORT server predicted the same values for all the functional categories)

Protein
Protein 
length 
(AA)

PSORT PSL Pred (Property-based) SignalP-5.0

Localization Value Internal 
helices Value Subcellular 

localization
Signal 
peptide

TAT signal 
peptide

Lipoprotein 
signal peptide Other

WP_013745190.1 111 Cytoplasmic 
membrane

9.5 8 –0.11 Cytoplasmic  
proteina

0.0032 0.001 0.0007 0.9951

WP_013745886.1 164 Cytoplasmic 
membrane

9.5 16 0.43 Extracellular 
protein

0.0135 0.0007 0.0036 0.9822

WP_013745329.1 173 Cytoplasmic 
membrane

9.5 18 –0.54 Inner membrane 
proteinb

0.0012 0.0001 0.9985 0.0002

WP_013746187.1 185 Unknown Inconclusive Inconclusive –0.47 Outer membrane 
proteinb

0.0267 0.0034 0.0083 0.9616

WP_013745598.1 237 Cytoplasmic 
membrane

9.5 18 –0.07 Cytoplasmic  
proteina

0.0074 0.0001 0.991 0.0015

WP_013747269.1 251 Cytoplasmic 
membrane

9.5 15 0.54 Outer membrane 
proteinb

0.0182 0.0053 0.0034 0.9731

WP_013745861.1 277 Cytoplasmic 
membrane

9.5 8 1.10 Outer membrane 
proteinb

0.0095 0.0049 0.0021 0.9835

WP_013745346.1 370 Cytoplasmic 
membrane

9.46 4 1.43 Cytoplasmic  
proteina

0.0749 0.0013 0.33 0.5938

WP_013746977.1 372 Cytoplasmic 
membrane

9.46 27 –0.48 Extracellular 
protein

0.9814 0.0001 0.018 0.0004

WP_013746705.1 420 Cytoplasmic 
membrane

9.5 15 1.07 Outer membrane 
proteinb

0.0077 0.0012 0.001 0.9901

WP_043885272.1 1011 Cytoplasmic 
membrane

9.46 55 –0.18 Outer membrane 
proteinb

0.1173 0.065 0.0057 0.8119

aPossible drug targets are indicated.
bVaccine targets are indicated.

Fig. 1. A STRING database search was carried out to identify a 
possible functional interaction network of the virulence protein 
WP_013745346.1 (AEC16559.1). The identified functional protein 
partners with the corresponding scores were as follows: AEC16558.1 
(0.997), AEC18484.1 (0.966), acsA (0.962), AEC16561.1 (0.952), 
prpB (0.948), AEC17475.1 (0.920), AEC17206.1 (0.908), AEC17928.1 
(0.907), AEC17490.1(0.877), and AEC17673.1 (0.841).

PSIPRED server was also similar (Fig. 2). 

Homology modeling of the virulence protein 
WP_013745346.1 
G. anatis infections have been reported in recent years at intensive-
ly reared poultry farms. However, its virulence-related factors have 
not been fully elucidated so far. Previous studies have demonstrat-
ed that the identification of virulence proteins from HPs plays a 
significant role in understanding its pathogenesis [28,29]. In silico 
analysis can help determine the biological functions of virulence 
proteins [8]. These predictions can be further strengthened by de-
termining the 3D structures of virulence proteins using homology 
modeling. Homology modeling identifies the 3D structure of a se-
lected protein sequence through alignment to one or more pro-
teins of other known structures [34]. To perform homology mod-
eling, the query sequence of virulence protein WP_013745346.1 
was submitted to the SWISS-MODEL server. The server per-
formed a BLASTP search for the respective protein sequence to 
identify templates associated with homology modeling. The high-
est identity of 36% observed for this virulence protein indicated 
that WP_013745346.1 is novel and no similar template structure 
is currently present in other databases. Following this, we deter-

5 / 9https://doi.org/10.5808/gi.22006

Genomics & Informatics 2022;20(4):e41

https://doi.org/10.5808/gi.22006


Fig. 2. The secondary structure of the virulence protein WP_013745346.1 was predicted using the PSIPRED server.
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Fig. 3. Three-dimensional structural analysis and visualization of the 
virulence protein WP_013745346.1 with Geneious Prime version 
2020.0.5.

Table 4. Ramachandran plot statistics of the virulence protein 
WP_013745346.1 predicted by the PROCHECK server

Ramachandran plot statistics No. (%)
Residues in the most favored regions [A, B, L] 295 (90.2)
Residues in the additional allowed regions [a, b, l, p] 15 (4.6)
Residues in the generously allowed regions [a, b, l, p] 8 (2.4)
Residues in the disallowed regions 9 (2.8)
No. of non-glycine and non-proline residues 327
No. of end-residues (excl. Gly and Pro) 2
No. of glycine residues (shown in triangles) 24
No. of proline residues 16
Total no. of residues 369

Fig. 4. Ramachandran plot of the modeled structure for the virulence protein WP_013745346.1 validated by the PROCHECK program.

mined the 3D structure of the virulence protein WP_013745 
346.1 by the ab initio method through the Phyre2 server, which 
gave 99.8% confidence in the model (Fig. 3). A comparative analy-
sis of C. burnetii and M. tuberculosis methylcitrate synthases to 
WP_013745346.1, showed a common structural domain (citrate 
synthase, C-terminal domain), cellular location (cytoplasm), and 
molecular functions (Supplementary Fig. 3). 
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Quality assessment and visualization 
The reliability of the created protein model was assessed using the 
ERRAT server, which analyzes the statistics of non-bonding inter-
actions between diverse atom types, based on characteristic atomic 
interactions. The overall quality factor was found as 96.096%, 
which was sufficient to use this model. As shown by the Verify3D 
program, the results indicated 86.60% of residues had an average 
3D (atomic model) – 1D (amino acid) score ≥0.2, meaning that 
this structure was compatible and genuinely good. Next, validation 
through a Ramachandran plot analysis showed that the distribution 
of φ and ψ angles in the model were within the limits (Table 4), and 
90.2% of the residues are in the most favored region of the plot, in-
dicating that the model was valid (Fig. 4). 

Data availability 
The model created for the virulence protein WP_013745346.1 is 
currently available in the protein model database under reference 
number-PM0083267. 

Summary 
The present study aimed to characterize the HP functions of the 
emerging poultry pathogen G. anatis, as well as to create the first 
3D structure and propose possible functions of the virulence pro-
tein WP_013745346.1. We observed that this novel protein is a 
stable cytoplasmic protein and functions as an enzyme in the ci-
trate cycle. This protein was observed to be central to several other 
metabolic pathways. Therefore, the novel virulence protein stud-
ied here may have a significant impact on the pathogenesis of G. 
anatis.  
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Introduction 

Breast cancer (BC) is becoming a significant threat to female health in Iraq, where it is the 
second leading cause of death after cardiovascular diseases among Iraqi women. In 2018, 
there were 6,094 new cases of BC, accounting for 34.06% of all female cancers; the high-
est incidence of BC was seen in middle-aged women (45–49 years old), while the peak 
age-specific incidence was documented in women 50–54 years old according to the Iraqi 
Cancer Registry of the Ministry of Health [1]. 

Polymorphisms related to the gene encoding E-selectin (SELE) are interesting for two 
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Breast cancer (BC) is a significant threat to female health, with both modifiable and 
non-modifiable risk factors. It is essential to monitor patients regularly and to raise popu-
lation awareness. Increasing research also suggests that E-selectin (SELE) may increase tu-
mor angiogenesis and the development of cancer. This study investigated SELE single-nu-
cleotide polymorphisms (SNPs) in the following positions: rs5367T/C, rs5368C/T, rs5362T/G, 
and rs5362T/C. Using polymerase chain reaction, significant differences in allele and geno-
type frequencies were found between BC patients and controls. Position rs5368 was asso-
ciated with an increased risk of BC for the CT and TT genotypes, with odds ratios (ORs) of 
16.3 and 6.90 (Fisher probability = 0.0001, p = 0.005). Women with the T allele had a 19.3-
fold higher incidence of BC, while allele C may be a protective allele against BC (OR, 0.05). 
Heterozygous genotypes at rs5367, rs5362, and rs5362 were significantly more common in 
BC patients, with ORs of 5.70, 4.50, and 3.80, respectively. These SNPs may be associated 
with the risk of BC, because the frequency of mutant alleles was significantly higher in pa-
tients (OR: 4.26, 3.83, and 4.30, respectively) than in controls (OR: 0.23, 0.30, and 0.20, re-
spectively). These SNPs may be considered a common genotype in the Iraqi population, 
with the wild-type allele having a protective fraction and the mutant allele having an en-
vironmental fraction. The results also revealed a 2-fold increase in gene expression in BC 
patients compared to controls, with a significant effect (p = 0.017). This study's findings 
confirm the importance of SELE polymorphisms in cancer risk prediction. 

Keywords: breast neoplasms, E-selectin, expression, polymorphism  
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reasons: firstly, they are overrepresented in some individuals with 
a disease related to increased leukocyte adhesion in the endotheli-
um, and secondly, these are functional polymorphisms that change 
ligand attraction [2]. Polymorphisms alter the specificity of SELE 
binding, resulting in increased function under influx conditions 
and possibly increasing the number of white blood cells rolling 
and adhering to the endothelium [3]. Some case-control studies 
have found that inherited genetic factors play a substantial role in 
cancer risk [4]. Several single-nucleotide polymorphisms (SNPs) 
have been discovered inside the SELE gene; for instance, women 
carrying the SELE S128R polymorphism, which results in an ami-
no acid change (from serine to arginine), had a significantly in-
creased risk of BC in an Asian population. The effects of the 
S128R polymorphism on BC susceptibility may be population-de-
pendent [5]. This suggests that it is a functional polymorphism. 
Furthermore, previous research has shown that SELE polymor-
phisms play a role in susceptibility to carcinoma development to 
some extent [6]. 

Endothelial cells express SELE, a key adhesion molecule known 
for its involvement in facilitating cell-cell contacts between cancer 
cells and endothelial monolayers during metastasis [7]. The ad-
herence of circulating malignancies to the vascular endothelium is 
crucial during the early stages of metastasis; SELE plays a critical 
role in adhesion with extravasation of leukocytes conveying li-
gands (s-Lex) or (s-Lea) in damaged areas of tissues. Existing in-
formation has led to an increased interest in research exploring 
new diagnostic factors. Therefore, this study aimed to investigate 
the possible links between genetic variants in the SELE gene and 
BC risk in the Iraqi population. 

Methods 

The study was approved by the Medical City-Iraq directorate's ethi-
cal committee, and 100 women who visited the oncology teaching 
hospital's breast clinic were recruited. Group 1 consisted of 60 
women recently diagnosed with BC who provided informed writ-
ten consent. The diagnosis of BC in the patients was based on his-

topathological results obtained from hospital files and tissue block 
processing. Group 2 consisted of 40 healthy women who served as 
controls. Patients with other systemic diseases and those taking 
hormone-modifying medications were excluded from the study. 
Information was collected on age (years), family history, body mass 
index (kg/m2), menopausal status, smoking tobacco, breastfeeding, 
menstrual cycle regularity, and other factors relevant for BC. 

DNA/RNA extraction 
Each patient and healthy control had 8–10 mL of blood drawn. 
First, blood samples were obtained from the cubital vein and then 
divided into two aliquots: one for the gene expression, for which 
TRIzol was used to preserve the blood samples [8], and the other 
aliquot was directly into an EDTA-containing tube for genotyping 
the selected SNPs. DNA/RNA extraction was then performed us-
ing a Norgen Biotek kit (Thorwold, ON, Canada) according to the 
manufacturer's guidelines. The quantity and quality of extracted 
DNA/RNA were investigated based on the ratio of optical density 
at the 260 and 280 nm wavelengths using (Qubit 4, Invitrogen, 
Waltham, MA, USA). 

Polymorphism analysis 
A total reaction volume of 25 μL, containing 3 μL of DNA sample, 
7.5 μL of nuclease-free H2O, 12.5 μL of polymerase chain reaction 
(PCR) master mix containing MgCl2, a dNTP mix (Promega, 
Madison, WI, USA) and 2 μL of primer. Two primers were used in 
this study (Table 1), and as a result, two PCR tests performed on 
each DNA sample were used for genotyping the SNPs. The PCR 
reaction was performed using a thermocycler (Applied Biosyste-
ms, Waltham, MA, USA) s as follows: the sample was initially de-
naturation at 95°C for 5 min, 45 cycles of denaturation at 94°C for 
30 s, annealing at 57°C for 30 s; shadowed extension at 72°C for 
40 s, final extension at 72°C for 10 min, and holding at 8°C. Ampli-
fication was screened using a Sanger sequencing panel (Macrogen, 
Seoul, Korea) to detect variation.  

Table 1. Primers for the SELE gene used and designed in this study

Name of primers Sequence of primers Product size (bp) Design by
Primer 1
 SELE forward GCGCTACTTAGTTTTCAGCATGT 400 Second author
 SELE reverse ACTTGGTTACCTTGGGAAACG
Primer 2
 SELE forward AGTAATAGTCCTCCTCATCATG 195 First author
 SELE reverse ACCATCTCAAGTGAAGAAAGAG
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Analysis of SELE gene expression  
Reverse transcription PCR assay 
Total RNA was transcribed using a High-Capacity cDNA Reverse 
Transcription Kit (Thermo Fisher, Waltham, MA, USA) with an 
RNase inhibitor, according to the manufacturer's instructions. 
PCR reactions were carried out in a 20 μL volume, containing 10 
μL of 2× Go-Taq Green master mix (Promega), 3 μL of cDNA, 5 
μL of nuclease-free water, 1 μL of forward primer, and 1 μL of the 
reverse primer (Table 2). The reaction was carried out using a 
thermocycler (Bioneer, Daejeon, Korea). The quantitative PCR 
conditions were as follows: initial denaturation at 95°C for 5 min, 
followed by 30 cycles of denaturation at 95°C for 30 s and anneal-
ing/extension at 55°C for 60 s, followed by a melting curve at 
1°C-intervals from 55°C to 95°C. 

Statistical analysis 
SELE genotypes and gene expression were statistically analyzed 
using SPSS version 25 (IBM Corp., Armonk, NY, USA). Allele 
frequencies of the SELE gene were calculated by the direct gene 
counting method via Geneious Software Prime 11.1.5 (Auckland, 
New Zealand). At the same time, the significance of the departure 
from Hardy-Weinberg (H-W) equilibrium was estimated using 
the H-W calculator for two alleles, which is available free online 
[9]. The Pearson chi-square test was used to assess the significance 
of differences between the observed and expected frequencies. Al-
leles and genotypes of SELE were presented as percentages and 
frequencies, and the two-tailed Fisher exact probability test was 
used to evaluate the significance of differences between their dis-
tributions in BC patients and controls. In addition, odds ratios 
(ORs) were also estimated to define the association between 
SELE alleles and genotypes with the disease; an OR less than 1 in-
dicates a negative association, while an OR more than 1 indicates a 
positive association. Differences in clinical characteristics between 
BC patients and healthy controls were examined using the inde-
pendent-sample t-test. A value of p = 0.05 was deemed to indicate 
statistical significance. 

Table 2. Primers for SELE gene expression

Name of primers Sequence of primers Product size (bp) Design by
Primers for the SELE gene
 SELE forward CCTGCAATGTGGTTGAGTGTG 156 Second author
 SELE reverse CTCGTTGTCCCAATTCCCAGA
Primers for the housekeeping gene
 B-actin forward ATGCTTCTAGACGGACTGCG 110 First author
 B-actin reverse GTTTCAGGAGGCTGGCATGA

Table 3. The observed frequencies and percentage of risk factors 
related to the clinical characteristics of the patient and control 
groups

Characteristic
No. (%) Test result 

p-valueCase Control
Age (yr)
 ≤35 45 (75.0) 16 (40.0) 0.001**
 >35 15 (25.0) 24 (60.0)
Body mass index
 Underweight 0 1 (2.50) <0.001***
 Normal 13 (21.7) 19 (47.5)
 Overweight 17 (28.3) 13 (32.5)
 Obese 29 (48.3) 7 (17.5)
Antiperspirant use
 User 23 (38.3) 6 (15.0) 0.014*
 Non-user 37 (61.7) 34 (85.0)
Breastfeeding
 Yes 27 (45.0) 7 (17.5) 0.005**
 No 33 (55.0) 33 (82.5)
Family history of breast cancer
 Found 38 (63.3) 3 (12.5) <0.001***
 First degree 17 (44.7) 3 (12.5)
 Second degree 21 (55.3) 2 (92.5)
 Not found 22 (36.7) 37 (92.5)
Smoking
 Smoker 11 (18.3) 0 0.044*
 Non-smoker 49 (81.7) 40 (100)
Menopause age
 Yes 15 (25.0) 3 (12.5) 0.034*
 No 45 (75.0) 37 (92.5)
Menstrual cycle
 Irregular 33 (55.0) 1 (2.5) <0.001***
 Regular 27 (45.0) 39 (97.5)
Radiation
 Exposed 4 (6.60) 0 0.215 NS
 Non-exposed 56 (93.3) 40 (100)
Contraceptive pills
 User 15 (25.0) 9 (22.5) 0.804 NS
 Non-user 45 (75.0) 31 (77.5)

Significant *p < 0.05, **p < 0.01, ***p < 0.001; NS, non-significant.
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(Table 5). This polymorphism presents three genotypes (TT, TC, 
and CC) corresponding to two alleles (T and C) (Fig. 2A). The 
genotype frequencies in both groups agreed with H-W equilibri-
um, and there were no significant differences between the ob-
served and expected frequencies in both patients and controls (χ2 
= 2.7 and χ2 = 0.2, respectively). 

The TT wild-type homozygous genotype frequency was signifi-
cantly higher in controls than in patients (86.7% vs. 53.3%), re-
flecting a negative association with BC (OR, 0.18). The CC mu-
tant genotype was not present in any patients or controls (0%). 
However, the TC heterozygous genotype frequency was signifi-
cantly higher in patients (46.7%) than in controls (13.3%) (OR, 
5.70; Fisher probability, 0.001; p = 0.007). The T allele frequency 
was less common in patients than in controls (76.7% vs. 93.3%), 
while the C allele frequency was higher (23.3% vs. 6.70%). A neg-
ative association was found for the T allele (OR, 0.18) and a posi-
tive association for the C allele (OR, 4.25) (for both: Fisher exact 
probability=0.02; p = 0.016) (Table 6).  

Table 4. Position and allele information of SELE polymorphisms in NCBI assembly data

SNP RefSeqGene Gene (ID) SNP to RefSeqGene Effect
rs5367 T>C NG_012124.1 SELE (6401) Fwd N/A
rs5368 C>T NG_012124.1 SELE (6401) Fwd H (His) >  Y (Tyr)
rs5361 T>G NG_012124.1 SELE (6401) Rev S (Ser) >  C (Cys)
rs5362 T>C NG_012124.1 SELE (6401) Fwd N/A

SNP, single nucleotide polymorphism; Fwd, forward; Rev, reverse; N/A, not applicable.

Fig. 1. PCR products for SELE gene (400 bp) and (195 bp) on 2% agarose gel at 70 V for 2 h. M, 100 bp DNA ladder.

Results 

Clinical characteristics 
Table 3 shows the characteristics of the patients and controls. The 
statistical analysis revealed significant differences between the pa-
tient and control groups in terms of age (p = 0.001), body mass in-
dex (BMI) (p < 0.001), antiperspirant use (p = 0.014), breastfeed-
ing (p = 0.005), family history (p < 0.001), smoking (p = 0.044), 
menopause age (p = 0.034), and menstrual cycle regularity (p < 
0.001). We did not find significant differences between patient 
and control groups regarding radiation and contraceptive pills. 

The PCR cycles for 400-bp and 195-bp segments are shown in 
Fig. 1, corresponding to four polymorphisms at different positions 
of the SELE gene (Table 4). 

Polymorphism distribution and frequency of alleles in 
SELE at rs5367 (T>C) 
This study analyzed the distribution of the genotype and allele fre-
quencies of the rs5367 polymorphism in patients and controls 
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Polymorphism distribution and frequency of alleles in 
SELE at rs5368 (C>T) 
This study also investigated the genotype and allele frequency dis-
tributions of the rs5368 polymorphism in patients and controls 
(Table 5). This polymorphism in BC patients and control pro-
duced three genotypes (CC, CT, and TT), which corresponded to 
two alleles (C and T) (Fig. 2B). The genotype frequencies in both 
groups agreed with H-W equilibrium, and there were no signifi-
cant differences in observed and expected frequencies in either pa-
tients or controls (χ2 = 0.4 and χ2 = 0.03, respectively). 

The frequency of the CC wild-type homozygous genotype in 
controls (90.0%) was also significantly higher than in patients 
(33.3%), with a negative association (OR, 0.03). The TT mutant 
genotype was significantly less common in patients than in con-

trols (13.3% vs. 0%), with a positive association (OR, 6.90). How-
ever, the CT heterozygous genotype frequency was significantly 
higher in patients (53.3%) than in controls (10.0%) (OR, 5.70; 
Fisher probability, 0.01; p = 0.005). The C allele frequency was 
lower in patients than in controls (60.0% vs. 96.7%), while the T 
allele frequency was higher (40.0% vs. 3.30%). The C allele had a 
negative association (OR, 0.05), and the T allele had a positive as-
sociation (OR, 19.3). Both variations were highly significant 
(Fisher probability, 0.0001; p < 0.001) (Table 6). 

Polymorphism distribution and frequency of alleles in 
SELE at rs5361 (T>G) 
The genetic polymorphism of SELE was investigated at position 
rs5361, which presented with three genotypes (TT, TG, and GG) 
that corresponded to two alleles (T and G) (Fig. 2C). The results 
for patients and controls were in agreement with the expected 
H-W equilibrium, and there was no significant difference between 
the observed and expected frequencies in patients (χ2 = 1.2) and 
controls (χ2 = 0.08) (Table 5). 

At the position rs5361 in SELE, patients had a significantly high-
er frequency of the TG genotype than controls (33.3% vs. 9.0%; 
OR, 4.50; Fisher's probability, 0.05; p = 0.03). In contrast, the fre-
quency of the TT wild-type genotype was significantly lower in 
patients than in controls (66.7% vs. 91.0%; OR, 0.22). The G al-
lele frequency was significantly higher in patients than in controls 
(16.7% vs. 5.0%; Fisher probability, 0.04). A positive association 
was found for the G allele (OR, 3.83) and a negative association 
for the T allele (OR, 0.30), which was a significant difference (p = 
0.052) (Table 6). 

Polymorphism distribution and frequency of alleles in 
SELE at rs5362 (T>C) 
Additionally, the genotype and allele frequency distributions of 
the rs5362 polymorphism in both patients and controls were in-
vestigated (Table 5). This polymorphism in BC patients and con-
trol produced three genotypes (TT, CT, and CC), which corre-
sponded to two alleles (T and C) (Fig. 2D). The genotype fre-
quencies in both groups were consistent with H-W equilibrium, 
and neither patients nor controls showed appreciable differences 
between the observed and anticipated frequencies (χ2 = 0.13 and 
χ2 = 0.24, respectively). 

However, at position rs5362, patients had a significantly higher 
frequency of the TC genotype than controls (43.3% vs. 16.7%), 
with a positive association (OR, 3.80; Fisher probability, 0.04; p = 
0.029). In contrast, the frequency of the TT wild-type genotype 
was significantly lower in patients than in controls (50.0% vs. 

Table 5. Hardy-Weinberg equilibrium expected versus observed SELE 
genotype frequencies

Patients Control
Observed Expected Observed Expected

Distribution of SNP rs5367
  TT 16 17.6 26 26.1
  TC 14 10.7 4 3.7
  CC 0 1.6 0 0.1
  T 0.77 ND 0.93 ND
  C 0.23 ND 0.07 ND
 X2 2.7 NS - 0.2 NS -
Distribution of SNP rs5368
  CC 10 10.8 28 28
  CT 16 14.4 2 1.9
  TT 4 4.8 0 0
  C 0.6 ND 0.97 ND
  T 0.4 ND 0.03 ND
  X2 0.4 NS - 0.03 NS -
Distribution of SNP rs5361
  TT 20 20.8 27 27.1
  TG 10 8.3 3 2.9
  GG 0 0.8 0 0.1
  T 0.83 ND 0.95 ND
  G 0.17 ND 0.05 ND
  X2 1.2 NS - 0.08 NS -
Distribution of SNP rs5362
 TT 15 15.4 25 25.2
 TC 13 12.2 5 4.6
 CC 2 2.4 0 0.2
 T 0.72 ND 0.92 ND
 C 0.28 ND 0.08 ND
  X2 0.13 NS - 0.24 NS -

SNP, single nucleotide polymorphism; ND, not detected; NS, not significant.
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Fig. 2. (A-D) Alignment sequence of the SELE gene in breast cancer patients and healthy control with reference sequencing in National 
Center for Biotechnology Information NCBI by Geneious Software Prime 11.1.5 (Auckland, New Zealand).

83.3%; OR, 0.20). The frequency of the CC mutant homozygous 
genotype in patients (6.70%) was also significantly higher than in 
controls (0%), with a positive association (OR, 5.40). Therefore, 
the C allele frequency was significantly higher in patients than in 
controls (28.3% vs. 8.30%) (Fisher's probability, 0.008). A positive 
association was found for the C allele (OR, 4.30) and a negative 
association for the T allele (OR, 0.20), corresponding to a highly 
significant difference (p = 0.007) (Table 6). 

Quantification of SELE gene expression 
SELE expression was higher in BC patients than in controls, with a 
statistically significant 2-fold increase in gene expression value 
(2.06 vs. 1.01). The patient group had a higher copy number of 
mRNAs (Figs. 3 and 4). The Ct values in the patient group varied 
from 19.33 to 26.27, with a mean of 26.27, while those of the con-
trols ranged from 26.13 to 28.02, with a mean of 27.43. As shown 
in Table 7, there was a significant difference between these groups 
in terms of the mean Ct value of SELE (p = 0.017). 

AA

CC

BB

DD
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Discussion 

In the current case-control study, we identified several risk factors 
for BC in a population of Iraqi women. Age, BMI, genetic predis-
position, smoking, and the menstrual cycle are all relevant risk fac-
tors for BC [10]. A link was found between a BMI of 25 kg/m2 
and an increased risk of BC [11]. These mechanisms include an-
drogen to estrogen conversion in adipose tissue [12], as well as in-
flammation and metabolic risk factors for cancer [13] and epigen-
etic modifications to genes such as BRCA1 [14]. A family history 
of BC has been linked to a 4- to 5-fold increased risk of the disease, 
implying a strong genetic component and possibly stronger associ-
ations with specific genes. An epidemiological study [10] found 
that having a history in first- and second-degree relatives increased 

the risk by 80%. BC has been found to be strongly related to 
menopause age [15]. The hormonal signaling that occurs during 
the ovaries' active period remains the most compelling explanation 
for the latter finding [16]. Breastfeeding's role in BC prevention 
has also been discussed [17]. 

The present study investigated SNPs of SELE at rs5367, rs5368, 
rs5362, and rs5362, which are the most frequently, studied posi-
tions. The patients and control group showed agreement with 
H-W equilibrium in all genotypes. This agreement may occur be-
cause these SNPs may be considered common genotypes in the 
Iraqi population, with wild-type alleles having protective fraction 
susceptibility and the mutant allele having an environmental frac-
tion. This result aligns with a previous study on type 2 diabetes 
mellitus [18]. Other Iraqi studies have emphasized that heterozy-

Table 6. Distribution of genotype and allele frequencies for several SELE single-nucleotide polymorphisms in breast cancer patients and controls

Genotype
No. (%)

OR (95% CI) Fisher exact probability* p-value
Patients (G1) Controls (G2)

SELE rs5367 genotype
 T/T 16 (53.3) 26 (86.7) 0.18 (0.05–0.62) 0.01 0.008**
 T/C 14 (46.7) 4 (13.3) 5.70 (1.59–20.33) 0.01 0.007**
 C/C 0 0 - NS NS
 Allele
  T 46 (76.7) 56 (93.3) 0.23 (0.07–0.76) 0.02 0.016*
  C 14 (23.3) 4 (6.7) 4.26 (1.3–13.8) 0.02
SELE rs5368 genotype
 C/C 10 (33.3) 28 (90.0) 0.03 (0.01–0.18) 0.0001 <0.001***
 C/T 16 (53.3) 2 (10.0) 16.3 (3.2–77.59) 0.0001 0.005**
 T/T 4 (13.3) 0 6.90 (0.35–136.8) 0.05 0.122 NS
 Allele
  C 36 (60.0) 58 (96.7) 0.05 (0.01–0.23) 0.0001 <0.001***
  T 24 (40.0) 2 (3.30) 19.3 (4.3–86.8) 0
SELE rs5361 genotype
 T/T 20 (66.7) 27 (91.0) 0.22 (0.05–0.91) 0.05 0.037*
 T/G 10 (33.3) 3 (9.0) 4.50 (1.1–18.50) 0.05 0.040*
 G/G 0 0 - NS NS
 Allele
  T 50 (83.3) 57 (95.0) 0.30 (0.07–1.01) 0.07NS 0.052*
  G 10 (16.7) 3 (5.0) 3.83 (1.0–14.58) 0.04
SELE rs5362 genotype
 T/T 15 (50.0) 25 (83.3) 0.20 (0.06–0.66) 0.007 0.008**
 T/C 13 (43.3) 5 (16.7) 3.80 (1.2–12.7) 0.04 0.029*
 C/C 2 (6.7) 0 5.40 (0.24–116.3) 0.4NS 0.285 NS
 Allele
  T 43 (71.7) 55 (91.7) 0.20 (0.08–0.67) 0.008 0.007**
  C 17 (28.3) 5 (8.3) 4.30 (1.5–12.72) 0.008

OR, odds ratio; CI, confidence interval; NS, non-significant.
Significant *p < 0.05, **p < 0.01, ***p < 0.001.
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other diseases such as BC. 
The present study found that the genotypes and alleles of SELE 

significantly varied between BC patients and controls. The rs5367 
TC heterozygous genotype was most common among BC pa-
tients. This genotype was present in about 46.7% of BC cases, but 
in only 13.3% of controls, with significance according to Fisher 
probability (0.01) and a positive association with the disease (OR, 
5.70). This observation may highlight the role of the SELE poly-
morphism in disease pathogenesis because present results showed 
that the wild-type allele T had a protective effect against BC (OR, 
0.23), indicating a negative association with BC. In contrast, the 
mutant allele C had an etiological impact (OR, 4.26), with a posi-
tive association with disease; therefore, females who carry allele C 
of rs5367 may be more susceptible to BC than females who have 
allele T. The rs5368 CT and TT genotypes recorded the highest 
frequencies in BC patients, accounting for about 66% of BC cases. 
This observation may highlight the role of the SELE rs5368 poly-

Fig. 3. SELE gene amplified using quantitative polymerase chain reaction (qPCR) samples. Ct values varied from 18 to 31and melting 
temperature varied from 25°C to 55°C, The photograph was obtained directly from the qPCR machine.

Fig. 4. Comparison of concentration RNA among control and study 
groups.

Table 7. Evaluation of SELE gene expression among study groups

Group Mean±SD of Ct value Range ΔCt Fold change of gene expression
Patient group (n =  60) 26.27 ±  0.39 19.3–29.1 –1.01 2.06
Control group (n =  40) 27.43 ±  0.30 26.1–28.02 0.36 1.01
p-value 0.017 - -

SD, standard deviation.
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gous genotypes in different SNPs of the SELE gene could be a 
risky genotype for type 2 diabetes mellitus in the Iraqi population 
[19]. However, these SNPs could also confer an elevated risk for 
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morphism in disease pathogenesis because the wild-type genotype 
(CC) was observed to have a low frequency in patients (about 
33%). The T allele was identified as an environmental effect allele 
with a positive association with BC (OR, 19.3). In contrast, the C 
allele had a preventive fraction, with a negative association with 
BC (OR, 0.05), because the CC genotype showed the highest fre-
quency in the control group (90%). High significance was also 
found for the CT and TT genotypes at position rs5368, suggesting 
that this polymorphism plays a role in cancer development.  

The TG genotype frequency at position rs5361 was also higher 
in patients than in controls, whereas the GG genotype showed a 
lower frequency in both the control group and patients (0%). This 
SNP may be considered a common genotype in the Iraqi popula-
tion, with the wild-type allele T having a protective fraction (OR, 
0.30) and the mutant allele G having an environmental fraction 
(OR, 3.83). SNP rs5362 showed significant variation between BC 
patients and controls. The TC and CC genotypes recorded a high-
er frequency in BC patients (50%) than in controls (16%), with a 
positive association with disease (OR, 3.80 and 5.40), respectively. 
This observation may suggest the role of the rs5362 polymor-
phism in disease because the TT wild-type genotype was recorded 
at a high frequency in the control group (83.3%). The results of 
this study suggest that mutant C allele may have an environmental 
impact on the Iraqi population, with a positive correlation with BC 
(OR, 4.30), whereas the wild-type allele T exhibited a negative 
correlation with BC (OR, 0.20). 

The SELE polymorphism results revealed no significant differ-
ences in allele or genotype frequencies between BC patients and 
controls, but it was interesting to note that the heterozygous geno-
types at rs5367, rs5368, rs5361, and rs5362 were significantly in-
creased in BC patients, and all heterozygous genotypes accounted 
for 46.7%, 53.3%, 33.3%, and 43.3%, respectively of BC cases, with 
positive associations shown by ORs of 5.70, 16.3, 4.50, and 3.80, 
respectively. These findings show that these polymorphisms may 
be linked to the development of BC, because the mutant alleles 
may have an environmental effect in Iraqi women patients, in con-
trast to wild-type genotypes, which showed a very high frequency 
in the patient and control groups, with the wild-type alleles likely 
having a preventive fraction against disease. 

SELE genetic variations have been shown to play a crucial role 
in increasing the risk of various diseases. According to Kontogi-
anni et al. (2013) [20], the SELE rs5361 SNP may enhance the 
chance of developing pancreatic and stomach malignancies. The 
SELE S128R polymorphism, according to Alessandro al. [2], 
might change tumor-endothelial interactions and neoplastic cell 
motility, which may modulate the metastatic phenotype [21]. Fur-

thermore, in Malaysians, the SELE S128R gene polymorphism has 
been related to BC, as well as linked to a higher risk of relapse and 
death in colorectal cancer patients [5]. SELE polymorphisms 
(A561C) and (G98T) were also found to be strongly related to an 
elevated risk of coronary heart disease [22]. According to Xia et al. 
(2012) [23], SNPs in immunoregulatory genes may influence the 
risk of gastric cancer. Functional polymorphisms such as rs5353 
may also play a role in cystic fibrosis penetrants [24]. 

Furthermore, the current study discovered that SELE gene ex-
pression was significantly elevated in the blood of BC patients com-
pared to controls, with a 2-fold increase in gene expression (2.06 vs. 
1.01) compared to controls (1.01). Our findings show that SELE is 
likely associated with BC development because an avascular adhe-
sion cascade occurs around the malignant transformation region, 
which is associated with SELE expression and increased activity, as-
sisting in snip-resistant adhesion and the transendothelial move-
ment of circulating carcinoma target tissues [25]. 

According to O'Hanlon et al. (2002) [26], SELE is involved in 
BC cell adhesion and plays a significant role in cancer cell disper-
sion. It also influences carcinoma cell aggregation and interactions 
with endothelial cells [26]. SELE levels are raised in ovarian carci-
noma [27], leukemia [28], and lung carcinoma [29]. Further-
more, the present result from Iraqi patients aligns with previous 
studies about Iraqi patients with other diseases (e.g., type 2 diabe-
tes mellitus) that showed a positive association with SELE poly-
morphisms, and these local studies all concluded that SELE could 
be a risk factor [11]. The observations of the present study suggest 
that evaluating the adhesion molecule SELE in females with BC 
may be added to the panel of assays used as a factor to predict pa-
tients’ prognosis and monitor disease progression. 
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Introduction 

Atropa belladonna is a common ingredient in homeopathy and other complementary and 
alternative medicine. It is a member of the nightshade family (Solanaceae). The plant's 
leaves and roots are mostly used to create medications, and it is said to be a major source 
of tropane alkaloids, as well as scopolamine and hyoscyamine [1]. Tropane alkaloids, 
which are found mostly in the Solanaceae family, are antimuscarinic medications that act 
primarily on the parasympathetic nervous system and are utilized as anticholinergic treat-
ments in clinical practice. A. belladonna has a strong morphogenetic potential. It has been 
studied in vitro as a model system for the production of tropane alkaloids as well as the 
development of other alkaloids in diverse cultures [2]. Despite its reputation for being 
poisonous, research has revealed that the plant can be used for a variety of medical pur-
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poses. The availability of this plant's complete chloroplast genome 
sequencing could contribute to the development of current genet-
ics and molecular biology by allowing researchers to better com-
prehend the expression of functional proteins. Plant chloroplasts 
are crucial organelles that mediate photosynthesis, intercellular 
signaling, and function as stress sensors from the outside environ-
ment [3,4]. On average, chloroplast genomes contain a small num-
ber of genes involved mostly in energy production and metabolic 
processes. High level of transgene expression is possible with chlo-
roplast and thus, a very high level of gene expression and large 
scale of protein production is possible with chloroplast engineer-
ing. Exploring the molecular mechanism governing the expression 
of A. belladonna chloroplast genes can thus help to further the ge-
netic approach to modern biotechnology. The purpose of this re-
search is to study the compositional signature and to investigate 
how it affects codon use bias (CUB) in chloroplast genes. 

CUB is the differential use of some preferred codons expressing 
the same amino acid in a protein-coding gene relative to others. 
The use of synonymous codons in the organization of genetic 
codes in a genomic DNA sequence has been proven to have a sig-
nificant impact on the efficiency of mRNA translation and the ac-
curacy of protein synthesis. It plays a crucial function in gene de-
velopment and expression. There are various hypotheses on the 
mechanisms that determine the CUB of gene sequences [5]. Mu-
tational pressure [6], natural selection [7], protein secondary 
structures, length of the protein-coding genes, aromaticity, and hy-
dropathy of encoded proteins, and many other variables determine 
codon bias [8]. According to earlier studies [9,10], codon biases 
[11,12] are primarily created by an interplay between mutation 
pressure [13] and selection [14,15] constraints in many plant spe-
cies. The codon bias in the Porphyra umbilicalis chloroplast ge-
nome [16] and the variability of codon usage patterns in the rice 
genome [17] are the consequence of a complex combination of 
natural selection, directed mutational bias, and nucleotide base 
compositions. Selection pressure, on the other hand, outnumbers 
mutation pressure in determining the codon use pattern in the cot-
ton genome [18]. According to these studies, the factors that cause 
codon bias vary by plant species. The study of codon usage pat-
terns may help to identify the primary driving forces. The codon 
bias of a gene and its expression is thought to be inextricably 
linked. As a result, looking at codon usage patterns could lead to 
new techniques for predicting and designing highly expressed 
genes [19-26]. The regulation of gene expression plays a central 
role in defining cell fates and controlling biological functions. The 
utilization of codons in highly expressed genes is frequently char-
acterized by a substantial compositional bias. Several numerical in-

dices have been established to objectively evaluate the degree of 
gene expression to predict highly expressed (PHE) genes [27,28]. 
The use of codon optimization could give crucial information 
about how to make synthetic genes that are highly expressed. 

Here, we comprehensively examined synonymous codon usage 
patterns in the genes of chloroplast genomes in the nightshade 
family to determine the general patterns and influencing factors of 
codon bias in chloroplast genomes of A. belladonna and others 
(Nicotiana tabacum, Capsicum frutescens, Solanum lycopersicum, Da-
tura stramonium, Solanum melongena, Lycium barbarum, and Sola-
num tuberosum). The purpose of this work is to investigate codon 
usage patterns using a variety of codon bias indicators. This re-
search is important for understanding the molecular evolution and 
structural organization of chloroplast genes. 

Methods 

The complete chloroplast genome of A. belladonna (NC_0045 
61.1), together with all annotated genes, were obtained from the 
GenBank database of NCBI (http://www.ncbi.nlm .nih.gov/). 
The other chloroplast genome sequences of the nightshade family 
considered in the present study have Gene Bank accession num-
bers: NC_028007.1 (C. frutescens), NC_018117.1 (D. stramoni-
um), NC_041110.1 (L. barbarum), NC_001879.2 (N. tabacum), 
NC_007898.3 (S. lycopersicum), KU682719.1 (S. melongena), and 
NC_008096.2 (S. tuberosum). Only the coding sequences with 
translatable codons, and with start and stop codons have been con-
sidered for the analysis. 

Analysis of base composition 
We calculated the frequency of occurrence of nucleotides at three 
codon sites, the overall GC content, the GC content at the first 
(GC1), second (GC2), and third (GC3) codon position, and the 
frequency of occurrence of nucleotides of synonymous codons at 
the third position (A3s, T3s, G3s, and C3s) as a part of our analysis 
of codon usage pattern in the chloroplast genome. Mutations 
should happen at random at any codon site if there is no external 
pressure; otherwise, they will happen in a specified direction. If se-
lection pressure exists, preference for a given base will differ at 
three codon sites; otherwise, the base composition will be similar 
at all three codon sites. In the absence of any external pressure 
from mutation or selection, the codon usage pattern follows the 
parity rule. The PR2 plot is employed to look for departures from 
the parity criteria. To visualize the distribution of four bases at the 
synonymous codon site, [A3/(A3 + T3)] assessing AT-bias is 
plotted against [G3/(G3 + C3)] measuring GC-bias [29] in the 
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PR2 plot. The distribution of points around the center point re-
veals the degree of codon bias and its direction. Any significant de-
viation in the genome's base organization indicates that selection 
pressure is prevailing over mutation. The relative influence of mu-
tation and selection on the formation of codon usage pattern can 
be determined by calculating GC3S (GC content at the synony-
mous site) and GC12, the average of GC1 and GC2 (GC content 
at the first codon site and second codon site, respectively). To in-
vestigate the impact of mutation pressure and selection pressure 
on codon usage, a regression line is created between GC12 and 
GC3S (neutrality plot). The slope of the line in the neutrality plot 
can reveal the relative influence of the mutational force on synony-
mous codon bias. If the slope of the line is zero, it indicates that di-
rected mutation pressure has no effect. A slope of one, on the other 
hand, denotes perfect neutrality [24]. 

Analysis of codon usage 
The codon bias of a gene is generally measured by the relative syn-
onymous usage of codons. It is measured as the usage of each co-
don compared to the average usage of synonymous codons in a set 
of protein-coding genes.  

The Codon Adaptation Index (CAI), a measure of biasness of a 
gene based on the relative synonymous codons usage (RSCU) is 
given by Sharp and Li [27],  

N is the length of a gene in terms of codon count and wi is relative 
adaptiveness of ith codon in the gene. wi is defined as  

where the following equation is used for the calculation of RSCU.  

Xij is the total codon count of the ith codon of the jth amino acid and 
nj is the number of synonymous codons of the jth amino acid. 
RSCUi, max is the value of RSCU of the most frequent codon of jth 
amino acid. The ratio of a codon's observed frequency to the aver-
age frequency of synonymous codons is the RSCU value of a co-
don. If a codon's RSCU score is 1, it means the gene's codon usage 
pattern is free of synonymous bias. Codons with RSCU values 
more or less than one, on the other hand, show positive or negative 
synonymous codon bias in the codon usage pattern, respectively. 
Uneven use of synonymous codons in genes is a feature of highly 

expressed genes. A non-zero CAI score indicates a divergence 
from even use of synonymous codons. The greater the CAI score, 
the more strongly expressed the genes are thought to be. The rela-
tive codon bias (RCB) [25] was devised to quantify the codon 
bias from the difference between the gene's codon usage pattern 
and random codon usage [21,23]. When there is no bias, the base 
composition is random at any codon position. Under the assump-
tion that the base composition is biased at three codon sites, the 
RCB was calculated by dividing the difference in observed and ex-
pected frequency of a codon by the expected frequency [22]. Zero 
value of RCB indicates no codon bias or random codon usage. 
When RCB scores greater or less than zero, codons are positively 
or negatively biased respectively.  
The RCB is given by  

where fxyz represents normalized codon(xyz) frequency. f(m)n is 
the normalized base(m) frequency at nth codon site. The influence 
of natural selection in the codon usage pattern of a gene is indicat-
ed by the value of RCB. If the codons have RSCU > 1 and RCB > 
0, they are thought to be optimal codons. The rare codons are 
identified by RSCU < 0.5 and RCB < 0.0.  

The modified relative codon bias strength (MRCBS) based on 
RCB has been developed as an alternative model to predict gene 
expression level [30-33] and is defined as  

where RCBSi= 1 + RCBxyz. RCBSi, max   is the maximum value of rela-
tive codon bias strength (RCBS) among all codons encoding same 
amino acid by ith codon(xyz) in the whole genome. The highly 
expressed gene is characterized on the basis of the strength of the 
MRCBS provided its value exceeds the threshold value.  

The NC-Plot is a conventional NC vs. GC3s curve. It's highly 
useful to figure out how mutation and selection affect the codon 
usage pattern of the genes of an organism. The effective number of 
codons are plotted in respect of standard curve of expected ENC. 
Expected ENC values of protein-coding sequences have been cal-
culated based on GC3s compositions of the sequences and are 
given by Chen [34]  

where S represents GC3s content of the coding sequences. 
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The effective number of codons (NC) is given by Wright [28],  
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of occurrences of ith codon for the k-fold degenerate amino acid 
having total m number of synonymous codons. The value of NC 
ranges from 20 to 61. The lower values of NC (<35) indicate 
strong codon usage bias of a gene. When the codon bias of genes is 
only influenced by the mutational pressure, all the data points will 
fall on the standard curve (ENC vs. GC3S). If the data points are 
dispersed widely from the standard curve, it indicates that the co-
don bias is influenced by variables other than mutational pressure. 

Correspondence analysis 
The variance in codon usage across genes in different organisms 
was investigated using correspondence analysis. Excepting methi-
onine, tryptophan, and stop codons, the codon usage of genes are 
plotted on 59 axes in a multidimensional space [35,36]. In this anal-
ysis, the Pearson correlation coefficient was calculated at the level of 
statistical significance of p < 0.01 to identify the major factors which 
influence the codon usage variation in different organisms. 

Results and Discussion 

The codon usage pattern in the chloroplast genome of A. belladon-
na and other similar genomes in the nightshade family was investi-
gated in this study. The nucleotide compositions at synonymous 
and non-synonymous codon sites, and also the dinucleotide com-

position, have a significant impact on a gene's codon usage bias. In 
order to better understand the factors that control codon usage in 
the chloroplast genome, we looked at the overall nucleotide orga-
nization and other compositional features at different nucleotide 
positions in the chloroplast genes of A. belladonna and other relat-
ed genomes in the nightshade family (Table 1). The chloroplast 
genome of A. belladonna is 156,687 bp in length consisting of 85 
protein-coding genes, 8 rRNAs, and 37 tRNAs. It has a total GC 
content of 37.6%, which is similar to that of other nightshade chlo-
roplast genomes [37]. The GC contents at the first, second, and 
third codon positions in the protein-coding region are 46.37%, 
39.66%, and 28.79%, respectively. Genes in the nightshade family's 
chloroplast genome were discovered to be AT-rich, with AT con-
tent at the third codon position being substantially greater than at 
the other two. At three codon locations, the base composition was 
discovered to be varied. It demonstrated the presence of selection 
force in the codon usage, implying that a specific nucleotide may 
be preferred at three separate codon sites. The nucleotide and di-
nucleotide organization of the genome has a big impact on wheth-
er one form of a codon is preferred over another. The nucleo-bases 
T and A were discovered to be more common than the nu-
cleo-bases G and C. The same tendency was observed in nucleo-
tide composition at the synonymous third codon position, with 
T3s and A3s outnumbering G3s and C3s (Fig. 1). The overall 
base composition of the coding sequences of genes, as well as the 
composition at the third codon position, revealed that composi-
tional constraints may alter the codon arrangement of genes. The 
average GC content differed from the GC content of codons in the 
first, second, and third positions (Fig. 2). The third codon position 
had less GC content than the first and second codon locations, 
with the first and third codon positions having the biggest varia-
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Table 1. The compositional features of chloroplast genomes of Atropa belladonna and other seven related plants in the nightshade family

Atropa
belladonna

Capsicum
frutescens

Datura 
stramonium

Lycium 
barbarum

Nicotiana 
tabacum

Solanum 
lycopersicum

Solanum 
melongena

Solanum 
tuberosum

A 0.2968 0.2953 0.2951 0.2957 0.2992 0.2945 0.2929 0.2943
C 0.179 0.1784 0.1808 0.1794 0.1785 0.1797 0.1792 0.1788
G 0.2081 0.2084 0.2088 0.2093 0.2075 0.2094 0.2076 0.21
T 0.3161 0.3179 0.3154 0.3157 0.3147 0.3164 0.3203 0.3169
A3s 0.422 0.4202 0.419 0.4197 0.4257 0.4177 0.4178 0.4184
C3s 0.1634 0.1626 0.1705 0.1646 0.168 0.1658 0.1654 0.1619
G3s 0.1662 0.1693 0.1693 0.1693 0.1711 0.1693 0.1684 0.1686
T3s 0.4636 0.4646 0.4573 0.4619 0.458 0.4613 0.4642 0.4658
GC 0.3894 0.3889 0.3917 0.391 0.3881 0.3914 0.389 0.3909
GC1 0.4705 0.4662 0.4717 0.4711 0.4653 0.4683 0.4673 0.4698
GC2 0.3995 0.4011 0.3978 0.4008 0.3953 0.4032 0.3979 0.4037
GC3S 0.2596 0.2609 0.2675 0.2628 0.2647 0.2641 0.2627 0.2602
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tion in GC content. It's possible that GC content or GC3s have a 
considerable impact on codon usage patterns and, as a result, on 
expression profiles. For the investigation of compositional bias, the 
frequencies of 16 dinucleotides, as well as their anticipated fre-
quencies, were calculated. The identification of favored dinucleo-
tides, as well as the trend in dinucleotide usage may have an impact 
on codon selection in a gene. Among the dinucleotides, TpT, ApA, 
and ApT were found to occur more frequently, while CpG, GpC, 
and CpC were shown to be less common. 

PR2-plot 
It was an efficient way to account the influence of the mutation 
pressure on the codon usage pattern by analyzing the graph of G3/
(G3 + C3) vs. A3/(A3 + T3). In this plot, the data points were 
distributed around the central spot [A = T, C = G(PR2)]. The 
central spot, described as coordinates of the origin (0.5, 0.5), des-
ignates no bias between the influences of mutation pressure and 
natural selection. The vector from the midpoint shows the extent 
and direction of PR2 bias acting on individual gene. Mutation 
pressure and natural selection are the major factors considered to 
shape the codon usage pattern. In case of mutation pressure, then 
GC and AT ought to be used proportionally among the degener-
ate codon groups. Whereas, natural selection for codon choice 
would not necessarily cause the proportional use of G and C (A 
and T). The distribution of genes in Fig. 3 indicated that the selec-
tion pressure exceeded the mutation in the genes of Solanaceae 
species. In the present study, it was estimated from the plot that 
the AT-bias measured by the average value of A3/(A3 + T3) in A. 
belladonna, C. frutescens, D. stramonium, L. barbarum, N. tabacum, S. 

lycopersicum, S. melongena, and S. tuberosum were 0.475, 0.474, 
0.477, 0.475, 0.481, 0.474, 0.472, and 0.472 respectively, while the 
respective GC-bias [G3/(G3 + C3) ] were 0.498, 0.503, 0.493, 
0.501, 0.496, 0.499,0.499, and 0.503. Thus, we observed T/C bias 
[A3/(A3 + T3) < 0.5 and G3/(G3 + C3) < 0.5] at the third posi-
tion of codons of chloroplast genes in A. belladonna, D. stramoni-
um, N. tabacum, S. lycopersicum, and S. melongena, and T/G bias 
[A3/(A3 + T3) < 0.5 and G3/(G3 + C3) > 0.5] in C. frutescens, L. 
barbarum, and S. tuberosum. We also observed that pyrimidines 
were used more frequently than purines in the chloroplast genes of 
A. belladonna, D. stramonium, N. tabacum, S. lycopersicum, and S. 
melongena. The analysis of PR2-plot (Fig. 3) revealed that not only 
the mutation pressure but also the natural selection and other fac-
tors affected the codon usage pattern of chloroplast genes of A. bel-
ladonna and other related genomes in the nightshade family. 
Hence, further analyses are needed to explore the extent of the in-
fluencing factors between mutation pressure and natural selection.  

Neutrality plot  
A neutrality plot (GC12 vs. GC3s) (Fig. 4) was constructed to 
evaluate the relative impact of mutation pressure and natural selec-
tion on codon bias. Natural selection may have influenced codon 
bias, based on the weak relationships between GC3s and GC12. In 
the neutrality plot, we noticed that the majority of the genes were 
placed away from the regression line. According to the slope of the 
regression lines, relative neutrality (mutation pressure) only ac-
counted for 13.9%, 13.8%, 27.9%, 17.1%, 27.7%, 9.3%, 24.1%, and 
5.8%, and the relative constraint on GC3s (natural selection) were 
86.1%, 86.2%, 72.1%, 90.7%, 75.9%, and 94.2% in codon usage of 

Fig. 1. Distribution of nucleotide composition at the synonymous 
third codon positions in protein-coding genes of Atropa belladonna 
chloroplast genome.

Fig. 2. Distribution of GC content at the first, second, and third 
position of codons in protein-coding genes of Atropa belladonna 
chloroplast genome.
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Fig. 3. The PR2 plot of protein-coding genes of Atropa belladonna and other related chloroplast genomes in the nightshade family.

Fig. 4. The neutrality plot of protein-coding genes of Atropa belladonna and other related chloroplast genomes in the nightshade family.
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A. belladonna, C. frutescens, D. stramonium, L. barbarum, N. ta-
bacum, S. lycopersicum, S. melongena, and S. tuberosum, respectively. 
Therefore, during the long evolutionary process, the codons of 
protein-coding sequences may be more influenced by natural se-
lection and natural selection had a significant impact on the codon 
usage pattern in A. belladonna and other nightshade chloroplast 
genomes, as evidenced by this study. 

Optimal codons 
In this study, we have identified optimal codons for analyzing the 
codon usage and amino acid usage pattern of the A. belladonna ge-
nome and other chloroplast genomes in the nightshade family. Al-

though most amino acids can be specified by more than one co-
don, it is hypothesized that in highly expressed genes, only a subset 
of potential codons is employed. The RSCU has been used to find 
preferred synonymous codons. The overrepresented codons are 
identified by using the RCB. The RSCU and RCB of 61 codons 
are displayed in Table 2. Codons with RSCU greater than 1.0 are 
favored codons for boosting gene’s translational, whereas codons 
with RCB greater than zero are overrepresented codons for the or-
ganism under study. In A. belladonna, the preferred codons are 
(GCA and GCT) for coding Ala, (AGA, CGA, and CGT) for 
coding Arg, AAT for Asn, GAT for Asp, TGT for Cys, CAA for 
Gln, GAA for Glu, (GGA and GGT) for Gly, CAT for His, ATT 

Table 2. The RCB and RSCU of 61 codons in the chloroplast genome of Atropa belladonna

Amino acid Codon RCB RSCU Amino acid Codon RCB RSCU
ALA GCA –0.151 1.132a LEU CUG –0.261 0.41

GCC 0.204a 0.714 CUU –0.004 1.299a

GCG –0.470 0.356 UUA 0.336a 1.835a

GCU 0.139a 1.799a UUG 0.775a 1.228a

ARG AGA 0.042a 1.804a LYS AAA 0.382a 1.479a

AGG –0.274 0.633 AAG –0.035 0.521
CGA 0.355a 1.452a MET AUG 0.443a 1.000a

CGC –0.229 0.368 PHE UUC 0.826a 0.7111
CGG –0.178 0.443 UUU 0.243a 1.289a

CGU 0.025a 1.300a PRO CCA –0.001 1.163a

ASN AAC –0.083 0.471 CCC 0.396a 0.723
AAU 0.120a 1.529a CCG –0.052 0.556

ASP GAC –0.276 0.403 CCU 0.131a 1.559a

GAU 0.077a 1.597a SER AGC –0.419 0.346
CYS UGC –0.484 0.549 AGU –0.231 1.220a

UGU –0.487 1.451a UCA 0.016a 1.191a

GLN CAA 0.526a 1.506a UCC 0.879a 0.979
CAG –0.006 0.494 UCG –0.061 0.554

GLU GAA 0.564a 1.487a UCU 0.232a 1.710a

GAG 0.071a 0.513 THR ACA –0.227 1.208a

GLY GGA 0.962a 1.590a ACC 0.155a 0.804
GGC 0.078a 0.432 ACG –0.467 0.42
GGG 0.543a 0.7 ACU –0.153 1.568a

GGU 0.196a 1.277a TRP UGG 1.636a 1.000a

HIS CAC –0.336 0.458 TYR UAC –0.302 0.383
CAU –0.160 1.542a UAU 0.107a 1.617a

ILE AUA –0.191 0.918 VAL GUA –0.261 1.499a

AUC 0.197a 0.604 GUC –0.440 0.505
AUU 0.100a 1.478a GUG –0.448 0.564

LEU CUA –0.289 0.783 GUU –0.404 1.432a

CUC –0.093 0.445

RCB, relative codon bias; RSCU, relative synonymous codons usage.
aRSCU > 1 or RCB > 0.
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for Iln, (CTT, TTA, and TTG) for Leu, AAA for Lys, TTT for 
Phe, (CCA and CCT) for Pro, (TCA, TCT, and AGT) for Ser, 
(ACA and ACT) for Thr, TAT for Tyr, and (GTA and GTT) for 
Val. Importantly, these codons reflect a simple compositional bias. 
Except for TTG of Leu, all the preferred codons have A or T at the 
third codon position. Whereas, (GCC and GCT) of Ala, (AGA, 
CGA, and CGT) of Arg, AAT of Asn, GAT of Asp, CAA of Gln, 
(GAA, and GAG) of Glu, (GGA, GGC, GGG, and GGU) of Gly, 
(AUC and ATT) of Iln, (TTA and TTG) of Leu, AAA of Lys, 
ATG of Met, (TTC, and TTT) of Phe, (CCC, and CCT) of Pro, 
(TCA, TCC, and TCT) of Ser, ACC of Thr, TGG of Trp, and 
TAT of Tyr are the overrepresented codons. Although RSCU 
identifies distinct synonymous codons that an organism prefers 
for translational efficiency in different genes, the set of optimum 
codons employed in a gene effectively measures the gene's expres-
sivity. The rate of elongation is accelerated by optimal codons, 
whereas it is slowed by non-optimal codons [38]. In the present 
study, we observed that GCT of Ala, (AGA, CGA, and CGU) of 
Arg, AAT of Asn, GAT of Asp, CAA of Gln, GAA of Glu, GGA of 
Gly, GGT of Gly, ATT of Iln, (TTA, and TTG) of Leu, AAA of 
Lys, TTT of Phe, CCT of Pro, (TCA, and TCT) of Ser, TAT of 

Tyr are optimal (RSCU > 1 and RCB > 0). Because of their signif-
icant roles in regulating translation elongation, optimum codons 
have an impact on the stability of mRNA [39]. We estimated the 
number of each amino acid for all open reading frames across the 
genome to investigate the amino acid usage pattern in A. belladon-
na genes. The usage of amino acids differed greatly among genes. 
The chloroplast genome of A. belladonna used a lot of leucine, iso-
leucine, and serine, while histidine, methionine, tryptophan, and 
cysteine were used very little (Fig. 5). Codons encoding leucine 
were the most prevalent, accounting for 10.64% of all usage of 
amino acids. Cysteine-coding codons, on the other hand, were the 
least common, accounting for only 1.12% of overall usage. 

Correlations among different codon bias indices 
The codon usage bias of the A. belladonna and other related ge-
nomes in the nightshade family were analyzed in terms of CAI, 
MRCBS, and Nc. The CAI scores have been calculated in refer-
ence to all protein-coding genes. The correlations of the codon us-
age indices with Nc are very much significant. The correlation of 
NC with CAI is –0.335. The weak negative correlation between 
CAI and Nc (Fig. 6) indicates that codon usage bias is low in A. 

Fig. 5. The frequencies of amino acids (AA) in protein-coding genes of Atropa belladonna chloroplast genome.
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belladonna. We observe a strong negative correlation between CAI 
with GC3s (r = –0.788) (Supplementary Fig. 1), whereas correla-
tion with GC is not much significant (r = –0.231) (Supplementary 
Fig. 2). So, GC3s not GC content may be the accurate representa-
tion of the trend in codon usage bias. The significant correlations 
of CAI with G3S (r = –0.444) (Supplementary Fig. 3), C3S (r = 
–0.496) (Supplementary Fig. 4), T3S (r = 0.373) (Supplementary 
Fig. 5), and A3S (r = 0.253) (Supplementary Fig. 6) indicate the 
influence of compositional constraint on the codon usage pattern 
of the genes of A. belladonna. The genomic features and different 
codon usage indices of chloroplast genomes of A. belladonna and 
other seven related plants in the nightshade family have been sum-
marized in Table 3. In order to validate that the gene expressivity 
measured by codon bias indices like CAI or MRCBS are good in-
dicators for identifying highly expressed genes, we collected pro-

teomic data [40] of chloroplast genome of Solanaceae family and 
compared the results with our predicted values of expression level. 
Figs.7 and 8 plotted emPAI of chloroplast genes of N. tabacum 
against CAI and MRCBS respectively. Although the data points 
are scattered, we observed a good correlation between experimen-
tal data and predicted results. The agreement of predicted and ac-
tual protein expression level varied greatly between all examined 
combinations of prediction method and data set. The discrepancy 
is thought to lie in the quality of experimental data. The prelimi-
nary analysis on the quality of experimental data shows that these 
kinds of experiments are inherently noisy and of low reproducibil-
ity. The correlation coefficient between emPAI and MRCBS was 
found to be –0.315 whereas that with CAI was –0.237. The results 
recommend that a quantitative estimate of expression level may be 
predicted by codon based indices like MRCBS or CAI. 

The expression profiles of A. belladonna chloroplast genes were 
determined in this work by computing CAI for each gene, and 
their distributions are presented in Fig. 9. The CAI of the majority 
of genes (92%) is between 0.66 and 0.78. The z score of CAI val-
ues of the gene under study was used to estimate the threshold 
score for identifying highly expressed genes. The threshold score 
of CAI has been calculated to be 0.784, and the genes with a z 
score more than 2.00 are deemed to be PHE genes. Genes with a z 
score of less than –2.00 are likely to have low levels of expression. 
Fig. 10 shows the total variation in GC or GC3s content of the 
genes. It shows that the majority of genes have a GC3s score of 
0.120 to 0.362 and a GC content of 0.314 to 0.461. 

NC-plot 
NC is a measure of bias in a gene caused by unequal codon use. 
The inter-genic codon bias is estimated using NC values. The NC 
of A. belladonna genes ranged from 27.18 to 60.77 in our study 
with a mean value of 47.35 ± 6.23. The smaller the NC value, the 

Fig. 6. Codon Adaptation Index (CAI) plotted against NC for each 
protein-coding genes of Atropa belladonna chloroplast genome.

Table 3. The genomic features and codon usage indices of chloroplast genomes of Atropa belladonna and other seven related plants in the 
nightshade family

Genome NC Aroma Gravy GC (Av) GC3AV CAI
Atropa belladonna 47.35 ±  6.35 0.107 ±  0.045 0.094 ±  0.659 0.390 ±  0.035 0.259 ±  0.045 0.715 ±  0.032
Capsicum frutescens 46.99 ±  6.71 0.107 ±  0.047 0.106 ±  0.659 0.389 ±  0.035 0.260 ±  0.046 0.716 ±  0.031
Datura stramonium 47.57 ±  7.01 0.107 ±  0.049 0.093 ±  0.644 0.392 ±  0.034 0.267 ±  0.049 0.714 ±  0.032
Lycium barbarum 47.12 ±  6.78 0.106 ±  0.048 0.092 ±  0.657 0.391 ±  0.034 0.262 ±  0.046 0.717 ±  0.031
Nicotiana tabacum 46.97 ±  6.86 0.107 ±  0.048 0.060 ±  0.668 0.388 ±  0.036 0.265 ±  0.050 0.720 ±  0.033
Solanum lycopersicum 47.51 ±  6.17 0.107 ±  0.048 0.102 ±  0.663 0.391 ±  0.035 0.264 ±  0.045 0.717 ±  0.032
Solanum melongena 46.90 ±  6.64 0.110 ±  0.046 0.132 ±  0.647 0.389 ±  0.035 0.26 ±  0.049 0.720 ±  0.033
Solanum tuberosum 47.44 ±  6.14 0.107 ±  0.046 0.099 ±  0.661 0.391 ±  0.035 0.26 ±  0.045 0.721 ±  0.031

CAI, Codon Adaptation Index.
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Fig. 7. Modified relative codon bias strength (MRCBS) plotted 
against emPAI [40] for protein-coding genes of Atropa belladonna 
chloroplast genome.

Fig. 9. Distribution of Codon Adaptation Index (CAI) of all protein-coding genes of Atropa belladonna chloroplast genome.

Fig. 8. Codon Adaptation Index (CAI) plotted against emPAI [40] 
for protein-coding genes of Atropa belladonna chloroplast genome.

0.8

0.6

0.4

0.2

0.0

CA
I

Genes

r=–0.237
r=–0.315

https://doi.org/10.5808/gi.2204510 / 18

Sahoo S and Rakshit R • The pattern of coding sequences 

https://doi.org/10.5808/gi.22045


Fig. 10. The GC and GC3s content of the protein-coding genes of Atropa belladonna chloroplast genome.

more biased a gene is. Codon usage bias is often minimal in A. bel-
ladonna. Nc < 35 is found in just two genes. To clarify the effects of 
mutation pressure and natural selection, The NC-GC3 plot is cre-
ated for all protein-coding sequences in the genome to clarify the 
impacts of mutation pressure and natural selection. Natural selec-
tion has a prominent role in defining the codon use variance 
among those genes, as evidenced by the clustering of points below 
the anticipated curve (Fig. 11). We also see that some of the data 
points fall outside of the anticipated curve, implying that addition-
al factors, in addition to natural selection, are likely to have a role in 
determining the codon usage in A. belladonna. Similar trends can 
be found in the distribution of other related chloroplast genomes 
in the nightshade family. There are just few points that are near to 
the curve. Unlike many other chloroplast genomes, the codon us-
age bias of the chloroplast genomes in the nightshade family is 
slightly influenced by mutation pressure, but natural selection and 
other factors may play a large effect. The neutrality plot has also 
shown that natural selection has a dominant influence on the co-

don usage pattern.  

Correspondence analysis  
Correspondence analysis (CA) was performed on the axes gener-
ated by the codon usage values of the genes. Only the distributions 
of the genes along the first two major axes were considered for the 
present study. The first major axis accounted for 17.89%, 
17.19%,17.64%, 17.91%, 15.44%,17.54%, 15.79%, and 17.13% of 
total variations and the second one for 10.61%, 10.64%, 10.40%, 
10.58%, 10.46%, 10.70%, 11.40%, and 10.91% of the total varia-
tion in A. belladonna, C. frutescens, D. stramonium, L. barbarum, N. 
tabacum, S. lycopersicum, S. melongena, and S. tuberosum, respective-
ly (Fig. 12). Therefore, axis 1 was the major source of variation, re-
sponsible for 16%–18% of the total variation. This indicated that 
the codon usage might be not affected by a single factor. In order 
to explore the influencing factors that cause variations in codon 
usage among the genes of A. belladonna and other related genomes 
in the nightshade family, the analyses were performed on com-
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Fig. 11. NC-GC3s plot for all protein-coding sequences of Atropa belladonna and other related chloroplast genomes in the nightshade 
family.

Fig. 12. The relative and cumulative inertia of the first 40 factors from correspondence analysis based on the codon usage of Atropa 
belladonna chloroplast genes.

monly used features of protein-coding genes: Gravy, aromaticity, 
GC3S, GC3 skew, and GC content. In Figs. 13 and 14, codons and 
genes are plotted against first or second major axes respectively. It 
has been observed the first principal components are negatively 

correlated with GC3s (r = −0.349). These findings suggest that 
highly biased genes, those with G- and C-ending codons, are clus-
tered on the negative side, whereas those with A and T-ending co-
dons predominate on the positive side of the first major axis. The 
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significant positive correlation (r = 0.578) of A3s with second prin-
cipal components suggested that the highly biased genes with 
A-ending codons are clustered on the positive sides of the second 
major axis. The correlation of Gravy and aromaticity score with 
the first principal components are 0.697 and 0.223 respectively 

Fig. 13. The distribution of codons on axis 1 versus axis 2 in correspondence analysis based on the codon usage of Atropa belladonna 
chloroplast genes.

Fig. 14. Correspondence analysis of codon usage pattern for chloroplast genes in Atropa belladonna.

and we observed that the positions of the genes on the axis-2 (2nd 
principal component) are better correlated with Gravy (r = 
–0.842) and aromaticity (r = –0.784) compared to the first princi-
pal components. Thus, the aromaticity and Gravy score have im-
portant roles in determining the codon usages of these genes. We 
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also analyzed the correlation between scores of each of the two 
axes and levels of gene expression estimated by CAI. The signifi-
cant positive correlation with CAI (r = 0.369) with first principal 
components and very weak correlation (r = –0.184) with the sec-
ond principal components suggested that highly expressed genes 
are clustered along the positive side of the first major axis. The sig-
nificant negative correlation (r = –0.362) of A3s and that (r = 
–0.531) of G3s with first principal components suggested that 
highly expressed genes with A and G-ending codons are clustered 
along negative sides of the first major axis. 

An important observation in this work is that the hydropathy 
and aromaticity of the genes affect the codon usage pattern of the 
chloroplast genes. One of the major axes obtained by CA on the 
basis of codon usage exhibits a substantial association with the hy-
dropathy and aromaticity of the genes (as measured by the Gravy 
and Aroma scores) (Table 4). As a result, we observed a significant 
correlation between nucleotide usage at the third codon sites and 
the protein hydropathy and aromaticity. We examined the connec-
tions between synonymous base usage and hydropathy in the 
chloroplast genes of A. belladonna, and other related genomes in 
the nightshade family. It is found that hydropathy exhibits the 
highest negative correlation with A3s. In general, hydropathy of the 
protein-coding genes show positive correlations with T3s and neg-
ative with G3s and A3s in A. belladonna and other genomes under 
study. We observed a positive association between hydropathy and 
C3s (r = 0.224) and a weak negative correlation between hydropa-
thy and G3s (r = –0.157) in S. tuberosum. We also looked at the re-
lationship between aromaticity and the use of synonymous bases. 
Aromaticity is observed to have a positive association with C3S 
and a negative correlation with A3S. The presence of a significant 
association between hydropathy and aromaticity of the pro-
tein-coding chloroplast genes in A. belladonna and other related 
genomes in the nightshade family, and the base composition at the 

third codon sites, may influence the physicochemical properties of 
the protein-coding genes. 

Palindromes and inverted repeats 
Palindrome sequences are important in bioinformatics as it helps 
us to extract patterns in the genomic sequences. The term “palin-
dromes” refers to genetic sequences with reverse-complementary 
symmetry or the so-called inverted repeat sequences. These signif-
icant DNA motifs have been found to have important roles in the 
control of several cellular processes and are also suspected of being 
a source of genetic instability. Palindrome sequences are the most 
common restriction enzyme recognition sites, and they are typi-
cally found as important elements in regulatory areas [41]. Invert-
ed repeat sequences in mRNA are also crucial as critical locations 
of interaction with numerous protein factors involved in the com-
mencement of translation, termination of transcription, and hence 
gene control [42]. Given the importance of palindrome sequenc-
es, a systematic investigation of their occurrence in genome se-
quences is critical to our understanding of plant evolution. We de-
veloped in-house computer software to recognize, locate, and 
count palindromes in a given sequence for this purpose. The lon-
gest palindrome identified in A. belladonna AGTTGAA GTACT-
GAGCCTCCCGATATCGGGAGGC TCAGTACTTCAACT of 
length 48 (77,046–77,093) is located at the beginning of the gene 
psbN between the genes psbN and psbT. C. frutescens, D. stramoni-
um, L. barbarum, N. tabacum, S. lycopersicum, and S. tuberosum all 
had similar palindromes in their chloroplast genomes (Table 5). 
The other long palindrome of length 40 identified in the A. bella-
donna genome (32,374–32,413) is TTACTTTTTTTATTTAGA 
AATTTCTAAATAAAAAAAGTAA. Most of the other palin-
dromes of length less than 30 are located in the protein-coding genes. 

The longest inverted repeat found in the chloroplast genome of 
A. belladonna TATAAGTGAACTAGATAAAGCGGAAT-

Table 4. Correlations between the protein Gravy/Aroma and synonymous base compositions

Atropa 
belladonna

Capsicum 
frutescens

Datura 
stramonium

Lycium 
barbarum

Nicotiana 
tabacum

Solanum 
lycopersicum

Solanum 
melongena

Solanum 
tuberosum

Gravy
 A3s –0.531 –0.484 –0.522 –0.514 –0.516 –0.502 –0.548 –0.516
 C3s 0.08 0.105 0.047 0.102 –0.055 0.062 0.049 0.014
 G3s –0.354 –0.368 –0.368 –0.357 –0.362 –0.391 –0.340 –0.384
 T3s 0.272 0.227 0.315 0.262 0.334 0.247 0.318 0.301
Aroma
 A3s –0.440 –0.375 –0.388 –0.402 –0.307 –0.373 –0.370 –0.387
 C3s 0.376 0.377 0.488 0.406 0.376 0.361 0.465 0.305
 G3s –0.062 –0.056 –0.035 –0.060 0.047 –0.071 –0.087 –0.061
 T3s 0.227 0.168 0.102 0.183 0.129 0.145 0.089 0.202
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Table 5. Identification of palindromes of length greater than 30 in the chloroplast genomes of Atropa belladonna and other related plants in 
the nightshade family

Genome Palindrome Length Location Region
Atropa belladonna AGTTGAAGTACTGAGCCTCCCGATATCGGGAGGCTCAGTACTTCAACT 48 77,046–77,093 psbT-psbN
Atropa belladonna TTACTTTTTTTATTTAGAAATTTCTAAATAAAAAAAGTAA 40 32,374–32,413 tRNA(Glu)-tRNA(Thr)
Lycium barbarum AGTTGAAGTACTGAGCCTCCCGATATCGGGAGGCTCAGTACTTCAACT 48 76,719–76,766 psbT-psbN
Capsicum frutescens AGTTGAAGTACTGAGCCTCCCGATATCGGGAGGCTCAGTACTTCAACT 48 77,542–77,589 psbT-psbN
Solanum lycopersicum AGTTGAAGTACTGAGCCTCCCGATATCGGGAGGCTCAGTACTTCAACT 48 76,202–76,249 psbT-psbnN
Solanum melongena GTTGAAGTACTGAGCCTCCCGATATCGGGAGGCTCAGTACTTCAAC 46 75,091–75,136 psbT-psbN
Datura stramonium AGTTGAAGTACTGAGCCTCCCGATATCGGGAGGCTCAGTACTTCAACT 48 76,485–76,532 psbT-psbN
Solanum tuberosum AGTTGAAGTACTGAGCCTCCCGATATCGGGAGGCTCAGTACTTCAACT 48 76,042–76,089 psbN-psbN

CAAGATTCCGTTTTATCTAGTTCACTTATA of length 56 
(79,480–79,535) is located in the intron region of the gene petD 
and the identical inverted repeats were also found in C. frutescens, 
D. stramonium, N. tabacum, and S. tuberosum. Table 6 lists all in-
verted repeats with a length of more than 40 found in the A. bella-
donna genome and other nightshade genomes, with the longest in-
verted GTATAAGTGAACTAGATAAAACG GAATCAAGAT-
TCCGTTTTATCTAGTTCA CTTATAT of length 58 (77,516–
77,573) identified in S. melongena. 

Phylogenetic study 
In order to understand the genetic variability in the chloroplast 
genes of the A. belladonna and other related genomes in the night-
shade family with respect to the nucleotide compositions and to 

identify the phylogenetic position of A. belladonna, a phylogenetic 
tree analysis was performed for all genomes enrolled in the study. 
Using the chloroplast genome sequences of Pogostemon cablin and 
Salvia japonica as the outgroup species, 70 protein-coding genes of 
A. belladonna and other seven related genomes in the nightshade 
family were selected for the construction of phylogenetic tree (Fig. 
15). CLUSTALW was used to align sequences [43]. Once aligned, 
phylogenetic trees of the genomes under the present study were 
constructed by using MEGA 7.0 (https://www.megasoftware.net) 
with UPGMA [44]. In the present study, A. belladonna was found 
to be isolated from Solanum and grouped with N. tabacum [45]. 
Phylogenetic analysis revealed that A. belladonna is closer to L. bar-
barum and N. tabacum and more distant from S. melongena, S. lyco-
persicum, and S. tuberosum. 

Table 6. Identification of inverted repeats of length greater than 30 in the chloroplast genomes of Atropa belladonna and other related plants 
in the nightshade family

Genome Inverted repeats Length Location Region
Atropa belladonna TATAAGTGAACTAGATAAAGCGGAATCAAGATTCCGTTTTATCTAGTTCACTTATA 56 79,480–79,535 petD (intron)
Atropa belladonna GAGAGCTCGGATCGAATCGGTATTGATATACCGATTCGATCCGAGCTCTT 50 146,901–146,950 tRNA (Leu)-ycf2
Atropa belladonna AGAGCTCGGATCGAATCGGTATATCAATACCGATTCGATCCGAGCTCT 48 96,608–96,655 ycf2-tRNA (Leu)
Lycium barbarum GAGAGCTCGGATCGAATCGGTATTGATATACCGATTCGATCCGAGCTCTT 50 145,879–145,928 tRNA (Leu)-ycf15
Lycium barbarum AGAGCTCGGATCGAATCGGTATATCAATACCGATTCGATCCGAGCTCT 48 96,284–96,331 ycf15-tRNA (Leu)
Capsicum frutescens TATAAGTGAACTAGATAAAACGGAATCAAGATTCCGTTTTATCTAGTTCACTTATA 56 79,975–80,030 petD (intron)
Solanum lycopersicum TAAGTGAACTAGATAAAAGGGAATCTTGATTCCCTTTTATCTAGTTCACTTA 52 78,626–78,677 petD (intron)
Solanum melongena GTATAAGTGAACTAGATAAAACGGAATCAAGATTCCGTTTTATCTAGTTCACTTATAT 58 77,516–77,573 petD (intron)
Datura stramonium TATAAGTGAACTAGATAAAACGGAATCTTGATTCCGTTTTATCTAGTTCACTTATA 56 78,906–78,961 petD (intron)
Datura stramonium GAGAGCTCGGATCGAATCGGTATTGATATACCGATTCGATCCGAGCTCTT 50 146,149–146,198 tRNA (Leu)-ycf15
Nicotiana tabacum TATAAGTGAACTAGATAAAACGGAATCAAGATTCCGTTTTATCTAGTTCACTTATA 56 79,243–79,298 petD (intron)
Nicotiana tabacum GAGAGCTCGGATCGAATCGGTATTGATATACCGATTCGATCCGAGCTCTT 50 146,240–146,289 tRNA (Leu)-ycf2
Nicotiana tabacum AGTTGAAGTACTGAGCCTCCCGATACCGGGAGGCTCAGTACTTCAACT 48 76,815–76,862 psbT-psbN
Nicotiana tabacum AGAGCTCGGATCGAATCGGTATATCAATACCGATTCGATCCGAGCTCT 48 96,342–96,389 ycf2-tRNA (Leu)
Solanum tuberosum TATAAGTGAACTAGATAAAAGGGAATCAAGATTCCCTTTTATCTAGTTCACTTATA 56 78,473–78,528 petD (intron)
Solanum tuberosum GAGAGCTCGGATCGAATCGGTATTGATATACCGATTCGATCCGAGCTCTT 50 145,621–145,670 tRNA (Leu)-ycf2
Solanum tuberosum AGAGCTCGGATCGAATCGGTATATCAATACCGATTCGATCCGAGCTCT 48 95,365–95,412 ycf2-tRNA (Leu)
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The codon usage pattern in the chloroplast genome of A. bella-
donna and other nightshade plants, as well as the various influenc-
ing factors revealed to play a role in determining codon bias, were 
explored in this work. Natural selection largely influenced the 
choice of preferred codons and hence codon bias in the chloroplast 
genes of the nightshade family, according to the analysis of the big 
data set. The average NC values of protein-coding genes were more 
than 45, indicating modest CUB in the chloroplast genes of the 
nightshade family. We observed that the bulk of preferred codons 
in chloroplast genes of A. belladonna and other related genomes in 
the nightshade family were A3/T3 rich, with only a few genes be-
longing to PHE genes. We found that there was no significant rela-
tionship between GC content and CAI, as evidenced by weak cor-
relation coefficient (r = –0.231) between them. However, a high 
negative association between GC3 and CAI (r = –0.788) revealed 
that natural selection had a dominant influence on the codon usage 
of the chloroplast genome of A. belladonna and others in the night-
shade family. The codon usage pattern is hypothesized to play a role 
in regulating gene expression. Natural selection has resulted in a co-
don bias that improves a gene's translational efficiency by increasing 
the number of tRNAs present in the genome. CAI was designed to 
account for codon bias of a gene, allowing it to PHE genes. The low 
bias of chloroplast genes in A. belladonna and others in the night-
shade family was suggested by the modest negative correlation co-
efficient (r = –0.335) between CAI and Nc. In this study, the CA 

was employed to determine the primary contributing variables in 
shaping the codon usage pattern of the chloroplast genes in the 
nightshade family. Phylogenetic tree analysis indicated that the pat-
tern of coding sequences in the chloroplast genome of A. belladon-
na is more closer to L. barbarum and N. tabacum than it is to S. mel-
ongena, S. lycopersicum, and S. tuberosum. The location of long palin-
drome sequences and inverted repeats in chloroplast genomes were 
very much significant as they may be identified as essential ele-
ments in regulatory regions. The chloroplast genomes of eight 
nightshade species were analyzed and found to be very similar in 
terms of gene content and organization. Many of the features in a 
few genes, on the other hand, were found to be genus- or even spe-
cies-specific, suggesting that they could be employed as molecular 
markers to study genetic diversity and evolution. Given the avail-
ability of a whole genome sequence, useful information on func-
tional genes may be extracted using computational techniques, lay-
ing the groundwork for future research into heterologous protein 
expression in biotechnological applications. The genetic engineer-
ing leading to chloroplast transformation has opened a new era in 
plant biotechnology. 
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Fig. 15. Phylogentic analysis of Atropa belladonna and other related genomes in the nightshade family.
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Brugada syndrome (BS) is an autosomal dominant inheritance cardiac arrhythmia disorder as-
sociated with sudden death in young adults. Thailand has the highest prevalence of BS world-
wide, and over 60% of patients with BS still have unclear disease etiology. Here, we performed 
a new viral metagenome analysis pipeline called VIRIN and validated it with whole genome se-
quencing (WGS) data of HeLa cell lines and hepatocellular carcinoma. Then the VIRIN pipeline 
was applied to identify viral integration positions from unmapped WGS data of Thai males, in-
cluding 100 BS patients (case) and 100 controls. Even though the sample preparation had no 
viral enrichment step, we can identify several virus genes from our analysis pipeline. The pre-
dominance of human endogenous retrovirus K (HERV-K) viruses was found in both cases and 
controls by blastn and blastx analysis. This study is the first report on the full-length HERV-K 
assembled genomes in the Thai population. Furthermore, the HERV-K integration breakpoint 
positions were validated and compared between the case and control datasets. Interestingly, 
Brugada cases contained HERV-K integration breakpoints at promoters five times more often 
than controls. Overall, the highlight of this study is the BS-specific HERV-K breakpoint positions 
that were found at the gene coding region "NBPF11" (n = 9), "NBPF12" (n = 8) and long 
non-coding RNA (lncRNA) "PCAT14" (n = 4) region. The genes and the lncRNA have been re-
ported to be associated with congenital heart and arterial diseases. These findings provide an-
other aspect of the BS etiology associated with viral genome integrations within the human 
genome. 

Keywords: Brugada syndrome, human endogenous retrovirus K, metagenome, VIRIN, virus inte-
gration breakpoint, whole genome sequencing
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Introduction 

Brugada syndrome is an inherited arrhythmogenic disease leading 
to a high risk of acute cardiac death. This syndrome has been con-
nected to a genetic variant with an autosomal dominant inheri-
tance pattern [1,2]. The highest prevalence is in Southeast Asia, 
especially in Thailand (6.8 per 1,000), where it is almost 15 times 
higher than worldwide [2-4]. Hundreds of gene variants have been 
associated with Brugada syndrome, of which the mutation in SC-
N5A or SCN10A genes of sodium channels has been commonly 
found with the disease (30%) [5,6]. While new findings, the MA-
PRE2 mechanism, and the microtubule-related trafficking effects 
on NaV1.5 expression have been explored in Brugada syndrome 
by genome-wide association analysis [5], for almost 60% of pa-
tients, etiologic causes are still unknown [7]. 

The whole genome sequencing (WGS) data have become high-
ly valuable information that can be used to screen all variants, allele 
assignment, insertion, and detection of structural variation [8,9]. 
Generally, after mapping WGS reads to the human reference ge-
nome, there remains 5%–10% unmapped reads [10]. The un-
mapped reads may contain microbial agents, especially viral ele-
ments, due to the integrative capacity of various viruses [11]. The 
metagenomics approach is suitable for identifying uncharacterized 
sequencing reads [12]. 

Approximately 8% of the human genome contains human en-
dogenous retroviruses. The human endogenous retrovirus 
(HERV)’s transcripts and regulatory functions have been identified 
in numerous diseases [13,14] including multiple sclerosis [15], dia-
betes [16], systemic lupus erythematosus [17], psoriasis [18], 
rheumatoid arthritis [19], and cancer [20]. Moreover, human pap-
illomavirus (HPV), hepatitis B virus (HBV), and Epstein-Barr vi-
rus (EBV) are exogenous viruses that are associated with diseases. 
They are well-known as insertion viruses commonly found in the 
human genome and can induce tumorigenesis and cancer (10%–
15% of all cancer) [21,22]. Local viral integrations may cause ge-
nomic instability followed by altered gene copy numbers and gene 
expression around the integration sites. Therefore, these inserted 
positions provide valuable information for understanding the 
mechanisms of virus-related diseases and the etiologic [23]. 

Additionally, the infections such as enteroviruses (coxsackievi-
rus, enterovirus, echovirus) and adenoviruses play an important 
role in sudden cardiac death [24,25]. The most common cardio-
tropic viruses are EBV, coxsackievirus, adenovirus, human herpes-
virus 6 (HHV6), cytomegalovirus, hepatitis C virus, and parvovi-
rus B19. Moreover, parvovirus B19 was also associated with Bru-
gada syndrome. They potentially trigger an autoimmune response 

against components of the heart or mediate direct cardiac injury 
[26]. Thus, viral genes and integration positions in Brugada syn-
drome patients are useful evidence that can be used to discover the 
disease's etiology and progression. 

We identified the putative viral gene and protein in 200 Thai 
male WGS data. We further developed an analysis pipeline to 
identify virus integration positions in human genome sequencing 
data called "VIRIN". The human endogenous retrovirus K 
(HERV-K) genomes were assembled and explored in two poten-
tial integration loci of HERV-K, namely the "neuroblastoma break-
point genes family (NBPF)" gene family and long non-coding RNA 
(lncRNA) "PCAT14", which are related to Brugada syndrome 
from WGS data of an individual Thai patient with Brugada syn-
drome and a control volunteer. 

Methods 

Study cohort 
The study cohort was divided into two groups, the Brugada cases 
and controls. The cases consisted of 100 Thai male subjects with 
type I Brugada electrocardiogram (ECG) using the criteria of the 
2013 Heart Rhythm Society/European Heart Rhythm Associa-
tion/Asia Pacific Heart Rhythm Society Expert Consensus State-
ment. The training physicians read and confirmed all ECGs of cas-
es with a type I Brugada pattern. The 100 Thai male control sub-
jects comprised those who had a standard 12-lead ECG without 
type I Brugada. Both groups were representative of a wide age 
range (between 19 and 75 years, with medians of 50 years in the 
case group and 47 years in the control group). All subjects were of 
Thai ethnicity by self-report. The Ethics Review Committee of all 
the institutions approved the study (NCT04232787). 

All blood samples were collected, and DNA was extracted as de-
scribed in a previous report. The sequencing libraries were prepared 
with a polymerase chain reaction–free reaction [9]. Then, the human 
genomic DNA libraries were sequenced by Illumina HiseqX plat-
forms (Cambridge, UK) with a pair-end sequencing (2 × 150 bp) 
strategy [9]. 

Extraction of the unmapped and soft-clipped sequence 
First, the raw FASTQ reads were filtered with Trimmomatic ver-
sion 0.38 [27] by sliding window at mapping quality 30; all reads 
shorter than 50 nucleotides were removed. Second, the filtered 
reads were mapped to the NCBI Genome Reference Consortium 
Human Build 38 (GRCh38) with decoys reference using 
iSAAC-03.16.02.19 (version 0.7.16a) with a default setting. An 
unmapped read whose mate is mapped was extracted using the 
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SAMtools 1.15 "view -f 4 -F 264" command [28]. Furthermore, 
the soft-clipped reads with GRCh38 were extracted using the 
modified extractSoftclipped function of the SE-MEI tools 
(https://github.com/dpryan79/SE-MEI). 

Identification of the viral sequences 
The viral sequence identification was performed on the NCBI 
13,434 complete reference viral database (https://ftp.ncbi.nlm.nih.
gov/refseq/release/viral/, downloaded on January 7, 2021) by the 
Bowtie2 aligner version 2.3.5.1 [29]. Next, the identified viral se-
quence was merged by de novo assembly approach utilizing SPAdes 
v3.13.0 with the "-k 33" option [30]. Then, to identify the viral inte-
gration site, the contigs were validated with the blastn in NCBI 
BLAST+ [31] and Diamond blastx v2.0.15.153 [32], respectively. 

The original extracted single-mate unmapped and soft-clipped 
reads were re-aligned with the selected virus reference genome. 
The reads mapped with the virus reference genome were extracted 
from the original GRCh38 human alignment bam file. The posi-
tion of the virus integration was reported by the in-house bash 
script and BEDtools v2.27.1 command [33]. The virus integration 
positions (breakpoints) were annotated with DNase I hypersensi-
tivity regions, Repeatmasker, and GencodeV.40 [34-36]. The 
whole sequence of steps of the analytical source code is available 
on GitHub (https:// gist.github.com/Suwalak-Chit/VIRIN). 

Data interpterion and statistical analysis 
Statistical analysis and visualization were performed using Graph-
Pad Prism 8.0.1 software. The descriptive statistics and continuous 
variables consistent with a normal distribution were represented 
by means and standard deviations; non-parametric tests were per-
formed with t-tests or the Mann-Whitney U test. p < 0.05 was con-
sidered statistically significant. 

Data availability 
The data in this study were available from the National Research 
Council of Thailand under license for the current study and were 
not publicly available. The data were available from the authors 
upon a reasonable request and with the permission of the National 
Research Council of Thailand.  

Results  

The characterization of unmapped reads 
The WGS data from both case (n = 100) and control (n = 100) 
datasets are 929,286,470 and 935,775,065 pair-end read, respec-
tively. Most reads were aligned with the human reference genome 

96.48% (case) and 96.62% (control). The average unmapped 
reads which remained amounted to 44,548,377 reads (case) and 
44,784,395 reads (control). Among the mapped reads, the soft-
clipped reads were 9,009,042 in the case group and 8,860,802 in 
the control group (Fig. 1). The number of unmapped reads be-
tween groups did not significantly differ in the t-test (p = 0.172). 

Viral gene or/and genome identification 
The unmapped and soft-clipped reads were aligned against the 
NCBI viral genome using Bowtie2. With a cut-off of at least 1,000 
reads containing 90 viruses in each sample, 291,126,786 reads were 
assigned to the 285 viral references. The SPAdes assembly tools 
[37] were used for de novo assembly of the virus mappable read in 
each sample. The whole contigs were hit with eight virus genomes 
(the contig length >5% of each virus genome) by Blastn. Three vi-
ruses (Torque teno virus 10 [TTV 10], human endogenous retro-
virus K, and Bat associated circovirus 4) were found in both data-
sets. Five viruses (Torque teno virus 19, Torque teno virus 3, 
Torque teno virus 8, Aeribacillus virus AP45, and Gemykibivirus 
humas3) were found only in the case dataset. Seven of the eight 
identified are DNA viruses (Supplementary Table 1). Interestingly, 
the HERV-K and Bat-associated circovirus four genome complete-
ness significantly differed between the cases and controls (p < 
0.001) (Fig. 2). Almost full-length genome of human endogenous 
retrovirus K was observed for the datasets (the largest contig in 
case, 86.54%; control, 84.74% genome completeness) (Fig. 2). 

The translated nucleotide blast on protein database (blastx) re-
sult showed 13 viral proteins positive in more than ten samples in 
each group. The human endogenous retrovirus K putative envelope 
protein was detected in all subjects from the blastx results (Supple-
mentary Table 2). The HERV-K genome was assembled and the 
genome coverage was visualized. For the case subject data, the ge-
nome depth coverages on each HERV-K gene were gag gene 
(194.44x), pro gene (410.79x), pol gene (203.53x), and env gene 
(189.76x), respectively. In contrast, the genome coverage of 
HERV-K genes in the control subject data included the gag gene 
(199.44x), pro gene (610.79x), pol gene (243.53x), and env gene 
(129.76x) (Fig. 3). We also detected the A55 protein of the BeAn 
virus genome in 61 cases and 70 control data. Moreover, 11 form 13 
(84.61%) of the identified viral proteins were retrovirus proteins. 

VIRIN analysis pipeline validation 
The viral breakpoint integration position was identified with the 
VIRIN analysis pipeline. The pipeline was validated with the cer-
vical cancer cells (HeLa cells) and hepatocellular carcinoma 
(HCC) tissue WGS data, in which well-known HPV-18 and HBV 
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Fig. 1. Distribution number of mapped and unmapped reads with GRCh38.

Fig. 2. The longest contigs size of each identified virus by nucleotide blast from individual sample.
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are integrated into the cellular genome, respectively [38]. The re-
sult from VIRIN showed HPV-18 was integrated into the three 
breakpoints of locus 8q24.21 (Chr8:127,222,011, Chr8:127, 
218,387 and Chr8: 127,229,303) of HeLa cell WGS data 
(SRR5009881) [39]. Moreover, the analysis pipeline identified 

two HBV breakpoints at locus 17p13.1 (Chr17:10,110,360 and 
Chr17:10,366,141) from HCC tissue WGS data (ERR173408 
and ERR181167) [40] (Supplementary Table 3). This evidence 
suggests that VIRIN is effective for the identification of virus inte-
gration breakpoints. 
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HERV-K breakpoint position identification 
We validated the HERV-K breakpoints in the human genome. The 
total breakpoints were 952 in the case group and 814 in the con-
trol group datasets. The number of breakpoints was significantly 
different between the two datasets (Mann-Whitney U test, p = 
0.0028) (Fig. 4A). Chromosome 1 had the highest HERV-K 
breakpoints in both datasets (case, 38; control, 20), while chromo-
somes 13, 15, and 20 had no HERV-K breakpoint position. Chro-
mosomes 2, 12, 16, and X contained the HERV-K breakpoints 
only in the case dataset (4, 3, 8, and 7, respectively). However, 
there were no significant differences (t-test, p < 0.05) in HERV-K 
insertion in any chromosomes between the case and control (Sup-
plementary Table 4). Moreover, the number of HERV-K break-

Fig. 3. The genome depth coverage of human endogenous retrovirus K (HERV-K) in representative case and control.

points in DNase I hypersensitivity regions were significantly dif-
ferent between case group (81 breakpoints) and control group (40 
breakpoints) (Mann-Whitney U test, p = 0.012) (Fig. 4B). More 
than 60% of HERV-K breakpoints were located in the intergenic 
region (case, 63.89%; control, 69.15%). The breakpoint in case 
datasets was more often in promoter than control datasets 
(15.28% and 1.06%, respectively) (Fig. 4C). The HERV-K break-
points at the repeat region include 54 and 26 breakpoints from 30 
cases and 20 controls, respectively. HERV-K breakpoints in the 
case group (32 breakpoints) were located mostly on the long ter-
minal repeat (LTR), while most HERV-K breakpoints from the 
control group (12 breakpoints) were located on the long inter-
spersed nuclear element (LINE) (Table 1). 
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Fig. 4. The number of human endogenous retrovirus K (HERV-K) breakpoints in the human genome individual case (n = 100) and control 
group (n = 100) HERV-K breakpoints (A), the total distribution of HERV-K breakpoints in the genomic region (B), and the individual HERV-K 
breakpoints in DNase I hyposensitivity regions (C). UTR, untranslated region.

Table 1. The number of breakpoints in four types of repeat regions 
from each dataset

Repeat region Case (n =  32) Control (n =  20)
LTR 32 6
LINE 15 12
Simple repeat 3 0
Retroposon 3 7
SINE 1 1
Total 54 26

LTR, long terminal repeat; LINE, long interspersed nuclear element; SINE, 
short interspersed nuclear element.

All HERV-K breakpoints were annotated on the gene (gen-
codeV.40), including 27 positions from 27 cases and 29 positions 
from 18 controls. The HERV-K breakpoints were located in pro-
tein-coding (case, 17; control, 20), lncRNA (case, 8; control, 7) 
and a small number of pseudogene (case, 2; control, 3) (Supple-
mentary Table 5). An individual unique HERV-K breakpoint was 
also found in 16 cases and 21 controls. Importantly, 25 HERV-K 
breakpoints from nine Brugada syndrome cases were located in a 
NBPF. Additionally, the HERV-K breakpoint from four Brugada 
syndrome samples was located on the lncRNA name PCAT14 
(prostate cancer-associated transcript 14). Even though the 
HERV-K breakpoint in the nicotinamide nucleotide transhydroge-
nase function (NNT) gene was found in many samples, more were 
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detected in the control dataset (n = 10) than in the case dataset (n 
= 5). Meanwhile the NBPF11, NBPF12, and PCAT14 were found 
only in the case group, and not detected in the control dataset (Ta-
bles 2 and 3). 

Discussion 

Viral gene/genome detection 
A viral metagenome analysis was performed on the Brugada syn-
drome cases and control WGS data, to investigate the viral genome 
integration from the WGS unmapped read in each sample. Our 
data analysis found the genes of 90 integrated viruses from both 
human and non-human viruses. The human viruses in this study 
were members of the Herpesviridae family and HERV, the same as 
in previous reports [12,41]. Almost 80% of virus-aligned reads 
were assigned as dsDNA virus because the library preparation kit 
was appropriated for DNA source, which similar to the result of vi-

rome in human WGS from the previous study [42]. According to 
the library preparation approach, giant viruses (large genome vi-
ruses) such as the Pandoravirus (2 Mbp genome size) were ob-
served in our study as well as in the previous report [43]. 

The de novo assembled contigs were aligned with the virus refer-
ence genomes (NCBI). Eight viruses were kept after excluding the 
virus contigs that contained less than 5% of their genome. TTV, a 
dsDNA virus belonging to the Anelloviridae family, had consider-
able genetic variability and extreme diversity [44]. In previous re-
ports, the TTV DNA was detected in secretions of healthy hu-
mans, such as blood, saliva, breast milk, tears, bile, and urine 
[45,46]. The TTVs DNA level was also considered the marker of 
the immunological status, hepatitis, gastroenteritis, periodontitis, 
multiple sclerosis, and cancer [47,48]. In this study, we have found 
a unique TTV19, TTV8 in a specific case, TTV3 in two cases, and 
TTV10 in both groups (case, 3; control, 1). Nevertheless, several 
virome studies of human blood frequently found TTV in the sam-

Table 2. Gene annotation list in breakpoints of HERV-K integration in case dataset

No. Gene name Gene type Chr Position Frequency
1 NBPF12 Protein coding 1 146948791 8

146949149
146949314

2 NBPF11 Protein coding 1 148137980 9
3 SIL1 Protein coding 5 139112931 1
4 NNT Protein coding 5 43665587 5

43665608
43665610
43665611

5 PDE10A Protein coding 6 165500565 1
6 SSBP1 Protein coding 7 141752231 1
7 TCP11L1 Protein coding 11 33049984 1
8 ASRGL1 Protein coding 11 62378218 2

62378902
9 PPTC7 Protein coding 12 110571019 1
10 ZNF140 Protein coding 12 133093110 1
11 MAPK1 Protein coding 22 21848137 1
12 TMEM51-AS1 lncRNA 1 15135632 1
13 NEPRO-AS1 lncRNA 3 113025862 1
14 LINC02614 lncRNA 3 125896808 1
15 ENSG00000272462 lncRNA 6 25999489 1
16 ENSG00000285784 lncRNA 9 11895136 1
17 PCAT14 lncRNA 22 23541467 4

23541739
23541740

18 PDCL3P4 Pseudogene 3 101695806 4
19 ENPP7P15 Pseudogene 11 3451290 1

HERV-K, human endogenous retrovirus K.
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ples [49], while we reported only eight samples in total. Indeed, 
we found TTV reads in a total of 20 samples; however, some TTV 
contigs' number, coverage and length are too low. Since the human 
WGS library preparation has a virus enrichment step, we found 
TTV in a few samples. However, according to our findings, we 
could not confirm that TTV integration could be related to Bruga-
da syndrome. On the other hand, the non-human viruses were 
known as the contaminant DNA from the reagents or sequencing 
process, including bacteriophage (Aeribacillus virus AP45) and 
mammalian virus (Bat associated circovirus four and Gemykibivi-
rus humas3) [50]. The previously frequently found viruses associ-
ated with a cardiac infection, such as HHV6, EBV, and hepatitis C 
virus were also detected but could not be assembled to the large 
contigs [26]. Even though Parvoviruses B19 was reported as being 
associated with Brugada syndrome, it was not found in our data. 

VIRIN validation 
Previous research has reported that three virus segments of 
HPV18 are integrated into the HeLa genome on chromosome 8 
(locus 8q23-24) upstream of the myc gene [51]. The result of VI-
RIN analysis pipelines was found in three HPV-18 integrated posi-
tions in the locus 8q23.21 of HeLa cell line WGS data. Generally, 
the HBV integration breakpoints in HCC are various. Most HBV 
breakpoints are near coding genes, including the TERT, MLL4, 
CCNE1, SENP5, and ROCK1. Recurrent HBV breakpoints occur 
within or close to repetitive, non-coding sequences, such as 
LINEs, Alu short interspersed elements, and LTR [52]. Our result 
also showed HBV integrated into the coding region of the MYH13 
gene at 17p13.1 in HCC tissue WGS data, similar to a previous re-
port [53]. Thus, the VIRIN analysis pipeline can identify virus in-
tegration in human WGS data. 

Table 3. Gene annotation list in breakpoints of HERV-K integration in control dataset

No. Gene name Gene type Chr Position Frequency
1 PRDX1 Protein coding 1 45514062 1
2 IPP Protein coding 1 45739955 1
3 MPZL1 Protein coding 1 167771343 1
4 CR1 Protein coding 1 207636105 1
5 CR1 Protein coding 1 207637031 1
6 NNT Protein coding 5 43665299 10

43665592
43665597
43665598
43665601
43665607
43665608
43665612
43665614

7 IQGAP2 Protein coding 5 76550644 1
8 ARMT1 Protein coding 6 151456042 1
9 LHFPL3 Protein coding 7 104750438 1
10 ABCC2 Protein coding 10 99827666 1
11 TTC5 Protein coding 14 20269289 1
12 SLC47A1 Protein coding 17 19505358 1
13 ENSG00000285988 lncRNA 10 6830418 1
14 ENSG00000255947 lncRNA 11 61655408 1
15 ENSG00000259048 lncRNA 14 38118365 1
16 ENSG00000287879 lncRNA 18 79960352 1
17 ENSG00000283907 lncRNA 19 35575243 1
18 ENSG00000286667 lncRNA 19 386213 1
19 MIR548XHG lncRNA 21 18568413 1
20 SEC22B4P Pseudogene 1 146381378 1
21 PDCL3P4 Pseudogene 3 101693108 1

HERV-K, human endogenous retrovirus K; lncRNA, long non-coding RNA.
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HERV-K breakpoint positions 
In addition, we can assemble the full-length HERV-K genome in 
all datasets. The translated nucleotide blast on protein databases 
(blastx) result showed that the envelope proteins (env) of 
HERV-K were found in all datasets. In our data analysis, we also 
detected known DNA proviruses, including gag, pro, pol, and env, 
of HERV-K [54]. Since we utilized the WGS data for the blast, our 
data were not a direct viral protein identification. This is the first 
study demonstrating the HERV-K breakpoints in the WGS data of 
the Thai population. The polymorphic integration position of 
HERV-K could influence both viral protein production and host 
gene regulation. The specific HERV-K breakpoints might be asso-
ciated with the potential pathogenicity in different individuals, for 
example, neurologic and immunologic diseases [54]. 

DNase I hypersensitivity regions are the important genomic 
landmarks for functionally active open chromatin. A previous re-
port also showed that 15% of HERVs inserts are in the DNase I 
hypersensitivity region [55-57]. Interestingly, our results showed 
higher HERV-K breakpoints at DNase I hypersensitivity regions in 
the case group compared to the control group. Moreover, the 
breakpoints of HERV-K were located at the promoter regions 15 
times more often in the case group compared to the control group, 
and this might be linked to the gene regulation process of Brugada 
syndrome pathogenesis. Moreover, Brugada syndrome is 8-10 
times more prevalent in men than women [58], and our result 
showed HERV-K was integrated at chrX only in the case group (7 
cases and 0 control). The previous studies also found a variant on 
the KCNJ5 (potassium voltage-gated channel subfamily E regula-
tory subunit 5) gene located on chromosome X in Japanese pa-
tients with Brugada syndrome [59,60]. However, our result did 
not find HERV-K breakpoints in any gene regions. The potential 
of sex hormones for cardiac regulation is through the ion channel 
because the cardiac muscle found the main gonadal steroid recep-
tors. Moreover, many ion channels, such as CACNA1C and SC-
N5A, are very sensitive to testosterone, and this could explain the 
gender difference in the prevalence of Brugada syndrome [61,62]. 
The highest number of HERV-K breakpoints is in the LTR from 
all the repeated regions in both groups. Although the HERV-K 
were generally integrated into the LTR regions, the number of the 
HERV-K breakpoints in the case group LTR region was five times 
higher than in the control group [63]. 

Importantly, our data found that the HERV-K breakpoints were 
in the protein-coding and lncRNA region. HERV-K breakpoints 
within the NNT gene were found in many samples (control, 10; 
case, 5). NNT is a proton pump in the inner mitochondrial mem-
brane found throughout the human body. It is highly expressed in 

the adrenals, bladder, kidneys, thyroid, adipose tissue, and espe-
cially in the heart [64,65]. Several reports showed that the lack of 
the NNT gene triggers the down-regulation of glucocorticoid lev-
els, inhibiting cardiovascular conditions. This finding is linked to 
our study that found more HERV-K breakpoints in the NNT gene 
in the control group than in the Brugada syndrome patient group 
[66,67]. However, the gene expression level of NNT protein in the 
heart plays an important role in the pathogenesis; thus, NNT pro-
tein levels in Brugada syndrome are interesting and need further 
investigation. 

Most of the HERV-K breakpoints in the gene region were the 
NBPF genes, which were implicated in several developmental and 
neurogenetic diseases and congenital heart disease [17,68]. Fur-
thermore, the NBPF family, such as NBPF1 and NBPF11, were 
reported as the translocation disrupts a sodium channels gene on 
chromosome 17 called ACCN1 (amiloride-sensitive cation chan-
nel 1) [69,70]. Even if the mechanism of the NBPF gene family to 
electrophysiology is still unknown, it is possible that the HERV-K 
breakpoints on NBPF genes are related to Brugada syndrome 
pathogenesis. However, the underlying mechanism needs to be 
further investigated. 

Several lncRNAs play an important role in cardiovascular diseases, 
such as lncRNA LIPCAR dysreglulation in heart failure and lncRNA 
MIAT upregulations in myocardial infarction [71-73]. A lncRNA 
gene, PCAT14, plays an important role in tumorigenesis in HCC and 
prostate cancer [74,75]. PCAT14 expression is also an important 
prognostic for predicting metastatic disease. Furthermore, PCAT14 
contains the single nucleotide variants of SNP rs73155085-A and 
rs131408-C. The rs73155085-A and rs131408-C have been reported 
to be associated with coronary artery disease and peripheral arterial 
disease, respectively [17,76]. Thus, the breakpoint at the PCAT14 
gene is potentially involved with the Brugada syndrome pathogene-
sis. Moreover, PCAT14 has been associated with the hormone testos-
terone in prostate cancer [77]. 

In conclusion, some key findings have emerged from this work. 
The HERV-K genome and their breakpoints in the Thai popula-
tion genome have been reported, and the HERV-K breakpoint po-
sitions have been found in the data. Two (NBPF gene and 
PCAT14 lncRNA) of these breakpoints have a reasonable poten-
tial to be key pathogenesis features of Brugada syndrome. Hence, 
these findings provide a new viewpoint on the etiology of Brugada 
syndrome, including the association with viruses and virus integra-
tion positions, and not limited to purely human genetics. 
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Introduction 

Maize (Zea mays) is a cereal plant and is one of the most widely distributed of the world's 
food crops, occupying an area of approximately 160 million hectares [1]. Maize is present 
in a variety of foods in the form of starch, proteins, lipids, vitamins, and minerals. 

In recent years, climate change by devastating environmental changes has affected nat-
ural systems. In fact, environmental extremes and climate variability have enhanced the 
likelihood of plants experiencing numerous stresses. Plant physiology is strongly influ-
enced by climate variability by several means. 
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Food security will be affected by climate change worldwide, particularly in the developing 
world, where the most important food products originate from plants. Plants are often ex-
posed to environmental stresses that may affect their growth, development, yield, and food 
quality. Auxin is a hormone that plays a critical role in improving plants’ tolerance of envi-
ronmental conditions. Auxin controls the expression of many stress-responsive genes in 
plants by interacting with specific cis-regulatory elements called auxin-responsive ele-
ments (AuxREs). In this work, we performed an in silico prediction of AuxREs in promoters 
of five auxin-responsive genes in Zea mays. We applied a data fusion approach based on 
the combined use of Dempster-Shafer evidence theory and fuzzy sets. Auxin has a direct 
impact on cell membrane proteins. The short-term auxin response may be represented by 
the regulation of transmembrane gene expression. The detection of an AuxRE in the pro-
moter of prolyl oligopeptidase (POP) in Z. mays and the 3-fold overexpression of this gene 
under auxin treatment for 30 min indicated the role of POP in maize auxin response. POP is 
regulated by auxin to perform stress adaptation. In addition, the detection of two AuxRE 
TGTCTC motifs in the upstream sequence of the bx1 gene suggests that bx1 can be regu-
lated by auxin. Auxin may also be involved in the regulation of dehydration-responsive ele-
ment-binding and some members of the protein kinase superfamily. 

Keywords: AuxRE, data fusion method, prediction, Zea mays  
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Maize plants are often exposed to environmental stresses such 
as cold, drought, and high salinity that may affect their growth, de-
velopment, yield, and food quality. To regulate these changes in 
their environment, plants respond by significant rearrangements 
in their transcriptomes and the modulation of the expression of 
numerous stress-related genes. Plant hormones have been report-
ed to be involved in plants’ adaptation to different biotic and abiot-
ic stress factors [2,3]. A plant hormone named auxin plays a criti-
cal role in improving plants’ tolerance to environmental condi-
tions, both normal (e.g., water, nutrients, oxygen, and wind) and 
extreme (e.g., droughts, high salinity, high temperatures, and cold) 
[4-6]. 

Auxin has been found in all members of the plant kingdom 
[6,7], and it regulates many steps of plant growth such as cell divi-
sion, cell elongation and cell differentiation [8], apical dominance 
[9], ethylene biosynthesis, root development [10], gravitropism, 
phototropism, and some other essential processes in plant devel-
opment [11-14]. Auxin controls the expression of many stress-re-
sponsive genes in plants by interacting with specific cis-regulatory 
elements, called auxin-responsive elements (AuxREs), which are 
present in the promoter regions of these genes. 

AuxREs, which contain the core TGTCTC motif, have been 
identified in the promoters of auxin response genes, and some of 
them have been confirmed in vivo [15,16]. The TGTCTC motif is 
also called the canonical AuxRE [17]. Many other variants of Aux-
REs have been reported to be auxin response factor (ARF) bind-
ing sites, such as TGTCCC, TGTCGG, and TGTCAC [11,18]. In 
fact, Boer et al. [19] indicated that the TGTCGG motif is more ef-
fective in binding ARF1 and ARF5. Additionally, a recent study of 
Galli et al. [20] indicated that the ARF clade A showed enrich-
ment for the TGTCGG motif, whereas the ARF clade B showed 
enrichment for the TGTCCCC motif. Boer et al. [19] revealed 
that ARF DNA binding can involve either one or more binding 
sites. However, ARF binding is stronger and more frequent in se-
quences containing repeats of the TGTC motif [20]. AuxREs are 
key elements necessary in the auxin signaling network; therefore, 
identifying AuxREs is an important and significant step toward 
understanding the molecular basis of auxin’s actions. 

In this work, we conducted an in silico prediction of AuxREs in 
the promoters of six auxin-responsive genes in Z. mays. We used 
microarray data on the auxin response in Z. mays to predict Aux-
REs in regulatory regions of these genes by applying a data fusion 
approach based on the combined use of Dempster-Shafer evi-
dence theory and fuzzy sets to scan the upstream sequences of 
auxin response genes [21]. 

Methods 

Microarray data analysis 
To identify primary response genes regulated by auxin, we used 
microarray data analysis. We employed microarray data from the 
NCBI Gene Expression Omnibus (GEO) database (https://www.
ncbi.nlm.nih.gov/geo/query/acc.cgi?acc=GSE15371). We select-
ed genes whose expression was increased >3-fold at 30 min after 
treatment of Z. mays with 1 µM indole-3-acetic acid (IAA). The 
up- and down-regulated genes and their corresponding fold 
change values were obtained using Genevestigator software. The 
fold change values corresponded to the ratios of the hybridization 
signals of mock and IAA-treated plants [22]. A list of 62 early aux-
in-responsive genes displaying a more than 3-fold difference in 
fold change values was prepared. We analyzed the predicted Aux-
REs with the highest scores. 

Upstream sequences of Z. mays genes were downloaded from 
the EnsEMBL database [23] using the RSAT-retrieve EnsEMBL 
sequence tool [24,25]. 

AuxRE prediction methodology 
In this study, we performed data fusion based on Dempster-Shafer 
theory and fuzzy set theory. We combined the predictive data ex-
tracted from two techniques that are frequently used to detect 
binding sites: linear discriminant analysis and overrepresented 
motif identification. Then, we applied our method to perform an 
in silico identification of AuxREs in the Z. mays genome.  

Our approach involved two single hypotheses H1 (a motif is an 
AuxRE) and H2 (a motif is not an AuxRE), and one additional hy-
pothesis H3, corresponding to the union of H1 and H2 and repre-
senting ignorance. The modeling process was performed through 
five major steps: (1) construction of two learning graphs, (2) deter-
mination of confidence regions based on the percentage of AuxREs 
that belonged to this region, (3) doubt modeling of the hypotheses, 
(4) fuzzification of the learning graphs, and (5) data fusion. 

Construction of learning graphs 
In the first step, a training set of validated cis-regulatory elements 
was collected from published articles and public databases. The 
available data were used as positive and negative training sets to 
build a discriminative model. 

We extracted some parameters from each of the two predictive 
methods that were chosen to be combined by the Dempster-Sha-
fer rule. We then created three learning graphs to elucidate the 
links between different parameters and types of motifs. 
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Determination of confidence regions 
A graphical analysis showed that there was no clear discrimination 
of AuxREs from other types of motifs. Therefore, we chose to sub-
divide each graph into different regions, referred to as confidence 
regions, based on the percentage of AuxREs that belonged. 

Modeling the doubt on the hypotheses 
To give an automatic score to any unknown detected motif that 
would be located on the graph, we defined a gradual preference for 
each region through a set of four propositions: P4(Hi): total confi-
dence in Hi; P3(Hi,Hj): strong preference for hypothesis Hi; 
P2(Hi,Hj): low preference for Hi; P1(Hi,Hj): total ignorance. The 
preference level for a hypothesis from P1 to P4 was then gradually 
represented by a mass value equal to 0, 0.33, 0.67, and 1, respec-
tively [9,26]. 

Fuzzification of the learning graphs 
The boundaries between regions were not very defined, and the 
transition from one region of the graph to another was smooth, 
not abrupt. Therefore, to have a continuous transition, we applied 
fuzzy logic theory by defining fuzzy sets for each measured feature 
to predict its membership degree for different possible parameters. 

Data fusion methodology 
For each detected motif, we attributed three mass values corre-
sponding to the three learning graphs. 

mO(S∈/P1&P2)=∑i
jμP1(i)(x)*μP2(j)(y)*mRij(O∈S/P1&P2 )

where S represents any subset of the hypotheses and mRijO∈S/
P1&P2 designates the mass corresponding to the region Rij of two 
studied parameters on each graph. Next, we combined these mass-
es by the orthogonal Dempster-Shafer sum. 

Results and Discussion 

In our study, we focused on detecting AuxREs in the promoter re-
gions of six early regulated genes in Z. mays. Detecting AuxREs in 
the upstream sequences of these genes may help to increase our un-
derstanding of the mode of action of auxin and provide guidance to 
elucidate the biological roles of some unknown genes in Z. mays. 
The studied genes were GRMZM2G322819, GRMZM2G325693, 
GRMZM2G126772, GRMZM2G137341, GRMZM2G334165, 
and GRMZM2G085381.  

Scan of the promoter of prolyl endopeptidase gene 
The upstream sequence of prolyl endopeptidase protein (LOC10 
3646079/GRMZM2G322819) contains a repeat of two AuxRE 
elements (TGTCTC) at positions –269 and –99. The prolyl oligo-
peptidase (POP) family is a group of serine peptidases capable of 
hydrolyzing peptides smaller than 30 residues. POP is present in 
most tissues and organisms, including humans and rats, and it 
plays interesting roles involving multiple biological processes such 
as signal transduction, protein secretion, and the maturation and 
degradation of peptide hormones. POP has been cloned from hu-
man lymphocytes [27], mouse brain [28], and porcine brain [29].  

In plants, four members of the POP family of serine proteases 
have been identified: POP (EC3.4.21.26), acylaminoacyl pepti-
dase (EC3.4.19.1), dipeptidyl peptidase IV (EC3.4.14.5), and oli-
gopeptidase B (EC3.4.21.83) [30,31]. Their enzymatic properties 
have been characterized; however, the exact function of POP in 
plants is still unclear. Tan et al. (2013) [32] studied the expression 
of rice POP (OsPOP5) in Escherichia coli under different abiotic 
stresses. Expression of OsPOP5 enhanced the tolerance of E. coli 
to dehydration, heat, and high salinity, suggesting that OsPOP5 is 
a stress-related gene in rice and may play an important role in plant 
tolerance to abiotic stress [32]. 

Moreover, in Coffea arabica, prolyl oligopeptidase (CaPOP) is 
involved in the control of lateral shoot branching. In fact, differenc-
es in the expression of CaPOP in three cultivars of C. arabica L. are 
caused by one or several factor(s) that regulate their transcription. 
Auxins are known to influence axillary activity. Therefore, it is pos-
sible that CaPOP1 could interfere with the ability of auxin [33] to 
suppress axillary buds [34]. 

The detection of these AuxREs in the promoter of POP in Z. 
mays and the overexpression of this gene under auxin treatment 
(3-fold, 30 min) indicate the role of POP in the maize auxin re-
sponse. POP is regulated by auxin to perform stress adaptation 
(Table 1). 

Scan of the promoter of the GRMZM2G325693 gene 
The LOC100277209 gene codes for an uncharacterized protein. It 
is a hypothetical protein predicted to be a transmembrane helix 
(https://www.uniprot.org/uniprot/A0A1D6HBE0). Auxin has a 
direct impact on cell membrane proteins. This short-term auxin 
response may be represented by the regulation of transmembrane 
gene expression. According to the research of Feng and Kim [35], 
after perceiving an auxin signal, ABP1 interacts directly or indirect-
ly with some transmembrane protein. Auxin may also be involved 
in auxin transport. 

The detection of a repeat of three canonical AuxREs at positions 

3 / 7https://doi.org/10.5808/gi.22056

Genomics & Informatics 2022;20(4):e45

https://www.uniprot.org/uniprot/A0A1D6HBE0
https://doi.org/10.5808/gi.22056


–964, –435, and –233 in the promoter of this gene confirms our 
suggestion (Table 1). 

Scan of the promoter of the benzoate carboxyl 
methyltransferase gene 
The LOC100282829 gene codes for a benzoate carboxyl methyl-
transferase (GRMZM2G126772) also named salicylate/benzoate 
carboxyl methyltransferase. This protein is a member of the plant 
methyltransferase family, which contains enzymes that work on a 
variety of substrates, including salicylic acid, jasmonic acid, and 
7-methylxanthine. Moreover, it can catalyze the N-methylation of 
caffeine precursors [36]. 

Benzenoid carboxyl methyltransferases produce the methyl es-
ter components of aromas in numerous plant species that are in-
volved in plants’ communication with the environment [37]. 

Several plant hormones, such as auxins, cytokinins, abscisic acid, 
and gibberellins, include carboxyl-containing groups that can serve 
as methyl acceptors [38].  

In Arabidopsis thaliana, methyltransferase is involved in the bio-
synthesis of methylsalicylate in response to stresses. It can use sali-
cylic acid, benzoic acid, anthranilic acid, and m-hydroxybenzoic 
acid as substrates. The biological role of methyltransferase involves 
defense response, methylation, and response to wounding 
(https://www.uniprot.org/uniprot/Q6XMI3). 

For several potential carboxyl substrates, it has been shown that 
the encoded protein preferably methylates the carboxyl group of 
the phytohormone IAA. Thus, some methyltransferase family 

members are implicated in chemically modifying auxin (IAA) [38]. 
In addition, some members of the carboxyl methyltransferase 

family (ATIAMT1) are involved in auxin homeostasis and IAA 
processing. In particular, this family is involved in converting IAA 
to its methyl ester form MelIAA (https://www.arabidopsis.org/
servlets/TairObject?id=132987&type=locus). 

In Z. mays, a repeat of four canonical AuxRE was detected in the 
upstream sequence of this gene (Table 1). 

Scan of the promoter of the dehydration-responsive 
element-binding gene 
The LOC100284491 (GRMZM2G137341) gene is a dehydra-
tion-responsive element-binding protein 1A. Furthermore, it is a 
putative AP2/ethylene responsive element binding protein 
(EREBP) transcription factor superfamily protein (https:// www.
uniprot.org/uniprot/A0A1D6HFV9). 

An AP2 conserved domain was detected from 57 bp to 115 bp. 
AP2 is a DNA-binding domain that can be found in transcription 
regulators in plants such as EREBP. This domain binds to the 11 
bp GCC box of the ethylene response element (ERE) promoter 
[39,40]. 

The expression of the DREB1/C-repeat binding factor (CBF) 
(A-1) group of DREB transcription factors is regulated at the tran-
scriptional level. The expression of the majority of DREB genes is 
regulated by abiotic stresses, and the transcription of DREB genes 
is induced by different environmental factors. DREB genes are 
known to play crucial roles in responses to abiotic stress [41,42]. 

The DREB1/CBF family, has been shown to directly bind to 
the promoters of IAAs. Besides, DREB2A can directly regulate the 
expression of IAA5 and IAA19, which are two desiccation 
stress-related genes [43]. 

Several plant hormones have been reported to be involved in 
stress signaling. Ethylene hormone serves as a key mediator of bi-
otic and abiotic stress factors [44]. The conserved domain AP2/
ERE superfamily plays an essential role in plant tolerance to biotic 
and abiotic stresses, such as cold and heat stress, ultraviolet light, 
drought, and salinity [45]. 

The promoter of this gene contains two predicted AuxREs (Ta-
ble 1). 

Scan of the promoter of the protein kinase superfamily gene 
The LOC100279841 (GRMZM2G334165) gene codes for a pu-
tative protein kinase superfamily protein. A conserved domain lo-
cated at 64 bp to 348 bp has been detected. This is a catalytic do-
main of the serine/threonine kinases, interleukin-1 receptor-asso-
ciated kinases (IRAKs), and related serine/threonine protein ki-

Table 1. Predicted AuxREs in the promoters of the studied genes

Gene Repeats Start End matching_seq
Zm00001d002678 2 –274 –269 ccttTGTCTCctct

–104 –99 tcccTGTCTCtagt
Zm00001d016948 3 –969 –964 aacaTGTCTCcgta

–440 –435 tccgTGTCTCctca
–238 –233 tcgaTGTCTCtaca

Zm00001d015217 4 –530 –525 ctcgTGTCTCgcgc
–479 –474 ctcgTGTCTCgtgg
–408 –403 ctcgTGTCTCgtgc
–92 –87 acgcTGTCTCataa

Zm00001d017591 2 –521 –516 tcgcTGTCTCccgg
–394 –389 cttgTGTCTCgtgc

Zm00001d020429 2 –528 –523 ctatTGTCTCcttg
–368 –363 tccgTGTCTCttgg

Zm00001d048709 2 –941 –936 ttgtTGTCTCtggg
–100 –95 cgctTGTCTCgaat

AuxRE, auxin-responsive element.
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nases (STKs). STK proteins serve as an ATP binding site and are 
involved in the biological process of protein autophosphorylation 
(NCBI, UniproKb). 

The IRAK subfamily is part of a larger superfamily that includes 
the catalytic domains of other protein STKs. STKs are involved in 
the regulation of auxin signaling. STK is induced by auxin. It plays 
the role of a positive regulator of cellular auxin efflux and controls 
organ growth by enhancing polar auxin transport. The protein ki-
nase activity of PID is necessary for its role in the regulation auxin 
efflux carriers (https://www.uniprot.org/uniprot/O64682).  

In addition, the PINOID gene, which is induced by auxin, en-
codes a protein-serine/threonine kinase. The protein kinase is 
found in vascular tissue in developing organs, as well as in leaves 
and floral parts [46]. Two TGTCTC motifs are present in the pro-
moter of the putative protein kinase protein (Table 1). 

Scan of the promoter of the benzoxazinless 1 gene 
This gene is benzoxazinless 1 (bx1/ GRMZM2G085381), which 
encodes a chloroplastic indole-3-glycerol phosphate lyase (a tryp-
tophan synthase alpha chain trp1). 

In maize, the TSA homolog BX1 catalyzes the synthesis of free 
indole from indole-3-glycerol phosphate, which is itself part of 
Trp-independent IAA production (https://www.uniprot.org/uni-
prot/P42390). 

A study published by McMullen [47] claimed that the bx1 to 
bx5 genes are located on the short arm of chromosome 4S. How-
ever, the work of Frey et al. (1997) [48] assigned different bin po-
sitions from bx1 to bx5 on chromosome 4. 

The hypothesis that variation at the bx1 locus is responsible for 
DIMBOA production is less likely to be validated, and the biosyn-
thesis of DIMBOA is controlled by nine genes including bx1, 
which represents the first one. Its role in DIMBOA biosynthesis is 
to govern the transcription of a key enzyme [49]. Polymorphisms 
within bx1 were found to have the largest effect on DIMBOA con-
tent [50], causing the dominant allele to provide plants with sub-
stantial resistance against biotic stress [51]. 

A diversity analysis of 281 inbred lines of maize showed that bx1 
is likely to be responsible for much of the natural variation in the 
synthesis of DIMBOA (a benzoxazinoid compound) [50]. Maize 
resistance against many insect pests is influenced by genetic varia-
tion in benzoxazinoid content [52]. In addition, bx1 is involved in 
the first step in the biosynthesis of benzoxazine, which improves 
resistance to pathogenic fungi, insect pests, and bacteria. Further-
more, bx1, which is a homolog of the alpha subunit of tryptophan 
synthase (TSA), is involved in tryptophan biosynthesis. bx1 and 
TSA share a substrate, indole-3-glycerol phosphate, and a product, 

indole [53,54]. 
The detection of two AuxRE TGTCTC sequences in the up-

stream sequence of the bx1 gene suggests that bx1 can be regulated 
by auxin and is involved in the auxin response in Z. mays (Table 1). 

Summary 
Food security will be affected by climate change worldwide, par-
ticularly in the developing world, thus affecting vulnerable people 
and their food systems. Stresses produced due to climate change 
and their impacts on crops needed to be managed through mod-
ern breeding technologies and biotechnological strategies to cope 
with climate change, in order to develop climate-resilient crops. 
Revolutions in genetic engineering techniques can also aid in over-
coming food security issues exacerbated by extreme environmen-
tal conditions by producing transgenic plants. 

Auxin is a plant hormone that plays a critical role in improving 
plant tolerance to environmental conditions, both normal (e.g., 
water, nutrients, oxygen, and wind) and extreme (e.g., droughts, 
high salinity, high temperatures, and cold) [4-6]. Auxin regulates 
many aspects of plant growth and development, such as cell divi-
sion, cell elongation, and cell differentiation [8]; apical dominance 
[9]; gravitropism; phototropism; and some other essential pro-
cesses [11-14]. In our study, we focused on the detection of Aux-
REs in the promoter regions of six early regulated genes in Z. mays. 
The detection of AuxREs in upstream sequences of these genes 
may improve our understanding of the mode of action of auxin 
and give guidance for further elucidating the biological roles of 
some unknown genes in Z. mays. The detection of an AuxRE in 
the promoter of POP in Z. mays and the 3-fold overexpression of 
this gene in response to auxin treatment for 30 min indicates the 
role of POP in the maize auxin response. POP is regulated by aux-
in to perform stress adaptation. In addition, the detection of two 
AuxRE TGTCTC motifs in the upstream sequence of the bx1 
gene suggests that bx1 can be regulated by auxin. Furthermore, 
auxin is suggested to be involved in the regulation of dehydra-
tion-responsive element-binding, transmembrane protein expres-
sion, and some members of the protein kinase superfamily. This 
finding could serve as an innovative approach to solve the problem 
of maize adaptation in extreme environments and to ensure maize 
production in stress scenarios due to climate change, thereby 
achieving food security by using biotechnological tools such as 
molecular markers and bioinformatics modeling. 
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Introduction 

Influenza viruses belong to the Orthomyxoviridae family and have a single-stranded nega-
tive-sense RNA genome consisting of eight gene segments, except for type C [1]. They 
encode 10 proteins: polymerase basic protein 1 (PB1), polymerase basic protein 2 (PB2), 
polymerase acidic protein, hemagglutinin (HA), neuraminidase (NA), nucleoprotein 
(NP), matrix 1 (M1), matrix 2 (M2), non-structural protein 1 (NS1), and non-structural 
protein 2 (NS2). Influenza viruses are classified into types A, B, and C according to the 
difference in antigenicity between the NP and M proteins. Influenza A virus (IAV) is sub-
grouped according to the mutations in surface glycoprotein antigens: 18 HA subtypes 
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Influenza A virus (IAV) is the most widespread pathogen causing human respiratory infec-
tions. Although polymerase chain reaction (PCR)–based methods are currently the most 
commonly used tools for IAV detection, PCR is not ideal for point-of-care testing. In this 
study, we aimed to develop a more rapid and sensitive method than PCR-based tools to 
detect IAV using loop-mediated isothermal amplification (LAMP) technology. We designed 
reverse-transcriptional (RT)–LAMP primers targeting the hemagglutinin gene. RNAs from 
reference H1N1 and H3N2 showed specific RT-LAMP signals with the designed primers. 
We optimized the reaction conditions and developed universal reaction conditions for both 
LAMP assays. Under these conditions, the detection limit was 50 copies for both RT-LAMP 
assays. There was no non-specific signal to 19 non-IAV respiratory viruses, such as influen-
za B virus, coronaviruses, and respiratory syncytial viruses. Regarding the reaction time, a 
positive signal was detected within 25 min after starting the reaction. In conclusion, our 
RT-LAMP assay has high sensitivity and specificity for the detection of the H1 and H3 sub-
types, making it suitable for point-of-care IAV testing. 
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(H1–H18) and 11 NA subtypes (N1–N11) [1-3]. 
Major outbreaks of influenza are always associated with influen-

za virus type A or B. In particular, IAV is the most widespread 
pathogen causing human respiratory infections. Human IAV 
(hIAV) has caused global pandemics, such as the H1N1 pandemic 
in 1918, the H2N2 pandemic in 1957, and the H3N2 pandemic in 
2015, which can circulate in diverse animal hosts, including hu-
mans, birds, horses, dogs, and pigs [1,2,4,5]. The recent circulation 
of highly pathogenic avian H5N1 viruses in Asia since 2003 has 
caused human fatalities [6]. 

Due to the importance of the diagnosis of influenza subtypes, 
several influenza diagnosis methods have been developed [7-9]. 
Of the identification methods, quantitative reverse-transcriptional 
polymerase chain reaction methods are currently the most com-
monly used, with the advantage of sensitive detection of target vi-
ral RNA and determining the IAV subtypes; however, it takes at 
least several hours to obtain the result [7,10,11]. 

Loop-mediated isothermal amplification (LAMP) was devel-
oped by Notomi et al. (2000) [12], and this method can amplify 
DNA or RNA targets without thermal cycling. The LAMP reac-
tion requires up to six target-specific primers. Unlike polymerase 
chain reaction (PCR), LAMP involves strand displacement using 
Bst DNA polymerase, which enables highly sensitive, quick, and 
efficient amplification under isothermal conditions [12]. In addi-
tion, LAMP reaction products can be read through turbidity or 
fluorescence [12-14], making the LAMP equipment simpler than 
the conventional PCR machines. These advantages have led to the 
further development of other molecular techniques, such as re-
verse-transcriptional loop-mediated isothermal amplification (RT-
LAMP), by combining LAMP matrices with reverse transcription 
for the detection of infectious diseases caused by various patho-
gens [14]. The simplicity of RT-LAMP makes it ideal for field test-
ing or diagnostics in point-of-care testing (POCT) settings with 
limited laboratory equipment, especially for RNA viruses [14]. 
The purpose of this study was to develop an RT-LAMP assay for 
the detection of hIAV H1N1 and H3N2. We also validated the 
sensitivity and specificity of this assay. 

Methods 

Primer design for the hIAV RT-LAMP 
The HA gene sequences of hIAV subtypes H1N1 and H3N2 were 
obtained from GenBank (http://www.ncbi.nlm.nih.gov/ gen-
bank/) and aligned using BioEdit version 7.2 software (https://
bioedit.software.informer.com/7.2/). The LAMP primers were 
designed using Primer Explorer version 5.0 (http://primerexplor-

er.jp/lampv5e/index.html) and manually curated. Each primer set 
contained two inner primers (forward inner primer [FIP] and 
backward inner primer [BIP]), two outer primers (forward outer 
primer [F3] and backward outer primer [B3]), and two loop 
primers that act to accelerate the reaction (loop forward primer 
[LF] and loop backward primer [LB]). All primers were then vali-
dated by the BLAST program. The information for the primer sets 
used in this study is presented in Fig. 1. 

RNA cloning and plasmid preparation 
Influenza positive control strains, H1N1 and H3N2 virus RNAs, 
were obtained from the Korea Bank for Pathogenic Viruses. The 
HA gene of H1N1 and H3N2 was PCR-amplified and ligated into 
RBC T&A cloning vectors (RBC Bioscience, Taipei, Taiwan). Af-
ter selecting the ligated clone, the extracted plasmid DNA was 
used as a template for RT-LAMP. 

RT-LAMP assay 
RT-LAMP was performed as described in the previous studies 
with some modifications [12,13,15,16]. In brief, 20 μL of LAMP 
reaction mixture containing 2 μL of 10× isothermal amplification 
buffer (New England Biolabs, Ipswich, MA, USA), 1.5 mM con-
centrations of each deoxynucleotide triphosphate (New England 
Biolabs), 6 mM MgSO4 (New England Biolabs), 8 U of Bst 2.0 
DNA polymerase (New England Biolabs), 7.5 U of WarmStart 
RTx Reverse Transcriptase (New England Biolabs), 1.25 μM 
SYTO9 (Thermo Fisher Scientific, Waltham, MA, USA), and 2 
μL of template plasmid DNA of H1-HA or H3-HA was used. The 
composition of the RT-LAMP primer mix was 0.2 μM of the outer 
primers (F3 and B3), 1.6 μM of the inner primers (FIP and BIP), 
and 0.4 μM of the loop primers (LF and LB). The amplification 
reaction was performed at 60°C for 45 min and terminated by 
heating at 80°C for 3 min in a CFX96 Touch Real-Time PCR De-
tection System (Bio-Rad Laboratories, Hercules, CA, USA). The 
fluorescence curve was captured from the Bio-Rad CFX Manager 
graph. 

Optimization of hIAV RT-LAMP conditions 
To optimize the amplification conditions, the LAMP reaction was 
performed at different conditions: reaction temperatures (60°C, 
63°C, and 65°C), Bst DNA polymerase (4 U, 6 U, 8 U, and 10 U), 
dNTPs (1.0 mM, 1.2 mM, 1.4 mM, 1.6 mM, and 1.8 mM), and 
MgSO4 concentrations (4 mM, 6 mM, and 8 mM). Nuclease-free 
water was used as the negative control. 
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Evaluation of specificity and sensitivity 
To evaluate the specificity of our RT-LAMP assays, RT-LAMP 

reactions were performed with the RNA from 21 kinds of respira-
tory viruses (Table 1). To confirm the sensitivity of the RT-LAMP 
assay, plasmid DNA of H1-HA or H3-HA was serially diluted 
from 107 copies/μL to 25 copies/μL and applied in the RT-LAMP 
reaction. All amplification reactions were repeated three times. 

Results 

Design and validation of the hIAV RT-LAMP primer sets 
For RT-LAMP, six primers were designed for the H1-HA and H3-
HA genes, respectively: two inner primers (FIP and BIP), two 
outer primers (F3 and B3) and two loop primers (LF and LB) 
(Fig. 1). To validate whether the designed primers worked proper-

ly, the H1-HA and H3-HA RT-LAMP primer sets were applied to 
RNAs of reference H1N1 or H3N2 as described in previous stud-
ies (45 min at 60°C) [15,16], and it was confirmed that both RT-
LAMP primer sets successfully amplified the reference H1N1 or 
H3N2 RNAs. 

Optimization of the hIAV RT-LAMP conditions 
We next optimized the RT-LAMP reaction conditions. We per-
formed the RT-LAMP reactions with four different combinations 
of primer sets for H1-HA and H3-HA: primer set 1 contained two 
inner and two outer primers without loop primers, primer set 2 
used the set 1 primers and LF, primer set 3 used the set 1 primers 
and LB, and primer set 4 contained the set 1 primers with both 
loop primers (LF and LB) (Figs. 2A and 3A). Of the four combi-
nations, primer set 4 (all six primers) resulted in the fastest amplifi-

Fig. 1. Nucleotide sequences used for designing the reverse-transcriptional loop-mediated isothermal amplification primers. Multiple 
sequence alignments of the H1-HA subtype (A) and H3-HA subtype (B) from BLAST are illustrated. Arrows indicate the positions of six 
primers (F3, B3, FIP [F2-F1c], BIP [B1c-B2], LF, and LB) aligned on the nucleotide sequence of the HA region. FIP, forward inner primer; BIP, 
backward inner primer; LF, loop forward primer; LB, loop backward primer; HA, hemagglutinin.
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cation in both H1-HA and H3-HA, and none of the negative con-
trols showed positive signals (Figs. 2A and 3A). Therefore, we de-
cided to include all six primers for both the H1-HA and H3-HA 
RT-LAMP assays. Under these conditions, we compared three dif-
ferent reaction temperatures (60°C, 63°C, and 65°C). Among 
them, 65°C showed the best amplification performance in H1-HA 
(Fig. 2B). However, in H3-HA, 63°C and 65°C showed almost 
identical performance (Fig. 3B). Therefore, we decided to use 
65°C for both RT-LAMP assays. We also compared different con-
centrations of dNTPs (1.0 mM, 1.2 mM, 1.4 mM, 1.6 mM, and 1.8 
mM), MgSO4 (4 mM, 6 mM, and 8 mM), and Bst DNA poly-
merase (4 U, 6 U, 8 U, and 10 U). As a result, the reaction condi-
tions of 1.6 mM dNTPs, 6 mM MgSO4, and 10 U Bst DNA poly-
merase showed the fastest amplification without false-positive sig-
nals for H1-HA (Fig. 2C). For H3-HA, 1.8 mM dNTPs, 4 mM 
MgSO4, and 10 U Bst DNA polymerase were the best conditions 
(Fig. 3C). 

Sensitivity and specificity of the hIAV RT-LAMP assays 
To evaluate the detection sensitivity of hIAV RT-LAMP assays, we 

tested the limit of detection (LOD) of each assay by diluting target 
plasmid DNA from 107 copies/μL to 25 copies/μL. As a result, 
the LOD for H1-HA and H3-HA RT-LAMP was 50 copies of 
plasmid DNA per reaction (Fig. 4A and 4B). To test the specificity 
of the two RT-LAMP assays, we applied 21 kinds of respiratory vi-
ruses that can cause respiratory infections (Table 1). Only H1N1 
and H3N2 showed a positive and specific amplification signal, re-
spectively, and none of the other viruses, including influenza B, 
showed positive amplification (Fig. 4A and 4B). 

Discussion 

Influenza virus is a pathogen that causes acute respiratory infec-
tions and can spread rapidly by airborne or direct person-to-per-
son contact [17]. Therefore, rapid and accurate diagnostic tools 
for influenza infection are crucially important for patient manage-
ment and the prevention of spread, especially for pandemic influ-
enza [7,17,18]. Rapid influenza diagnostic tests (RIDTs) are rapid 
antigen-based immunoassays that are widely used in clinical set-
tings because they are easy to use, the results can be obtained in a 
short time, and the test cost is low. However, due to the disadvan-
tages of RIDTs, such as their low sensitivity and reliability, these 
tools are not suitable for early and sensitive detection [7,19]. re-
verse- transcriptional polymerase chain reaction (RT-PCR) is the 
most widely used method for influenza virus identification with 
good sensitivity and specificity. However, the complicated experi-
mental procedures, including extracting viral RNA from a clinical 
sample, reverse transcription, and real-time amplification steps, 
take time and require expensive equipment, which is not ideal for 
an outpatient setting or POCT [7,11]. In this study, we aimed to 
develop a real-time RT-LAMP assay for the rapid and sensitive 
identification of major hIAVs suitable for POCT. 

We designed LAMP primers targeting the HA segment of the 
hIAV H1-HA and H3-HA subtypes. There are 18 HA subtypes, 
each of which varies in amino acid sequences by at least 30%, and 
this variation plays an important role in determining host affinity 
[1-4]. Therefore, this method could be useful for the identification 
of hIAV subtypes. Through a comparison of different reaction 
temperatures and concentrations of key reagents (dNTPs and 
MgSO4), we defined a universal optimal reaction condition for 
both LAMP assays as follows: isothermal reaction at 65°C, 1.6 
mM dNTPs, 6 mM MgSO4, 7.5 U of WarmStart RTx reverse tran-
scriptase, and 10 U of Bst DNA polymerase in a reaction volume 
of 20 μL. Under these conditions, the LOD for the H1-HA and 
H3-HA subtypes was 50 copies (plasmid DNA) per reaction. Our 
results are consistent with previous studies reporting that RT-

Table 1. Respiratory viral strains used for testing cross-reactivity 
based on the RT-LAMP assay

No. Organism Source RNA concentration 
(ng/μL)

1 Adenovirus 1 KBPV-VR-1D 174.2
2 Adenovirus 2 KBPV-VR-58D 146.7
3 Coronavirus OC43 KBPV-VR-8D 190.9
4 Coronavirus 229E KBPV-VR-9D 95.7
5 Coronavirus NL63 KBPV-VR-88D 129.2
6 Parainfluenza virus 1 KBPV-VR-44D 121.6
7 Parainfluenza virus 2 KBPV-VR-66D 100.7
8 Parainfluenza virus 3 KBPV-VR-46D 117.6
9 Human rhinovirus 14 KBPV-VR-39D 113.9
10 Human rhinovirus 21 KBPV-VR-40D 126.6
11 Respiratory syncytial virus A KBPV-VR-73 119.5
12 Respiratory syncytial virus B KBPV-VR-48 128.4
13 Metapneumovirus KBPV-VR-87D 106.1
14 Coxsackievirus A3 KBPV-VR-10D 108.3
15 Human Rotavirus A KBPV-VR-47D 148.4
16 Enterovirus 71 KBPV-VR-56D 122.7
17 Measles virus KBPV-VR-35D 112.6
18 Dengue virus 2 KBPV-VR-29D 128.4
19 Influenza B virus KBPV-VR-94D 107.8
20 Influenza A virus (H1N1) KBPV-VR-92D 333.4
21 Influenza A virus (H3N2) KBPV-VR-93D 287.2

RT-LAMP, reverse-transcriptional loop-mediated isothermal amplification; 
KBPV, Korea Bank for Pathogenic Viruses.

https://doi.org/10.5808/gi.220574 / 7

Kang JS et al. • RT-LAMP for human influenza virus

https://doi.org/10.5808/gi.22057


Fig. 2. Optimization of human influenza A virus H1-HA reverse-transcriptional loop-mediated isothermal amplification (RT-LAMP). (A) RT-
LAMP results with four different primer sets. (B) RT-LAMP results with three different temperatures. (C) RT-LAMP results with different 
concentrations of dNTPs, MgSO4, and Bst DNA polymerase. X-axis, time (min); Y-axis, relative fluorescence units (103). Nuclease-free water 
was used as a negative control (NTC).

Fig. 3. Optimization of human influenza A virus H3-HA reverse-transcriptional loop-mediated isothermal amplification (RT-LAMP). (A) RT-
LAMP results with four different primer sets. (B) RT-LAMP results with three different temperatures. (C) RT-LAMP results with different 
concentrations of dNTPs, MgSO4, and Bst DNA polymerase. X-axis, time (min); Y-axis, relative fluorescence units (103). Nuclease-free water 
was used as a negative control (NTC).
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Fig. 4. Sensitivity and specificity of H1-HA and H3-HA reverse-transcriptional loop-mediated isothermal amplification (RT-LAMP) assays. 
Serially diluted plasmid DNA of H1-HA (A) and H3-HA (B) subtypes was subjected to LAMP. Plasmid DNA containing H1-HA and H3-HA was 
diluted from 107 copies to 25 copies and subjected to RT-LAMP. To evaluate the specificity, 19 non-H1-HA and H3-HA respiratory viruses 
were tested. Nuclease-free water was used as a negative control (NTC).

LAMP had higher sensitivity than PCR-based assays [20-24]. In 
particular, the reaction time of our RT-LAMP assay was less than 
25 min, which was approximately four times quicker than that of 
the conventional RT-PCR assay. These results suggest that our RT-
LAMP assays can identify IAV subtypes 20 times more sensitively 
and four times more quickly than conventional RT-PCR assays. 

Considering the time for RNA extraction and preparation of re-
action reagents (~30 min), physicians can receive the results with-
in 1 hour after sampling from the patient, which is much shorter 
than PCR-based detection (~3 h) [9]. When we examined wheth-
er there were cross-reactions with other respiratory viruses (19 re-
spiratory viruses), none of the assays showed cross-reactions with 
any of the respiratory viruses, suggesting high specificity of our 
RT-LAMP assays. 

In conclusion, our hIAV H1-HA and H3-HA RT-LAMP assays 
could detect both targets with high sensitivity and specificity with-
in 1 h. Considering the time and sensitivity/specificity, these as-
says would be a useful tool for detecting the hIAV H1-HA and H3-
HA subtypes in the outpatient and POCT settings. 
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Introduction 

Klebsiella pneumoniae belongs to the family of Enterobactericeae and is classified as an ex-
ample of carbapenem-resistant Enterobacteriaceae. This organism causes infections in 
nosocomial settings, posing a global threat due to the ability of bacterial pathogens to ac-
quire mobile genetic traits, making them resistant towards antibiotics. K. pneumoniae 
causes a wide range of infections, including urinary tract infections, pneumonia, and liver 
abscesses [1]. Current drugs target the cellular processes of bacterial pathogens, such as 
translation, transcription, and replication. However, bacterial pathogens can still develop 
resistance to antibiotics [2]. 

The emergence of multidrug-resistant (MDR) bacterial pathogens has become a global 
threat, as stated by the World Health Organization [3]. These pathogens can acquire ge-
netic traits that allow them to develop resistance, leading to an increase in prevalence and 
affecting human populations by lowering mortality and morbidity rates. Current antibi-
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otics are unable to effectively combat MDR pathogens, which can 
acquire mobile genetic traits that make them resistant to antibiot-
ics [4]. Carbapenems and colistin are among the most potent anti-
biotics, but some bacteria, such as K. pneumoniae carbapene-
mase-producing strains have developed resistance to them [5,6]. 

DNA adenine methyltransferase (Dam) is a promising drug tar-
get because it plays a role in the epigenetic regulatory machinery 
that helps sustain the viability of bacterial pathogens and regulates 
their pathogenicity [7]. DNA methylation is an epigenetic mecha-
nism that regulates various bacterial physiological processes, such 
as chromosome replication, DNA segregation, mismatch repair, 
transposition, and transcription, by altering the affinity and interac-
tion of regulatory proteins with DNA. Dam, which methylates the 
N-6 position of adenine in the GATC sequence, is essential for acti-
vating bacterial virulence genes. Research on antibiotic resistance 
has increasingly linked Dam, a DNA inhibitor that plays a critical 
role in bacterial pathogenesis, to antibiotic resistance. Dam is re-
quired for the replication and gene expression of the bacterium. 
The finding of Dam in epigenetics studies makes it easier to discov-
er medications for this MDR pathogen. Dam modification is also 
important in bacterial pathogenicity, as pathogenesis is influenced 
by either deficiency or overexpression, which is believed to induce 
attenuation, or premature transcription in the bacterium. Since 
most drug development focuses on virulence factors rather than 
mechanisms that maintain the viability of pathogenic bacteria, Dam 
systems can be targeted as potential antibiotic targets. The underly-
ing mechanism of Dam's biological role makes it an appealing target 
for antibiotics. In this study, we used a hypothetical protein from K. 
pneumoniae that contains a Dam domain, which has been linked to 
antibiotic resistance [8]. In this study, we used a hypothetical pro-
tein from K. pneumoniae that contains a Dam domain, which has 
been linked to antibiotic resistance. We employed bioinformatics 
techniques, including subtractive genomics, virtual screening, and 
fingerprint similarity searches, to aid in computer-aided drug dis-
covery. We identified a new potential drug, koenimbine, which can 
be further explored for drug development processes. 

Methods 

This study involved several in silico methods, including subtractive 
genomic analysis, molecular docking, and absorption, distribution, 
metabolism, excretion, and toxicity (ADMET) testing. The work-
flow is summarized in Fig. 1. 

Retrieval of the bacterial proteome 
The UniProt database was used to obtain all available K. pneumo-

niae hypothetical protein sequences containing Dam by using the 
keyword "Klebsiella pneumoniae" and the term "n6 DNA adenine 
methyltransferase." The UniProt database is the largest protein da-
tabase with detailed annotations of proteins [9]. 

Identification and analysis of non-homologous sequences 
All retrieved hypothetical protein sequences were screened to se-
lect only non-homologous sequences. This was done using 
BLASTp (Basic Local Alignment for Protein) against the National 
Center for Biotechnology Institute database (NCBI) with a 
threshold of an e-value of <0.0005 [10]. 

Identification of essential genes 
To identify a potential drug target, the non-homologous hypothet-
ical protein must contain essential genes that are important for the 
cellular processes of the cell. These essential genes are important 
because they are involved in major constituents of the cells neces-
sary for the survival of the pathogens. The hypothetical proteins 
were screened using BLAST against the Database of Essential 
Genes (DEG) with a threshold of an e-value of <0.0001 [11].  

Broad-spectrum analysis  
To be considered a broad-spectrum hypothetical protein, a protein 
must be present in more than 25 bacterial protein kingdoms. Hy-
pothetical proteins with essential genes were screened using 
BLASTp, with an e-value of 0.005. 

Druggability analysis 
DrugBank is a comprehensive database used for in silico computa-
tional-aided drug design that includes information on drug targets 
and the actions of drugs that have been approved by the Food and 
Drug Administration (FDA) [12]. A hypothetical protein was 
screened using BLASTp against the DrugBank database with an 
e-value of 0.001 to determine if it was a druggable protein. 

Non-homology analysis against gut microbiota 
Gut microbiota plays an important role in the human gastrointes-
tinal. A homologous protein with similarity to the human gut may 
interact and bind with the gut flora proteins, leading to adverse 
pharmacokinetic side effects in the host. Hence, any homologous 
protein that was similar to the human gun was removed by using 
BLASTp with an e-value of 0.0001 [13]. 

Subcellular localization 
The subcellular localization of the hypothetical protein was deter-
mined using PSORTb 3.0, an accurate predictor of bacterial pro-
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Fig. 1. Overall workflow of the identification of proteins as putative drug targets. KEGG, Kyoto Encyclopedia of Genes and Genomes; 
STRING, Search Tool for the Retrieval of Interacting Genes/Proteins; VFDB, Virulence Factor Database.

Retrieval of 32 protein of Klebsiella pneumoniae 
containing DNA adenine methyltransferase

BLASTp against protein sequence from VFDB
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tein subcellular localization. Gram-negative bacterial proteins have 
five major localizations: cytoplasmic, inner membrane, periplas-
mic, outer membrane, and extracellular [14]. In this study, pro-
teins located at the membrane channel and cytoplasmic were se-
lected because they are more likely to be good drug targets [15]. 
Based on the subcellular localization identification using PSORTb, 
and drug targets located in the cytoplasm were selected. 

Drug target property 
Drugs often target enzymes and are involved in binding, signaling, 
and communication. According to Bakheet [16], good drug tar-
gets have eight key properties: hydrophobicity >–142.4, amino 
acid length >550, presence of a signal motif, absence of a PEST 
motif, more than two N-glycosylated amino acids, no more than 
one O-glycosylated serine, mean pI < 7.2, and presence of a trans-
membrane helix with a cytoplasmic membrane location. 

To analyze these properties, the ExPasy server was used to de-
termine amino acid length, hydrophobicity, and pI [17]. The pres-
ence of a transmembrane helix (THMM), was identified using the 
TMHMM method (http://www.cbs.dtu.dk/~krogh/TMHMM/) 
[18], and PEST regions were identified using the Epestfind tool 
(http://emboss.cbr.nrc.ca/cgi-bin/emboss/epestfind). To analyze 
O-glycosylation, the NetOglyc program (http://www.cbs.dtu.dk/
services/NetOGlyc/) was used, while N-glycosylation was evalu-
ated using a specialized tool (http://www.cbs.dtu.dk/services/
NetNGlyc/) [19]. 

Anti-target non-homology analysis 
Anti-target non-homology analysis was performed to eliminate 
anti-target receptors [20], using an e-value of 0.005. 

Drug data properties 
The ChEMBL database provides bioactivity, molecule, target, and 
drug data from various sources, including medicinal chemistry lit-
erature, and can be used to identify good drug targets [21]. Hypo-
thetical proteins that showed more matches from the ChEMBL 
were considered to be good drug targets.  

Virulence factor analysis  
The Virulence Factor Database (VFDB) provides an extensive un-
derstanding of the virulence factors characterized by 16 dominant 
bacterial pathogens [22]. These virulence factors are crucial in caus-
ing bacterial pathogens to colonize the host and harm the host cell. 

Protein-protein interactions 
Protein functions are a key component of the cellular phenotype 

and are not independent. Networks of interacting proteins help to 
understand protein function. To obtain protein-protein interac-
tions of K. pneumoniae, the Search Tool for the Retrieval of Inter-
acting Genes/Proteins (STRING) database was used [23]. Neigh-
boring proteins with a high confidence score (greater than 0.7) 
were included. 

Binding site prediction 
Drugs bind to specific sites on proteins. The interactions between 
these binding sites help to understand the physicochemical inter-
actions between drugs and proteins. These predictions were made 
using DoGSiteScorer, an automated algorithm for pocket and drug 
ability prediction. Pockets were predicted by mapping the protein 
to a grid and using the Gaussian difference to filter and identify 
pocket regions on the protein surface [24]. 

Metabolic pathway analysis 
Comparative metabolic pathway analysis was performed to identi-
fy unique interactions between the host and the identified protein 
using the Kyoto Encyclopedia of Genes and Genomes (KEGG). 
The output provides KEGG Orthology assignments that generate 
KEGG pathways [25]. A metabolic pathway analysis is essential to 
elucidate the predicted putative drugs. 

Gene ontology 
As the identified protein is uncharacterized, it is important to iden-
tify its specific biological role. Understanding the biological role of 
a protein provides insight into its specific function [26]. The bio-
logical role of the identified protein was assessed via Gene Ontolo-
gy (GO). a consortium for biology unification in shared eukary-
otes that constructs three ontological categories: biological pro-
cesses, molecular functions, and cellular components [27]. The 
GO classification provides essential information on biological role 
of proteins in specific organisms. 

Homology modeling 
The structures of uncharacterized proteins are not available in the 
Protein Data Bank (PDB), although structural mechanism is vital 
for an understanding of ligand interactions and channel interac-
tions with the targeted protein [28]. The targeted 3D protein 
structure was constructed by using the fully automated server 
SWISS-MODEL. First, homology modeling of the targeted pro-
tein was compared against a similar protein structure template 
[29]. The template for the identified protein was identified based 
on the protein structure of Escherichia coli bacteria containing Dam 
(PDB ID: 4RTL) [30]. The modeled protein structure was then 
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verified to check the protein quality of the stereochemical struc-
ture using PROCHECK [31], ProSA-web where errors in the 3D 
structure are recognized [32], and ERRAT. 

Ligand preparation 
Seven ligands were identified as DNA methyltransferase inhibitors 
from a literature review [33]: mahanine (PubChem ID: 375151), 
curcumin (PubChem ID: 969516), epigallocatechin gallate (Pub-
Chem ID: 65064), nanaomycin A (PubChem ID: 40586), parthe-
nolide (PubChem ID: 7251185), quercetin (PubChem ID: 
5280343), and trimethylaurintricarboxylic acid (PubChem ID: 
263071). Ligands developed for putative drug targets should not 
violate the five Lipinski rules; therefore, they were first validated 
using the SWISS-ADME server. Ligands that resulted in any viola-
tion were not further included in the analysis. 

The 2D structure was obtained in SDF format and retrieved 
from the PubChem database (https://pubchem.ncbi.nlm.nih.
gov/). The SDF file was converted to PDB via OpenBABEL and 
SMILES (http://cactus.nci.nih.gov/services/translate/) [34]. The 
converted PDB structures were minimized to PDBQT with the 
AutoDock Vina tool. Non-polar hydrogens were added and merged 
to the ligands, and Gasteiger charges were computed. The torsion 
of the ligand was defined and saved as a PDBQT extension. 

Molecular docking 
Molecular docking is performed to identify ligands that bind with 
the lowest affinity score to develop potential putative drug targets 
by using AutoDock Vina. The default exhaustiveness was set to 1.0 
Å. An identified protein was configured by first adding all hydro-
gens to the protein and merging the non-polar hydrogens. The 
Gasteiger charges were computed and the protein was saved as a 
PDBQT file. 

A grid box was set based on the predicted binding site with the 
configuration values of the center grid box of x, y, z. The size of the 
dimension grid box was set to 30.0 Å. The binding affinity score 
was observed. 

Identification of novel inhibitors through a molecular 
fingerprint search of the prioritized ligand 
To identify novel inhibitors, a fingerprint search was performed 
using NPASS (Natural Product Activity and Species Source data-
bases) to search for compounds similar to the prioritized ligand 
based on the docking of DNA methyltransferase inhibitors [35]. 
The fingerprint search was done using by inputting the SMILES of 
prioritized ligand and setting the fingerprint type (pubchem-881 
fp) with a threshold ≥ 0.90 in the search by structure and function 

in the NPASS database. 

Virtual screening 
Virtual screening was performed to evaluate docking against clus-
ters of ligands by using AutoDock. The settings were the default 
parameters of 1.0 Å with a dimension grid of 30.0 Å. The analysis 
was performed based on the binding energy score. 

ADMET testing 
ADMET are the major processes carried out by the body as soon 
as a drug is administered [36]. These pharmacokinetic properties 
were evaluated to indicate the site of action of a drug using the 
pkCSM database [37]. The pkCSM database optimizes these 
pharmacokinetics properties by using the graph-based signatures. 

Results and Discussion 

The aim of this study was to identify novel DNA methyltransfer-
ase inhibitors for the bacterial species K. pneumoniae. All 32 hypo-
thetical proteomes of K. pneumoniae containing Dam were re-
trieved from UniProt and analyzed as potential druggable proteins. 
The proteins were characterized using a subtractive genomics ap-
proach based on the following criteria: non-homology to the hu-
man host, presence of essential genes, broad-spectrum presence in 
the bacterial kingdom, and non-homology to the human gut mi-
crobiota. The workflow and analysis summary can be found in 
Figs. 1 and 2.  

The first step of the subtractive genomics approach was non-ho-
mology analysis. Homologous proteins present in the human host 
may interact with molecules and carry unwanted toxicity. To de-
crease the risk of adverse side effects, non-homologous proteins 
were selected as putative drug targets by subjecting the protein se-
quences to BLAST with an e-value of 10-3. Essential genes are 
known to be essential for the survival of bacterial proteomes by 
maintaining cellular processes [11]. To identify essential genes in 
the bacterial proteomes, the sequences were subjected to BLASTp 
against the DEG database with an expected value of <0.0001. 

To effectively treat multiple bacterial infections, the target drug-
able protein should be common in the broad-spectrum bacterial 
kingdom [38]. Multiple target antibacterials are preferred as drugs. 
To predict whether these bacterial proteomes are broad-spectrum, 
all 32 proteins were searched using BLAST with an e-value of 
<0.0001 against the NCBI bacterial pathogens database. This result-
ed in all 32 proteins being non-homologous, containing essential 
genes, and present in a broad spectrum of the bacterial kingdom. 
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Druggability analysis 
Proteins that are druggable are defined as being able to bind 
strongly with drug molecules [39]. These are known as high-affin-
ity bindings between the protein and ligand, which result in stron-
ger intermolecular forces. A notable source of comprehensive drug 
data is DrugBank, which contains small molecule drugs, biotech 
drugs approved by the FDA, nutraceuticals, and experimental 
drug entries [12]. The targeted proteins were then searched 
against the DrugBank database using BLASTp, and of the 32 pro-
teins, only 26 were characterized as druggable. 

Human gut microbiota analysis 
The gut microbiota refers to the large population of organisms that 
colonize the intestinal tracts [40]. The gut microbiota is highly as-
sociated with human inflammatory diseases. Pathogens in the hu-
man gut microbiota co-evolved through a symbiotic relationship, 
promoting the replication of pathogens [41]. Homologous pro-
teins may lead to unintentional blockage of proteins in the gut flo-
ra, causing adverse effects [42]. To prevent this, homologous pro-
teins were removed by searching against the NCBI database of gut 
flora using BLASTp with a threshold of <0.005. Of the 26 proteins, 
19 were found to be non-homologous to the human gut. 

Subcellular localization analysis 
The characterization of subcellular localization is an important de-

terminant in the development of putative drug targets, as it reveals 
the main function of the protein [43]. The localization of a protein 
determines its function [44]. Proteins located in cytoplasmic re-
gions are more favorable as drug targets because they contain an 
abundance of enzymes, making them more feasible as drug targets. 
The cellular localization was predicted using PSORTb. Nine pro-
teins were found to be located at the cytoplasmic membrane, while 
the localization of 10 proteins was unknown. 

Drug target property analysis 
To further understand the drug properties of these nine proteins, 
they were analyzed based on eight key properties summarized by 
Bakheet and Doig [16]. These properties, which are important for 
good drug targets, include: hydrophobicity >–142.4, amino acid 
length >550, presence of a signal motif, absence of a PEST motif, 
more than 2 N-glycosylated amino acids, not more than 1 O-gly-
cosylated serine, mean pI <7.2, presence of a transmembrane helix, 
and cytoplasmic membrane location. 

One key aspect of good drug targets is high hydrophobicity. The 
balance of hydrophobicity in a protein is important for its folding 
and aggregation [45]. The higher the hydrophobicity of the pro-
tein, the better the folding, which indirectly affects its function 
[44]. The stabilization of hydrophobicity can also affect the bind-
ing affinity between the protein and ligand [46]. The results 
showed that all of the proteins had a hydrophobicity of <–0.142. 

Fig. 2. Summary of the subtractive genomic analysis of the 32 hypothetical proteins of Klebsiella pneumoniae containing DNA adenine 
methyltransferase.
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The isoelectric point (pI) of a protein, which reflects the overall 
charge of its amino acids, is another important factor to consider. 
The pI value determines the pH of the protein and its solubility. 
Higher pI values indicate that the protein is basic, while lower val-
ues indicate that it is acidic. A good drug target should have a pI val-
ue < 7.2. Three proteins were identified as having a mean pI < 7.2: 
A0A3P4EC49, A0A3P4UG76, and A0A2U0NNR3 (Table 1). 

The desired amino acid length for a drug target should be great-
er than 550 amino acids in total length. The longer the amino acid 
length, the greater the surface area of the protein for interactions 
with drugs. However, all of the drug targets had less than 550 over-
all amino acids, which may be due to the type of bacteria species. 
Signal peptide cleavage aids in the transportation of proteins of the 
endoplasmic reticulum across the membrane [47]. However, the 
results indicated that the presence of a signal peptide itself is less 
significant due to the localization of the protein in the cytoplasm. 

PEST regions are regions of a peptide that are rich in proline (P), 
glutamic acid (E), serine (S), and threonine (T). Proteins that 
have one or more PEST regions are associated with shorter intra-
cellular half-lives, as they are reported to cause protein degradation 
[48]. All of the protein sequences observed contained at least one 
PEST region. However, transmembrane helices, which are amino 
acids that flank regions, were absent from all observed proteins. 

Glycosylation is a crucial process that occurs abundantly in 
polypeptide chain modifications [49]. Bacterial proteins possess 
two glycosylation states: N-linked and O-linked glycosylation 
[50]. According to Bakheet and Doig [16], most bacterial protein 
drug targets either have more than two N-glycosylated amino ac-
ids or one or no O-glycosylated ser. Four proteins had one or no 
O-linked glycosylated serines, and three proteins had more than 
two N-linked glycosylated amino acids. 

Based on these drug properties, three proteins were selected for 
further screening as they possessed more drug target characteris-
tics: A0A3P4EC49, A0A3P4UG76, and A0A2U0NNR3 (Table 1). 

Identification of putative drug targets 
It is necessary to predict which drug candidates are likely to fail. 
Therefore, a protein needs to first be identified as either an anti-tar-

get or target protein. An anti-target protein is a protein receptor that 
causes adverse pharmacokinetic side effects when it binds to the 
drug. Here, none of the three proteins were anti-target proteins. 

Out of these three proteins, A0A2U0NNR3 had more desirable 
drug properties when analyzed using chEMBL, with 10 matches. 
It also showed the highest pocket binding score of 0.82 when ana-
lyzed using DoGSiteScorer, The protein was then further studied 
for its metabolic pathways. Based on the metabolic pathway analy-
sis on the KEGG server, the protein was found to be involved in a 
unique pathway of DNA mismatch repair. The GO analysis de-
scribing the specific biological role of the protein indicated that 
the protein functions as a site-specific DNA methyltransferase 
(adenine-specific activity). 

In order to understand the virulence mechanism, the proteins 
were queried in the VFDB. The bacterial protein virulence factors 
were as follows: VFG010749 (sdhB) Dot/Icm type IV secretion 
system effector, VFG001959 (hddC) capsular polysaccharide 
heptosyltransferase, VFG000166 (pchE) dihydroaeruginoic acid 
synthetase PchE [Py], VFG000272 (ureE) urease accessory pro-
tein (ureE), metalloch, and VFG002139 (cdsD) type III secretion 
system in the inner membrane (Table 2). 

Protein-protein interactions 
Protein-protein interactions help decipher the interactome mecha-
nisms of bacterial proteins. Neighboring proteins that scored great-
er than 0.7 were considered as high-confidence interacting pro-
teins. The significant proteins identified were tryptophanyl t-RNA 
synthetase, ribulose phosphate 3-epiramase, DNA mismatch re-
pair endonuclease MutH, three dihydro quinate synthase, and 
DamX (Fig. 3). 

Molecular docking 
Initially, the protein structure A0A2U0NNR3 was searched in the 
PDB. The search results showed that the protein structure was not 
available. The protein sequence was submitted to SWISS-MOD-

Table 1. Results of the ChEMBL approach for identified targets 
and DoGSiteScorer score pocket binding prediction of all three 
hypothetical proteins

UniProt ID ChEMBL-targets identified DoGSiteScorer
A0A3P4EC49 3 0.81
A0A3P4UG76 5 0.81
A0A2U0NNR3 10 0.82

Table 2. Virulence factors of the hypothetical protein A0A2U0NNR3

UniProt ID Virulence factor
A0A3P5S6Q8 VFG010749 (sdhB) Dot/Icm type IV secretion system  

effector
VFG001959 (hddC) capsular polysaccharide  

heptosyltransferase
VFG000166 (pchE) dihydroaeruginoic acid synthetase 

PchE [Py]
VFG000272 (ureE) urease accessory protein (ureE),  

metalloch
VFG002139 (cdsD) type III secretion system inner  

membrane r
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EL to construct the protein structure. The modeled structure was 
based on the retrieved template from the SWISS-MODEL tem-
plate library of PDB ID: 4RTL. To ensure the structural quality of 
the model, the protein was first evaluated (Fig. 4). The evaluation 
was done using PROCHECK, ERRAT, and PRoSA. PRO-
CHECK constructed a Ramachandran plot that gave 89.9% of res-

idues in the favored regions, 9.4% in the additional allowed re-
gions, and 0.4% in both the generously and disallowed regions. 
According to Kumar [51], a good-quality protein structure should 
have an overall percentage of residues in the favored and allowed 
regions of over 90%. Here, the model gives a total of 89.9% + 9.4% 
= 99.3%. 

Fig. 3. Proteins interacting with the main protein JG24_22730 at a specific site of DNA adenine methyltransferase and the functional 
partners.

Fig. 4. (A) Protein structure of A0A2U0NNR3 that was evaluated by using PyMOL. Red, helix; yellow, sheets; green, loops. (B) The active site 
is demonstrated by the region colored peach is the binding site of the protein predicted by DoGSiteScorer.

BBAA
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The Z-score value from ProSA was –7.49, indicating that the 
model was made by the X-ray crystallography method. The ER-
RAT plot gave an overall factor quality score of 84.848, which was 
an average quality score. Based on the results, the protein model 
could be inferred for further study. The ligands that were sourced 
from the literature review were first analyzed for any violations of 
Lipinski rules (Fig. 5). Only ECGC was excluded as it gave two vi-
olations of the Lipinski rules: N or O>10, NH or OH>5. 

The inhibitors were docked and defined to the predicted bind-
ing site with a dimension grid of 30 Å. Mahanine had the highest 

binding affinity score of –10.8 kcal/mol, followed by nanaomycin 
A (–10.0 kcal/mol), timethylaurintricarboxylic acid (–9.4 kcal/
mol), and quercetin (–9.3 kcal/mol). Curcumin had the lowest 
binding affinity score of –8.5 kcal/mol. The molecular docking re-
sults are tabulated in Table 3. 

Virtual screening 
Based on the binding affinity score, mahanine was further screened 
to identify a compound with a similar composition to that of mah-
anine. Mahanine is a carbazol alkaloid extracted from the plant 

Fig. 5. Structure quality assessment. (A) Ramachandran plot of the A0A2U0NNR3 protein by using SWISS-MODEL. (B) Z-score of the 
residues (ProSA). (C) Local model quality based on the sequence position. NMR, nuclear magnetic resonance.
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Table 4. Binding affinity score between the A0A2U0NNR3 protein and 22 ligands based on similarity findings and drug-likeness properties

Natural product 
name Product name PubChem ID Binding energy 

(kcal/mol)
Rotatable 

bonds
ADME TEST
(Lipinski)

NPC162484 Koenimbine 97487 –5.97 2 Yes
NPC190007 Mahanimbilol 5353739 –5.95 2 Yes; 1 violation
NPC193777 Glybomine B 11208660 –5.96 2 Yes
NPC201697 Clausenawalline C 57409124 –5.96 2 Yes
NPC205934 Mahanimbine 167963 –5.95 2 Yes; 1 violation: MLOGP>4.15
NPC209769 Claurailas B 51039826 –5.97 2 Yes
NPC212535 3-Methyl-9H-Carbazol-2-Ol 3459141 –5.94 2 Yes
NPC243834 Sid506287 375146 –5.95 2 Yes
NPC267423 n.a. 375144 –5.96 2 Yes; 1 violation: MLOGP>4.15
NPC291535 Sid506290 375149 –5.94 2 Yes
NPC43787 Grinimibine 96943 –5.92 2 Yes
NPC470931 n.a. 71717470 –5.89 2 Yes; 1 violation: MLOGP>4.15
NPC475085 Sid506292 375151 –5.91 2 Yes
NPC475112 Sid506289 375148 –5.96 2 Yes
NPC476044 n.a. 44583761 –5.89 2 Yes; 1 violation: MLOGP>4.15
NPC476106 5-(3,5-Dimethyl-3,11-dihydropyrano[3,2-a]carbazol-3-yl)-2-

methylpent-1-en-3-ol
375155 –5.96 2 Yes

NPC477532 3-[(2E)-3,7-dimethylocta-2,6-dienyl]-8-[3-[(2E)-3,7-dimethy-
locta-2,6-dienyl]-9-methoxy-3,5-dimethyl-11H-pyrano[3,2-a]
carbazol-10-yl]-3,5-dimethyl-11H-pyrano[3,2-a]carbazol-7-ol

71725436 –5.95 2 No; 2 violations: MW>500, 
MLOGP>4.15

NPC48353 Glycoborinine 10446329 –5.95 2 Yes
NPC70259 (+)-Mahanimbicine 4072580 –5.94 2 Yes; 1 violation: MLOGP>4.15
NPC70956 Euchrestine B 15060943 –5.96 2 Yes; 1 violation: MLOGP>4.15
NPC72211 (-)-O-Methylmahanine 71716235 –5.96 2 Yes; 1 violation: MLOGP>4.15
NPC94943 Siamenol 477436 –5.95 2 Yes

Table 3. Binding affinity between the A0A2U0NNR3 and the six 
ligands

Bioactive compound Binding affinity (kcal/mol)
Curcumin –8.5
Mahanine –10.8
Nanaomycin A –10.0
Parthenolide –7.6
Quercetin –9.3
Trimethylaurintricarboxylic acid –9.4

species Murraya koenigii and has been previously reported as a 
DNA methyltransferases inhibitor. In order to identify new novel 
antibiotics derived from plants, a fingerprint search was per-
formed. Based on the calculated fingerprint similarities, 22 com-
pounds were found to be similar to mahanine. The names of three 
compounds were not available. Two compounds, koenimbine and 
grinibine, were reported to be carbazole alkaloids found in M. koe-
nigii [52]. 

None of the ligands violated the Lipinski rules. The virtual screen-
ing was performed using AutoDock. The virtual screening results 

showed that koenimbine and claurailas B had the highest binding af-
finity score (–5.97 kcal/mol). Koenimbine is also one of the carba-
zole alkaloids of the same plant species and could be explored as a 
novel antibiotic (Table 3). Table 4 shows the ligand-binding score 
and drug-likeness property. 

ADMET test 
ADMET testing was further conducted for koenimbine to under-
stand the absorption, distribution, metabolism, excretion, and tox-
icity of the compound. The analysis was interpreted based on the 
guidelines of pkCSM [37]. Compound absorption analysis 
showed that the compound has high CaCO2 permeability. The 
water solubility was –4.618 log(mol/L). The compound absor-
bance in the human intestine was 93.479%, indicating a good ab-
sorption rate. Koenimbine was also demonstrated to be a P-glyco-
protein II inhibitor, with significant implications for its pharmaco-
kinetic effects.  

In terms of distribution, koenimbine was seen to have a slightly 
low distribution in the tissue plasma, as the volume of distribution 
was 0.654 L/kg. The toxicity measurements using Tetrahymena 
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pyriformis indicated that the compound was highly toxic against 
bacteria, with 0.948 μg/L. The compound was also seen to be mu-
tagenic against bacteria indicating its ability to cause detrimental 
impacts on bacteria. The results are summarized in Table 5. 

Summary 
We identified and prioritized a drug target (Dam) from 32 pro-
teins of K. pneumoniae using subtractive genomics, based on drug 
properties, pocket analysis, pathway analysis, and structure analy-

Table 5. ADMET test results for koenimbine

Value
Absorption
 Water solubility –4.618
 Numeric (log mol/L)
 CaCO2 permeabilty 1.411
 Numeric (log Papp in 10-6 cm/s)
 Intestinal absorption (human) (% absorbed) 93.479
 Skin permeability –2.742
  Numeric (log Kp)
 P-glycoprotein substrate Yes
 P-glycoprotein I inhibitor No
 P-glycoprotein II inhibitor Yes
Distribution
 VDss (human) 0.654
 Fraction unbound (human) 0.024
 BBB permeability (log BB) 0.421
 CNS permeability (log PS) –1.789
Metabolism
 CYP2D6 substrate No
 CYP3A4 substrate Yes
 CYP1A2 inhibitor Yes
 CYP2C19 inhibitor Yes
 CYP2C9 inhibitor Yes
 CYP2D6 inhibitor No
 CYP3A4 inhibitor No
Excretion
 Total clearance (log mL/min/kg) 0.477
 Renal OCT2 substrate No
Toxicity
 AMES toxicity Yes
  Max tolerated dose (human) (log mg/kg/day) –0.312
  Hepatotoxicity Yes
  Skin sensitization No
  Minnow toxicity (log mM) –0.436

ADMET, absorption, distribution, metabolism, excretion, and toxicity; BBB, 
blood-brain barrier; CNS, central nervous system; OCT2, organic cation 
transporter 2.

sis. Our proposed computational pipeline approach rapidly identi-
fied the drug target. Koenimbine, a natural bioactive chemical 
compound of M. koenigii, has the potential to be a novel antibiotic. 
Mahanine may also be a potential novel antibiotic for inhibiting 
Dam-containing bacterial pathogens. 
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Introduction 

In the analysis of high-dimensional genomics data, the least absolute shrinkage and selec-
tion operator (Lasso) method and its variants have been widely used to perform regres-
sion and model selection [1-3]. Typical Lasso performs variable selection at the individu-
al gene level. However, genomic data can have a group structure, as in gene-expression 
data with pathways or in single-nucleotide polymorphism (SNP) data with genetic re-
gions including multiple SNPs from genome-wide association studies. Better predictions 
can be expected if the group structure of the genes is considered. Several variants of Lasso 
have been developed to address the group structure [4-7]. Group Lasso ensures sparsity 
at the level of pre-defined groups and eliminates unimportant groups [4]. Moreover, 
sparse group Lasso combines Lasso and group Lasso to enable group selection as well as 
individual selection [5]. 

Visualization is used to effectively summarize the results of high-dimensional data anal-
ysis. The results of Lasso are often expressed as a tracking plot of regression coefficients. 

MP-Lasso chart: a multi-level polar 
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Penalized regression has been widely used in genome-wide association studies for joint 
analyses to find genetic associations. Among penalized regression models, the least abso-
lute shrinkage and selection operator (Lasso) method effectively removes some coefficients 
from the model by shrinking them to zero. To handle group structures, such as genes and 
pathways, several modified Lasso penalties have been proposed, including group Lasso and 
sparse group Lasso. Group Lasso ensures sparsity at the level of pre-defined groups, elimi-
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high-dimensional genetic studies, interpreting the results with many groups and coeffi-
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effectively represent the results from group Lasso and sparse group Lasso analyses. An R 
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of Lasso, group Lasso, and sparse group Lasso.
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However, few studies have explored the systematic visualization of 
group information. In this study, we propose a multi-level polar 
chart for visualizing group Lasso analysis (the MP-Lasso chart). 
The MP-Lasso chart is an improved version of the MP chart, 
which was originally developed for integrating results from 
multi-omics data analyses [8]. An MP-Lasso chart shows at a 
glance the variables selected for each variable group and their coef-
ficient estimates produced by group-structured penalized meth-
ods. We developed a program for creating MP-Lasso charts called 
“MP-Lasso” using R (https://github.com/statpark/MP-Lasso). 

Methods 

Penalized regression model 
Consider a general linear model. We have n observations, and the 
data consist of n×1 including the response variable y and a n×p 
matrix X of predictors. Assume that y and X have been centered. 
The objective function of Lasso is  

where λ is a tuning parameter, ||∙||1 stands for the vector l1-norm 
and ||∙||2 stands for the vector l2-norm. This penalty shrinks any 
coefficients contributing to the minimization problem to 0 [1].  

Suppose that the predictors consist of G groups. Let Xg be a ma-
trix for the predictors of the gth group with the corresponding coef-
ficient vector βg. The objective function of group Lasso is  

where  pg is the corresponding weight considering group size and 
||∙||2 is the Euclidean norm [4,9]. Group Lasso shrinks all β values 
in irrelevant groups to 0. When λ=0, this criterion is equivalent to 
Lasso.  

Sparse group Lasso uses a more general penalty to generate spar-
sity at both the group and individual feature levels, allowing the se-
lection of groups and within-group variables. The objective func-
tion of sparse group Lasso is given by

  

where α∈[0,1] and β=(β1,…,βG) [5,9]. α is a convex combination 
of Lasso and group Lasso. This criterion is equivalent to group 
Lasso if α=0, and to Lasso if α=1. 

MP-Lasso charts 
An MP-Lasso chart consists of an outer level and an inner level. 
The outer level shows the overall impact of each group, and the in-
ner level represents the impact of each variable within a group. For 
the outer level, the circle is divided into as many sectors as the 
number of groups. The segments in the chart are sorted by the 
maximum value of the coefficients in each group. A group with a 
rank of 1 starts at 0°. The radius of each sector is set to be propor-
tional to the maximum value of the coefficients. When sorting or 
determining the radius, the maximum value may be replaced by 
the average. The number of variables in each group can be distin-
guished by the color of each segment. 

For the inner level, points representing the variables in each 
group are plotted in each segment. The location of variables within 
each group is scaled by dividing the coefficient by the radius of the 
sector to represent the relative size. Different symbols are used ac-
cording to the sign of the coefficient, and the number of variables 
belonging to each group is represented by the color spectrum. 

Each point is jittered slightly to avoid overlapping. Scatter plots 
are depicted in an interactive manner; moving the cursor on a 
point shows information about the variable. Fig. 1 shows an exam-
ple of an MP-Lasso chart using results from group Lasso analysis 
with eight groups. Group 4 has the variables with the largest coef-
ficients, followed by group 2, and so on. Group 2 contains four 
SNPs, among which the SNP with the largest regression coeffi-
cient is V5, with a regression coefficient of 13.9773.  

Results  

Implementation 
We developed an R package to draw MP-Lasso charts. The pro-
gram is available online (https://github.com/statpark/MP-Lasso). 
The MP-Lasso chart program requires two inputs: a cross-validated 
(CV) object and a group vector. A CV object can be obtained from 
the output objects of R packages, such as glmnet [10], ggLasso 
[11], and SGL [12]. Cv.glmnet in glmnet, cv.ggLasso in ggLasso, 
and cvSGL in SGL perform Lasso, group Lasso, and sparse group 
Lasso analyses, respectively. The output objects contain regression 
coefficients with respect to sequential and optimal λ values that 
minimize CV error. The group vector represents the group structure 
of variables. Group names should be in character type or integer 
type. The group vector should be identical to the one used when the 
CV object is created. MP-Lasso chart supports three methods: Las-
so, group Lasso, and sparse group Lasso. Table 1 summarizes the 
functions of the developed package for MP-Lasso charts and related 
packages to obtain input data. 
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Fig. 2 shows an example of code to obtain a CV object from the 
data. The group Lasso and sparse group Lasso methods require 
three inputs: predictor variables (x_data), dependent variables (y_
data) and group vector data (group_data). The user can choose 
the number of folds k. It should be noted that the cvSGL function 
for sparse group Lasso takes input in list type only. For the Lasso 
model, α is set to 1 in the cv.glmnet function. 

An example of code for an MP-Lasso chart is shown in Fig. 3. 
The required libraries should be loaded before using the MP-Las-
so R code. The function is required to match the Lasso method 
that creates the CV object. The same group vector used to create a 
CV object is also taken as input. 

MP-Lasso chart has three options to determine the details of a 
plot. The lambda.type option decides which λ to use for each meth-
od, and it can take two values (“min” and “1se”), with “min” as de-

fault. The “min” option chooses the λ value that minimizes the CV 
loss. The “1se” chooses the largest λ with a CV error not 1 standard 
error further from the minimum CV loss. The “1se” option chooses 
fewer variables. The sort.type option determines which numeric 
feature represents the coefficients of variables in each group. Two 
choices are available for the sort.type option, “max” and “mean.” 
The “max” option uses the maximum absolute coefficient in each 
group as the feature of the group, while the “mean” option uses the 
mean of the absolute coefficients in each group. The last option is 
the max.shown option. When the number of chosen group is large, 
the chart can be too crowded with segments, making the chart diffi-
cult to interpret. By choosing max.shown, the user can decide the 
maximum number of segments shown on the chart. In the resulting 
MP-Lasso chart, interactive features are used. Moving the cursor 
over a point in the inner level displays information about that vari-

Fig. 1. Example of multi-level polar least absolute shrinkage and selection operator (Lasso) chart using group Lasso analysis.

Table 1. R packages and functions for MP-Lasso charts

Method MP-Lasso chart function
Related package

Package CV object function
Lasso MP_Lasso() glmnet cv.glmnet()
Group Lasso MP_gLasso() ggLasso cv.ggLasso()
Sparse group Lasso MP_SGL() SGL cvSGL()

MP-Lasso, multi-level polar least absolute shrinkage and selection operator; CV, cross-validated.
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Fig. 2. Example R code for creating cross-validated object.

Fig. 3. Example R code for multi-level polar least absolute shrinkage and selection operator chart.

able. For Lasso, moving the mouse over the sector area displays the 
corresponding information. 

Real data analysis 
To illustrate the proposed MP-Lasso charts, we used T-cell and 

B-cell acute lymphocytic leukemia (ALL) data from the Ritz Lab-
oratory [13]. The data consisted of microarray assays for 11,683 
genes with 8,776 groups from 128 individuals with B-cell or T-cell 
ALL (https://bioconductor.org/packages/release/data/experi-
ment/html/ALL.html). We conducted Lasso, group Lasso, and 
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Table 2. Top three groups with the highest maximum absolute coefficients

Method Ranking No. of variables in group Group Maximum absolute
coefficients

Lasso 1 1 CD3D 0.121
2 1 TNNI3 0.107
3 1 ACAP1 0.097

Group Lasso 1 1 CD3D –0.225
2 2 HLA-DPB1 0.038
3 1 TRDC 0.037

Sparse group Lasso 1 1 CD7 –1.280
2 1 CD3D –1.230
3 1 BLNK 0.905

ALL, acute lymphocytic leukemia; Lasso, least absolute shrinkage and selection operator.

sparse group Lasso analysis for a binary phenotype using the glm-
net, ggLasso, and SGL packages. Each method is depicted using 
the λ value that yields the minimum 10-fold CV loss, and each 
group is represented by maximum absolute coefficients. For Lasso 
analysis, we set max.shown=30 for better representation. A summa-
ry of the results is presented in Table 2. 

Fig. 4 shows the resulting MP-Lasso chart sorted by maximum 
coefficients. Without group information, the Lasso analysis in Fig. 
4A shows variables with the largest coefficients. The variables in 

the CD3D, TNNI3, and ACAP1 groups had the largest coeffi-
cients, in descending order. For group Lasso in Fig. 4B, the CD3D 
group had much larger maximum coefficients than the other 
groups and the next two groups (HLA-DPB1 and TRDC) had 
similar maximum coefficients to each other. Two variables in the 
HLA-DPB1 group had very similar coefficient values, which can 
be read from the position of points in the HLA-DPB1 sector. Fig. 
4C shows the results from sparse group Lasso. Unlike in group 
Lasso, no single group dominated, and several significant groups 

AA

Fig. 4. Multi-level polar least absolute shrinkage and selection operator (Lasso) chart for Lasso (A), group Lasso (C), and sparse group Lasso 
analysis of acute lymphocytic leukemia data. (Continued to the next page)

5 / 7https://doi.org/10.5808/gi.22075

Genomics & Informatics 2022;20(4):e48

https://doi.org/10.5808/gi.22075


Fig. 4. (Continued from the previous page)

CC

BB

https://doi.org/10.5808/gi.220756 / 7

Song M et al. • MP-Lasso chart for group Lasso analysis

https://doi.org/10.5808/gi.22075


remained. It can also be read that the first two groups had similar 
maximum coefficients. In this example, each group contained a 
small number of features. However, even if there are many vari-
ables in the groups, the color spectra are automatically adjusted so 
that the number of groups can be distinguished. Therefore, the 
user can recognize that a brighter segment indicates a smaller 
group, while a darker segment corresponds to a larger group. In 
conclusion, an MP-Lasso chart illustrates the different choices of 
groups and variables made by each model in detail. 

Discussion 

We proposed a simple and efficient graph called an MP-Lasso 
chart for visualizing results from a group-penalized model. We also 
developed a corresponding R package. An MP-Lasso chart pro-
vides a clear representation of each group’s information and the 
relative importance of each variable within a group. Using our 
package, one can identify important groups and variables at a 
glance without having to check tables containing thousands of co-
efficients. It also facilitates model interpretation and comparisons 
of multiple models. 
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Introduction 

Genome-wide association studies (GWAS) of diseases and traits have increasingly been 
used to identify single nucleotide polymorphisms (SNPs). Although GWAS have tested 
hundreds of thousands of genetic variants to discover genotype-phenotype associations, 
they have a few limitations. Variants discovered in individual GWAS explain only a small 
proportion of heritability, and their genetic effect sizes are mostly small and require a sub-
stantial sample size to identify [1,2]. Moreover, some studies examining the same geno-
type-phenotype association yield inconsistent results such as variant effect sizes in oppo-
site directions [3,4]. To overcome these limitations, a meta-analysis of GWAS has been 
used extensively since it can improve the statistical power by combining data across any 
number of independent studies and can clarify heterogeneity among their results [5]. 

As meta-analysis has become a popular tool for aggregating data from multiple sources, 
several studies have revised analytical strategies from previous well-known studies [6-9]. 
A weighted average of the effect sizes can be calculated under a fixed effects model or a 
random effects model, but the fixed effects model can lead to false-positive results when 
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there is heterogeneity between studies [9,10]. Even though it is 
important to use the appropriate approaches for meta-analyses, 
there are few available tools that provide a step-by-step calculation, 
running both the fixed effects model and the random effects mod-
el [10]. Therefore, for those who find it difficult to conduct a me-
ta-analysis, we have developed a flexible data processing tool that 
adopts the revised methods assessing heterogeneity between stud-
ies and using the Benjamini-Hochberg (BH) procedure to calcu-
late adjusted p-values [11]. In addition to these methods, Be-
ta-Meta has several convenient features such as an automatic selec-
tion between the two models depending upon the quantified het-
erogeneity. It also manifests flexibility and convenience in process-
ing data as it can perform a varying number of meta-analyses si-

multaneously and operate strand flipping automatically when 
there is a discrepancy in the direction of the strand orientation be-
tween studies. Also, we have attached haploR package [12] which 
detects alternative SNPs by estimating their correlations. 

Since it is crucial to increase statistical power in order to identify 
significant variants, especially in studies with small sample sizes, 
we demonstrate Beta-Meta using studies of diseases related to in-
fertility, most of which have relatively small sample sizes [4,13-34]. 

Methods 

Fig. 1 depicts the four steps of Beta-Meta: input data manipulation, 
heterogeneity test, weighted effect size calculation under the fixed 

Fig. 1. Overview of Beta-Meta pipeline.
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and random effects models, and output data of summary statistics 
after the BH adjustment. 

Linkage disequilibrium calculation 
Meta-analysis can improve signal detection when we account for 
not only between-study heterogeneity but also differences in link-
age disequilibrium (LD) between ethnicities [35]; in addition, 
several trans-ethnic meta-analyses have identified unknown sus-
ceptibility genes [35-37]. As it is important to consider differences 
in LD, we utilize the haploR package [12] that queries HaploReg 
database [38] and returns alternative SNPs in LD. By calculating 
pairwise metrics of LD in each continental population, LD struc-
tures between ethnicities can be discovered and hence alternative 
SNPs can be used for the following meta-analysis [38]. This step is 
optional; users may skip this step and start a meta-analysis when 
the summary statistics of their target SNPs of interest are already 
obtained. 

Input data manipulation 
After surveying the studies of interest (infertility-related disorders 
in this paper), we created a table for input data in Excel (Supple-
mentary Table 1). Beta-Meta can read an Excel file for input data, 
which must include phenotypes, SNPs, effect and non-effect al-
leles, effect sizes, and p-values. For the effect sizes and their levels 
of significance, either the beta coefficient and its standard error or 
the odds ratio (OR) and its confidence interval can be used. As 

Beta-Meta calculates SNP-phenotype associations separately, it is 
acceptable to include as many phenotypes as desired in the single 
input file. 

When the OR and its confidence interval are used for input 
data, they are converted into the beta coefficient and the standard 
error, respectively. The normalized effect of the ithstudy, βi is the 
logarithm of OR, where k is the number of individual studies, each 
of which is designed to examine the same SNP-phenotype associ-
ation [9]. 

The standard error si is calculated from the 95% confidence inter-
val of the OR.  

When synthesizing datasets for meta-analysis, it is important to 
ensure uniformity in allele labels and hence in the direction of the 
effect because alleles are typically called on only one of the two 
DNA strands in sequencing experiments [39]. Beta-Meta auto-
matically corrects the direction of the effect by using one of the 
datasets with the lowest p-value as a reference and aligning the 
other datasets to it. For example, when the effect and the non-ef-
fect allele are inverted between the independent studies (e.g., 
rs13405782 and rs1801133 as shown in Table 1), this can be re-
solved automatically by changing the sign of the normalized effect.

 

Table 1. Example of input data: summary statistics of the individual GWAS of infertility

Phenotype SNP EA NEA OR (95% CI) p-value PMID
Endometriosis rs10965235 C A 1.489 1.30E-4 25154675

(1.213–1.827)
Endometriosis rs10965235 C A 1.44 5.57E-12 20601957

(1.3–1.59)
Polycystic ovary syndrome rs13405728 A G 1.55 1.00E-03 34403018

(1.39–1.72)
Polycystic ovary syndrome rs13405728 G A 0.723 1.00E-03 30182769

(0.686–0.762)
Folic acid metabolism-related male infertility rs1801133 T C 1.33 1.40E-02 16247718

(1.06–1.66)
Folic acid metabolism-related male infertility rs1801133 C T 0.7 1.00E-05 30813130

(0.66–0.75)
Non-obstructive azoospermia rs10842262 G C 1.335 2.30E-03 24648396

(1.1081–1.6083)
Non-obstructive azoospermia rs10842262 G C 1.23 0.001 30863997

(1.16–1.3)

GWAS, genome-wide association studies; SNP, single nucleotide polymorphism; EA, effect allele; NEA, non-effect allele; OR, odds ratio; CI, confidence 
interval.
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Heterogeneity analysis 
In meta-analysis, datasets generated by multiple groups by differ-
ent methods are likely to have any kind of variability, also known 
as heterogeneity. Heterogeneity indicates that the observed effects 
in datasets are more different from each other than would be ex-
pected by random error alone [40]. To check the heterogeneity, 
the weighted average of the effect size β̂ is calculated first as [9]:  

Then, we calculate the Cochran’s Q statistic, Q and Higgins’ het-
erogeneity metric, I2 for the heterogeneity test [6].  

I2 quantifies the degree of heterogeneity as a value between 0 
and 100% [41]. As a greater value of I2 indicates stronger heteroge-
neity, the weighted average of the effect sizes is calculated, based 
on I2, using two different models: the fixed effects model and the 
random effects model. A threshold value of I2 for the model selec-
tion is set to 50%. 

Calculation of weighted average of the effect sizes based on I2 

For 0≤ I2<50, we use the fixed effects model to calculate the 
weighted average of the effect sizes and its standard error [7].  

For 50≤ I2≤100, we use the random effects model [7,9].  

The weights for the random effect model wi
R are as follows [7,9]:  

Integrated p-value and the BH adjustment
The integrated p-value through meta-analysis can be obtained as 
follows [7]: 

where Φ is the cumulative distribution function of the standard 
normal distribution, and integrated Z-score, Z [7] is  

Finally, to reduce the false-positive results, the integrated p-values 
are corrected by the BH adjustment method. When p(1), p(2), • , 
p(m) are the p-values of the SNPs sorted in ascending order (p(1) ≤ 
p(2) ≤ •  ≤ p(m)), the adjusted p-values obtained through the BH 
procedure are as follows [11]:  

where m is the number of different SNPs related to a specific phe-
notype, and j is the ranking in the ascending order of the p-values 
of SNPs related to the specific phenotype. 

Results 

Using Beta-Meta, we performed a sample test of integrating multi-
ple studies of infertility and obtained a table containing all of the 
above calculated summary statistics values (Supplementary Table 
2) and a forest plot of combined effect sizes (Supplementary Fig. 
1). The conventional genome-wide significance p-value threshold 
of 5 × 10–8 was used to identify significant SNP markers. Of the to-
tal 26 SNP-phenotype associations from the 23 studies we investi-
gated (Supplementary Table 1), the only significant association was 
the one between rs10965232 and endometriosis from Uno et al. 
[14] with a p-value of 5.57 × 10–12 (Table 1). After performing the 
meta-analysis, we found three more significantly associated SNPs: 
rs13405728, rs1801133, and rs10842262 as displayed in Table 2. 

In order to check the accuracy of Beta-Meta, we compared the 
meta-analysis results of Beta-Meta (Supplementary Table 2) with 
those of METAL [8] (Supplementary Table 3), which is one of 
the most widely used meta-analysis packages but does not have a 
random effects option. We could confirm the accuracy of Be-
ta-Meta calculation with the result that the significantly associated 
SNPs identified by METAL and those found by Beta-Meta were 
the same. At the same time, Beta-Meta features convenience as it 
calculates the summary statistics accurately by automatically se-
lecting the appropriate model based on heterogeneity. 
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Discussion 

Beta-Meta application can be utilized as an effortless meta-anal-
ysis tool for researchers with limited statistics backgrounds. It al-
lows them to easily manipulate and analyze their own datasets on a 
personal computer as it is written in python and can be run with 
an executable file in MS Windows. 

As shown above, Beta-Meta increases the power to detect weak 
signals, identifying significant variants which was not significantly 
associated in single studies. Furthermore, it calculates the effect 
sizes and the p-values accurately by selecting the appropriate mod-
el based on heterogeneity and applying the BH adjustment. These 
can contribute to time-efficient management of the recent growth 
in aggregated GWAS especially for those involved in the field of 
genetic testing. Because it is difficult to obtain a large number of 
datasets and validate genotype-phenotype associations experi-
mentally within a limited budget, meta-analysis is still in demand 
to discover SNP markers for genetic testing. 

In conclusion, the application presented here provides a conven-
tional and yet convenient way to conduct a meta-analysis of 
GWAS. Beta-Meta is expected to facilitate various research proj-
ects, such as the discovery of novel SNP markers, the calculation 
of polygenic risk scores, and the acquisition of biological insights 
into complex diseases and traits. 
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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-in-
Chief to discuss the suitability of the subject for the journal. There 
is no specific requirement for subsections of the body text of the 
paper.

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;13:2129-
2141.

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

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

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

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

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



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

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

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

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

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

Tables and figures 
Figure legends and tables should be included in the submitted 
manuscript as separate sections and should be formatted following 
the style of the journal. Each figure legend should have a brief, 
separate title that describes the entire figure without citing specific 
panels. The manuscript should be submitted with a set of figures 
of sufficient quality for reviewers to judge the data. All figures may 
be provided in color for the electronic version of the journal, even 
if the print version is in black and white. Figures will be printed in 
color only when in the reviewers' opinions the color is essential.

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

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

Scientific names 
The full formal Latin name for a taxon (e.g., Homo sapiens ) 
should be provided the first time that the taxon is mentioned and 
should be italicized. In subsequent sentences, the scientific name 
of all taxa in the same genus should be abbreviated to the first 

initial of the generic name and the species name (e.g., H. sapiens), 
except where this usage creates confusion or ambiguity. When 
common names are used, the scientific name should be provided 
the first time the taxon is mentioned in the abstract and again the 
first time that taxon is mentioned in the main manuscript [e.g., 
“red pine (Pinus densiflora)...”]. Other taxonomic designations 
(e.g., family names) should not be italicized, and common names 
should not be capitalized.

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

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

Supplementary materials 
Supplementary materials can be provided to support and enhance 
scientific information. Supplementary files offer additional 
possibilities for publishing supporting applications, sequence 
alignment, background datasets, microarray hybridization 
experiments, high-resolution images, movies, sound clips, and 
more. Supplementary files will be published alongside the online 
version of the article on the Genomics & Informatics web site. This 
material will not be edited or formatted; thus, the authors are 
responsible for the accuracy and presentation of all such material.
Accepted file formats for supplementary materials:

• Quick Time files (.mov)



• Graphical image files (.gif)
• HTML files (.html)
• MPEG movie files (.mpg)
• JPEG image files (.jpg)
• Sound files (.wav)
• Plain ASCII text (.txt)
• Acrobat files (.pdf)
• MS Word documents (.doc)
• Postscript files (.ps)
• MS Excel spreadsheet documents (.xls)
• PowerPoint (.ppt)
• TeX and LaTeX

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

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

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

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

Accession numbers 
Please provide accession numbers for any new data (SNPs, 
gene sequences, protein sequences, CNVs, microarray data, or 
structures), which must be deposited in the appropriate genome- 
or locusspecific database, in a separate section entitled “Accession 
Numbers,” following the Web Resources section (or the 
Acknowledgments section if no online resources or appendices 
have been used), directly above the reference list. Please use 
the following format to list accession numbers: “The accession 
number(s) for the _______ sequence(s) reported in this paper 
is/are [database]: [accession number].”

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

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

Submission of Manuscript

The manuscript should be submitted in MS Word file format. The 
recommended font is Times New Roman with a 11-point font size. 
All manuscripts must be submitted online through the Genomics 
& Informatics e-submission system at http://submit.genominfo.
org. Any questions concerning manuscript submission should 
be directed to: Editor, Genomics & Informatics, Korea Genome 
Organization, The Korean Federation of Science and Technology 
Societies, Room No. 806, 193 Mallijae-ro, Jung-gu, Seoul 04501, 
Korea (http://www.kogo.or.kr, Tel: +82-2-558-9394, Fax: +82-2-
558-9434, E-mail: kogo@kogo.or.kr).

Peer review and revision of manuscripts

Peer review
A manuscript is generally reviewed by at least two peer reviewers 
qualified to evaluate the manuscript. It is a single blind peer review. 
An initial decision will normally be made within one month of 
receipt of a manuscript. A manuscript that has been published or of 
which a substantial portion has been published elsewhere will not 
be accepted. The Editor-in-Chief is responsible for final decisions 
regarding the acceptance of a peer-reviewed paper.

Manuscript revision
When a manuscript is returned to the corresponding author for 
revision, the reviewed manuscript must be re-submitted within 
one month, unless the authors request an extension. A galley proof 



and reprint order form will be sent to the corresponding author. 
The corresponding author is responsible for communicating with 
the other authors about revisions and final approval of the proofs. 
The first proofreading is the author’s responsibility, and the proof 
should be returned within three days from the date of receipt.

Copyrights, open access policy and open data policy

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

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

Archiving policy
It is accessible without barrier from Korea Citation Index (https://
kci.go.kr), National Library of Korea (http://nl.go.kr), or PubMed 
Central (https://www.ncbi.nlm.nih.gov/pmc/journals/1928/) in 
the event a journal is no longer published.

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

Author can archive publisher’s version/PDF.

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

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

Detailed Description of Use of Articles of Genomics & Informatics
Reader benefit
Publisher applies the Creative Commons Attribution Non-
Commercial license to works it publishes and allows free immediate 
access to, and unrestricted reuse of, original works of all types.

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

Copyrights
Publisher applies the Creative Commons Attribution Non-



Commercial license to works it publishes. Under this license, 
although publisher retains ownership of the copyright for content, 
it allows anyone to download, reuse, reprint, modify, distribute, 
and/or copy the content.

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

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

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

Element Example 1 Example 2 Example 3 Example 4

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

Yes Yes Yes No

What data in particular will 
be shared?

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

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

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

Not available

What other documents will 
be available?

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

Study protocol, statistical 
analysis plan, analytic code

Study protocol Not available

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

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

Beginning 3 months and ending 
5 years following article 
publication.

Beginning 9 months and ending 36 months 
following article publication.

Not applicable

With whom? Anyone who wishes to access the 
data.

Researchers who provide a 
methodologically sound 
proposal.

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

Not applicable

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

For individual participant data meta-analysis. Not applicable

By what mechanism will 
data be made available?

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

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

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

Not applicable

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

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

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

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

Statement of Informed Consent 

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

Statement of Human and Animal Rights 

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

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

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

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

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

Conflict of Interest Statement 

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

Originality and Duplicate Publication 

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