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This issue contains one, 10 original articles and one application note. 
Among the 10 original articles, there were six clinical studies, one vaccine-related study, 

one on drug design, one about multilevel analysis, and one about a Java pipeline for the 
mining and analysis of microsatellites in human coronavirus genomes. First, Dr. Asmy 
(Bharathiar University, India) considered the microvascular complications of diabetes, 
such as diabetic retinopathy, neuropathy, and nephropathy. The authors identified the 
weighted co-expressed and differentially expressed genes (DEGs), major pathways, and 
their miRNAs, transcription factors (TFs), and drugs interacting in all three conditions. 
The authors successfully demonstrated the integrative identification of biomarker genes, 
miRNAs, TFs, and therapeutic drugs in key signaling pathways, helping to better under-
stand the processes of all three secondary microvascular problems and aiding in disease 
detection and management. Specifically, the authors first identified five overlapping genes 
(AKT1, NFKB1, MAPK3, PDPK1, and TNF) from the DEGs and co-expressed genes as 
key genes. They then constructed the miRNA-gene and TF-gene regulatory networks of 
the five genes in the nine major pathways. Then, they showed that a major miRNA (hsa-
mir-34a-5p) interacted with all five genes. Next, they showed that RELA, FOXO3, PDX1, 
and SREBF1 were the TFs interacting with the major five genes of interest. Finally, 
through drug-gene interaction network analysis, the authors suggested five potential 
drugs to treat the genes of interest. 

The work led by Dr. Shojaei (Hamadan University of Medical Sciences, Iran) was 
about oral squamous cell carcinoma (OSCC), which is the most prevalent head and neck 
malignancy. The authors identified potential markers, including miRNAs and genes, sig-
nificantly involved in the etiology of early-stage OSCC. The authors identified a total of 
23 differentially expressed miRNAs in patients with primary OSCC compared to the 
healthy controls, which targeted genes including CALM1, CYCS, THBS1, MYC, GATA6, 
SPRED3, PIK3R3, GIGYF1, and BCL2L11. The present study revealed a possible mech-
anism mediating primary OSCC and may be useful for predicting the prognosis of pa-
tients with early-stage OSCC. 

Dr. Zavarzadeh (University of Tabriz, Iran) presented a clinical, laboratory, and genetic 
study of a pathogenic variant of the CYP1B1 gene using whole-exome sequencing data 
from a rare case of primary congenital glaucoma. Dr. Rha (Yonsei University College of 
Medicine, Korea) and colleagues evaluated the frequencies of UGT1A polymorphisms 
and their relationship with clinicopathologic parameters in 382 Korean gastric cancer pa-
tients. Polymorphisms of UGT1A1*6, UGT1A1*27, UGT1A1*28, UGT1A1*60, UG-
T1A7*2, UGT1A7*3, and UGT1A9*22 were genotyped. While many clinically important 
findings were made, the most clinically important finding was about UGT1A9*22. The 
genotype of UGT1A9*22 polymorphisms was shown to identify high-risk patients, among 
gastric cancer patients receiving irinotecan-containing chemotherapy and suffering severe 
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toxicity. Thus, when treating high-risk patients with UGT1A9*22 
polymorphisms, clinicians might closely monitor them for severe 
manifestations of toxicity, such as intense diarrhea or neutropenia. 

Next, Dr. Salehi (Isfahan University of Medical Sciences, Iran) 
identified two novel mutations in ALDH18A1 (located on 
10q24.1) and SPG11 (located on 15q21.1) by whole-exome se-
quencing in hereditary spastic paraplegia patients in Iran. Dr. Raza 
(University of Chittagong, Bangladesh) presented a systemic study 
on the vulnerability and fatality of prostate cancer patients towards 
coronavirus disease 2019 (COVID-19) through an analysis of 
TMPRSS2, CXCL10, and their co-expressed genes. Dr. Dey (Uni-
versity of Dhaka, Bangladesh) and collaborators performed an 
analysis of gene expression profiles to study malaria vaccine dose 
efficacy and immune response modulation. They used gene ex-
pression profiles of pre- and post-vaccination patients after various 
doses of the RTS,S vaccine based on samples collected from the 
Gene Expression Omnibus datasets. 

Dr. Islam’s group (Jashore University of Science and Technolo-
gy, Bangladesh) focused on nervous necrosis virus (NNV), evalu-
ating the inhibitory potential of 70 compounds of Azadirachta in-
dica (Neem plant), which has been reported to show potential an-
tiviral activity against NNV. The binding affinity of 70 compounds 
was calculated against the grouper heat shock cognate protein 70 
with docking and molecular dynamics simulation approaches. 
Neem plant compounds may act as significant inhibitors of viral 
entry into the host cell. 

Next, joint work with Dr. Park (Indiana University School of 
Medicine, USA) and Dr. Chung (Kyonggi University, Korea) was 
about the missing data in multilevel analyses. It is well known that 
multilevel analysis is an appropriate and powerful tool for analyz-

ing hierarchically structured data widely applied from public 
health to genomic data. Quite often, there may be a loss of infor-
mation on multiple nesting levels in a multilevel analysis. Park and 
Chung considered a multilevel linear mixed effect model (LMM) 
with single imputation with all data hierarchy levels in the pres-
ence of missing top or intermediate-level clusters. They evaluated 
and compared the performance of a multilevel LMM with single 
imputation with other models ignoring the data hierarchy or miss-
ing intermediate-level clusters. Through simulation studies, they 
demonstrated that an LMM with single imputation estimates fixed 
the coefficients and variance components of a multilevel model 
more accurately than other models ignoring data hierarchy or 
missing clusters in terms of mean squared error and coverage prob-
ability. 

The final original article is about a pipeline. Dr. Umang (Shri 
Venkateshwara University, India) proposed using an in-house built 
Java pipeline to identify, analyze, design primers, and find related 
statistics of perfect and compound microsatellites in seven com-
plete genome sequences of coronaviruses, including COVID-19, 
the host of which is Homo sapiens. 

Finally, there is one application note regarding NBLAST, which 
is a graphical user interface-based two-way BLAST software. 
BLAST has been one of the most widely used bioinformatics pro-
grams. However, for large sequence data, the web-based BLAST 
program often suffers from a problem of upload size limitation. To 
overcome this issue, Dr. Choi (Kangwon National University, Ko-
rea) developed NBLAST, which allows the use of input sequences 
either as “query” or “target” in the BLAST analysis. NBLAST is 
also equipped with a dot plot viewer.  
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Introduction 

Diabetes mellitus (DM) is a metabolic disorder characterized by hyperglycemia that results 
from a defect in insulin secretion, insulin action, or both [1]. Hyperglycaemia over the long 
term adversely impacts the microvasculature, leading to diabetic nephropathy (DN), diabet-
ic retinopathy (DR), and diabetic neuropathy (DPN) with profound impact on the quality 
of life and life expectancy [2]. DM is on the rise globally. According to the statistics from In-
ternational Diabetes Federation (accessed December 23, 2021) 90 million adults (20–79) 
are living with diabetes in the IDF South-East Asia (SEA) region in 2021 [3]. This figure is 
estimated to increase to 113 million by 2030 and 152 million by 2045. 

Comparative co-expression analysis of 
RNA-Seq transcriptome revealing key 
genes, miRNA and transcription factor 
in distinct metabolic pathways in 
diabetic nerve, eye, and kidney disease
Veerankutty Subaida Shafna Asmy, Jeyakumar Natarajan*
Data Mining and Text Mining Laboratory, Department of Bioinformatics, Bharathiar 
University, Coimbatore, Tamilnadu 641 046, India

Received: April 27, 2022
Revised: September 2, 2022
Accepted: September 2, 2022

*Corresponding author: 
E-mail: n.jeyakumar@yahoo.co.in

Original article

eISSN 2234-0742
Genomics Inform 2022; 20(3):e26
https://doi.org/10.5808/gi.22029

Diabetes and its related complications are associated with long term damage and failure of 
various organ systems. The microvascular complications of diabetes considered in this 
study are diabetic retinopathy, diabetic neuropathy, and diabetic nephropathy. The aim is to 
identify the weighted co-expressed and differentially expressed genes (DEGs), major path-
ways, and their miRNA, transcription factors (TFs) and drugs interacting in all the three 
conditions. The primary goal is to identify vital DEGs in all the three conditions. The over-
lapped five genes (AKT1, NFKB1, MAPK3, PDPK1, and TNF) from the DEGs and the co-ex-
pressed genes were defined as key genes, which differentially expressed in all the three 
cases. Then the protein-protein interaction network and gene set linkage analysis (GSLA) of 
key genes was performed. GSLA, gene ontology, and pathway enrichment analysis of the 
key genes elucidates nine major pathways in diabetes. Subsequently, we constructed the 
miRNA-gene and transcription factor-gene regulatory network of the five gene of interest 
in the nine major pathways were studied. hsa-mir-34a-5p, a major miRNA that interacted 
with all the five genes. RELA, FOXO3, PDX1, and SREBF1 were the TFs interacting with the 
major five gene of interest. Finally, drug-gene interaction network elucidates five potential 
drugs to treat the genes of interest. This research reveals biomarker genes, miRNA, TFs, and 
therapeutic drugs in the key signaling pathways, which may help us, understand the pro-
cesses of all three secondary microvascular problems and aid in disease detection and 
management. 

Keywords: co-expression analysis, diabetes nephropathy, diabetes neuropathy, diabetes ret-
inopathy, microvascular complication, RNA-Seq transcriptome  
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As diabetes prevalence rises and the clinical arsenal for primary 
and secondary prevention of these complications expands. It is im-
portant for physicians to understand the relationship between dia-
betes and vascular disease. Nephropathy, retinopathy, and neuropa-
thy are exacerbated by microvascular lesions, and cardiovascular 
events are associated with large vascular damage. This study exam-
ined the microvascular complications of diabetes, including DR, 
DN, and DPN. Both the duration and severity of hyperglycemia in-
creases the risk of DR and other microvascular complications [4]. 

Increased glucose influx activates cellular signaling pathways such 
as the diacylglycerol-protein kinase C (PKC) pathway, advanced 
glycation end-products (AGE), polyol pathway, hexosamine path-
way, and oxidative stress. Among diabetic microvascular complica-
tions, DR may be the most common. DR is characterized by four 
major mechanisms: increased polyol pathway flux, increased AGE 
formation, activation of PKC, and polyol pathways [5]. In case of 
other complications of diabetes, prevention is the first step in treat-
ing diabetic nephropathy. Diabetes microvascular complications, 
such as diabetic nephropathy, have strong associations with blood 
glucose control. An increase in glucose metabolic flux results in the 
activation of several metabolic pathways, resulting in an increase in 
AGE and reactive oxygen species production. This activates a num-
ber of signaling pathways that lead directly to enhanced extracellu-
lar matrix  production via PKC-β stimulation of AP-1 transcription-
al activation, ERK pathways, and, critically, transforming growth 
factor β1 (TGF-β1) synthesis, which then stimulates its signaling 
pathways to enhance extracellular matrix protein synthesis [6]. 

Despite the exact mechanism of hyperglycemia-induced nerve 
damage is unknown; it is believed to be caused by polyol accumula-
tion, AGE damage, and oxidative stress. Although there is no spe-
cific treatment for diabetic neuropathy, there are many drugs that 
can alleviate its symptoms. Controlling symptoms and preventing 
worsening of neuropathy are the primary goals of treatment [7]. 

Diabetes promotes inflammation in the nerve tissues [8] that 
manifests symptoms and augments neuropathy development. Dia-
betic nerves contain macrophages, rarely lymphocytes and release 
increased tumor necrosis factor α (TNF-α) or interleukins in hu-
mans and animals [9]. The proinflammatory state activates the 
stress kinase mitogen activated protein (MAP) kinase in diabetic 
nerves, which was reduced by pioglitazone treatment [10,11]. As a 
result, MAP kinase is evaluated as a potential target for a new dia-
betic neuropathy treatment. Nuclear factor NF-κB pathway was 
also triggered in this process, causing the cell to die or proliferate 
[12,13]. 

The previous works in the microvascular complications eluci-
dates the clinical studies and drug-based progression of the diseas-

es. The clinical studies to evaluate the presence of nephropathy 
and neuropathy in patients with DR and correlate the severity of 
DR with that of DN and DPN were studied [14]. Epalrestat, an al-
dose reductase inhibitor that is approved in Japan, prevented pro-
gression of diabetic neuropathy and retinopathy/nephropathy. 
The effect on diabetic retinopathy/nephropathy may have oc-
curred indirectly because of the prevention of progression of dia-
betic neuropathy, in addition to the inhibitory action of epalrestat 
on aldose reductase [15]. 

The goal of this experiment was to perform WGCNA (Weight-
ed Gene Correlation Networks Analysis) on DR, DN, and DPN 
samples in order to comprehend the disease's pathogenic path-
ways, and to find prospective biomarkers targets. As a result, 
RNA-sequencing (RNA-Seq) datasets from all three conditions 
were obtained from the European Nucleotide Archive (ENA)-Eu-
ropean Bioinformatics Institute (EBI) database and significant dif-
ferentially expressed genes (DEGs) were revealed. 

The samples were then introduced to WGCNA in order to con-
struct the co-expression modules. The genes that overlapped in 
both the co-expressed modules and the DEGs were found. The bi-
ological linkages of overlapping genes in the development of all 
three microvascular problems were revealed by gene ontology 
(GO) and pathway enrichment analysis. The primary pathways in-
volved in the pathophysiology of the complications of the gene of 
interest were discovered. The co-expressed genes that are differen-
tially expressed in all three circumstances were identified for fur-
ther investigation. The genes of interest’s protein-protein interac-
tion (PPI) networks are constructed. A multi-layer regulatory net-
work comprised of hub gene interrelationships, anticipated miR-
NAs, and transcription factors (TFs) and drugs targeting the genes 
were created and examined in order to uncover other regulatory 
agents impacting the expression of key genes.  

This work focuses on the co-expression analysis of the three pri-
mary microvascular complications (nephropathy, retinopathy, and 
neuropathy), and to the best of our knowledge this is the first work 
focusing on all the three primary microvascular complications. In 
this study genes co-expressed in all the three disorders were first 
identified. The results were further enhanced to identify the TF, 
and miRNA that are commonly associated. The workflow is eluci-
dated in Fig. 1. The final findings aid in pinpointing a single area 
that may be controlled or treated for all three disorders. 

Methods 

Data sources 
The RNA-Seq expression profiles of three secondary complica-
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Fig. 1. Workflow. SRA, Sequence Read Archive; TF, transcription factor; GO, gene ontology; PPI, protein-protein interaction; DE, differential 
expression.
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tions from human were chosen for the study. Diabetic nephropa-
thy - PRJNA595590 (36 samples – 28 DN and 9 control), diabetic 
neuropathy - PRJNA602424 (15 samples – 8 diabetic peripheral 
neuropathy samples and 7 normal controls), and diabetic retinop-
athy - PRJNA363068 (13 samples – 9 DR and 4 normal) were 
downloaded from ENA database (https://www.ebi.ac.uk/ena/
browser/home). DN and DR are paired end samples whereas 
DPN is single end samples. 

Differential expression analysis 
The RNA-Seq datasets of the three diabetes secondary complica-
tions were then examined for DEGs using DeSeq2 [16]. DEGs are 
genes that meet the requirements of |log fold change (FC)| > 1.5 
and adjusted p-value < 0.05. The Venn diagram web tool (http://
bioinfogp.cnb.csic.es/tools/venny/) was used to identify genes 
that were commonly seen in all three conditions. Using the ap-
proaches described above, a list of possible DEGs was compiled. 

Weighted Gene Co-expression Analysis 
WGCNA in R [17] was used to identify co-expressed genes in 
DR, DN, and DPN. The normalized count files of all the samples 
were used as the input matrix. The co-expression network was 
built using the WGCNA algorithm. WGCNA is employed in sam-
ple clustering, topological feature calculation, co-expression net-
work creation, disease-linked gene and module selection, and net-
work differential analysis. Prior to WGCNA, outlier samples were 
discovered and removed using the principal component analysis 
method. The WGCNA algorithm was then given a matrix com-
prising the intensities of DEGs for each sample. Sample clustering, 
mean connectivity and scale-free fit index for numbers 1–30 (as 
soft-threshold power) were calculated individually with the best 
result determining the co-expression similarity of the adjacency 
matrix. Finally, using hierarchical clustering and TOM dissimilari-
ty measures, all genes were classified into distinct modules (co-ex-
pression modules) based on their expression similarity. In this 
stage, after identifying module eigengenes (using pearsons correla-
tion, r), the ones with significantly associated eigengenes (r > 0.85) 
were consolidated into a single module. According to the author, 
the following parameters were utilized to identify co-expression 
modules: "soft-threshold power = 12 min." CutHeight equals 0.15 
when Merge ModuleSize = 30. 

Gene ontology and pathway enrichment of DEGs analysis 
The ToppGene (ToppFun) (https://toppgene.cchmc.org/enrich-
ment.jsp) [18] programme incorporated GO analysis (http:// ge-
neontology.org/) with Reactome (https://reactome.org/) [19] 

pathway enrichment analysis. As a result, GO analysis in Top-
pGene provides detailed annotations for functional and route in-
terpretations of the gene of interest. DEGs were uploaded to Top-
pGene for GO and Reactome pathway enrichment analysis. p < 
0.05 was chosen as the cut off criterion. The function of DEGs at 
three levels: molecular function, biological process, and cellular 
component were predicted from StringDB [20].  

Topology and PPI network analysis  
Jetpetto in Cytoscape was used for topological analysis. StringDB 
interactome (https://string-db.org/) is a database of PPIs [20]. All 
candidate DEGs were uploaded in STRING, with a confidence 
score of 0.4 chosen as the cut off parameter for PPI network build-
ing. Then, using Cytoscape (version 3.9.0, http://www.cytoscape.
org/) [21] software, a protein interaction association network was 
constructed and scaled in terms of node degree, betweenness cen-
trality, stress centrality, and closeness centrality. Three modules of 
the highest degree were selected, and the probable mechanisms of 
each module were explored using ToppGene. The filter criterion 
was set to a degree of 10. Hub genes with a high degree of similari-
ty were chosen as prospective important genes and biomarkers. 

Gene set linkage analysis of the genes 
The gene set linkage analysis (GSLA) tool in Human Interactome 
Resource (HIR) was used to analyze the gene sets of interest [22]. 
The higher the density greater the link of the gene to the pathway 
or network. HIR is created by combining six sources of evidence 
for functional gene connections from nine public datasets. The 
GSLA tool is offered to analyze the probable functional impacts of 
the numerous simultaneously altered genes based on this 
high-quality functional association network of HIR. The gene set 
of interest is compared to a gene association network that includes 
the same genes and has the same number of neighbors and filtered 
with density more than 0.01. 

TFs-gene interaction in the specific pathways 
The NetworkAnalyst database (https://www.networkanalyst.ca/) 
[23] is a free and open-source platform that focuses on TF– target 
interactions. ENCODE (Encyclopedia of DNA Elements), JAS-
PAR, and ChEA are three well-known TF–target prediction data-
bases used by NetworkAnalyst. Based on the ENCODE database, 
TFs were considered for the selected genes in this study. Cytos-
cape software was then used to visualize the network of hub genes 
and their targeted TFs. 
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MiRNA-gene interaction 
The miRNet database (https://www.mirnet.ca/) [24] is a free and 
open-source platform that primarily focuses on miRNA-target in-
teractions. TarBase, miRTarBase, miRecords, miRanda, miR2Dis-
ease, HMDD, PhenomiR, SM2miR, PharmacomiR, EpimiR, star-
Base, TransmiR, ADmiRE, and TAM 2.0 are the 14 established 
miRNA-target prediction databases used by miRNet. miRNAs 
obtained were considered targeted miRNAs of genes of interest in 
this study. Cytoscape software was then used to show the network 
of the gene of interest and their targeted miRNAs. 

Drug-gene interaction 
The Drug Bank database (version 5.0), PubChem, and Clue.io are 
used to investigate drug-gene interactions of the five genes of inter-
est. Drugs were selected using the drug-gene interaction database 
(DGIdb) based on a selected gene of interest that acts as an excit-
ing and prospective target [25]. This final drug list included only 
pharmaceuticals that have been approved by the Food and Drug 
Administration and had a DrugBank source. 

Results 

Differential expression analysis 
The RNA-Seq datasets of DR, DN, and DPN was obtained from 
the ENA-EBI. The identification of DEGs was processed with ad-
justed p < 0.05 and log FC > 1.5. A total of 2,184 genes were finally 
obtained including 1,949 up-regulated and 235 down-regulated 
genes in the DR dataset. In diabetic neuropathy 95 genes were ob-
tained which includes 93 up-regulated and two down-regulated 
genes as listed in Table 1. The resulted DEGs of each dataset were 
subjected to Venn diagrams for the identification of overlapped 
genes among three conditions (Fig. 2). A total of 56 overlapped 
genes were identified. Forty-eight genes were found to be com-
mon in both DN and DR, five genes were found common for both 
neuropathy and retinopathy, and three genes were found to be 
overlapping in DN and DPN (Table 2, Fig. 2).  

Weighted gene co-expression analysis 
The co-expressed genes are identified using WGCNA in R. Sam-
ple clustering showed no outlier among samples and soft-thresh-

Table 1. The up- and down-regulated gene of the three microvascular complications

Diabetic retinopathy Diabetic neuropathy Diabetic nephropathy
Up-regulated 1,949 93 330
Down-regulated 235 2 55

Fig. 2. The overlapping differentially expressed genes of the three microvascular complications.
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Table 2. The differentially expressed genes overlapping in the three conditions

Nephropathy and retinopathy Nephropathy and neuropathy Neuropathy and retinopathy
MAP1LC3B NIPSNAP3B PTPRE INSC TPRG1 ARL4C
PTPN1 FCGR2A MXRA5 EPPIN-WFDC6 CERKL PMAIP1
SNAPIN CEP250 GNS GPNMB PCK1 SLC7A11
MAP6D1 TPRG1L RNASE1 PDCL NDST3
PRPH2 TMC8 TKT ST8SIA4 PTGFR
SCG3 DEGS1 RAB11A PER1
UBA7 STARD4 THBD NR4A1
RPS6KB2 MARCKSL1 TYROBP FOS
PSMB4 POLG2 SLC43A3 EGR1
RPS11 COX6C HMGN4 RASGEF1B
RGS19 SRSF10 C15orf48 HSPA8
TUBB3 ITGB2 ELOVL3 PPP2CB

old power of 12 was selected based on the scale-free fit index and 
mean connectivity values. WGCNA algorithm clustered genes 
into six co-expression modules, including black, blue, turquoise, 
grey, dark-green, and light cyan modules. According to the eigen-
gene’s clustering dendrogram and adjacency heatmap, six co-ex-
pression modules were divided into two clusters. Maximum num-
ber of genes falls into the blue and turquoise modules (Fig. 3B). 
Total interactions found was 65,535, after filtering the interactions 
with a cutoff of >0.4. The genes are filtered by mapping on to the 
DEGs—2,608, thereby getting 149 genes for further analysis. 
These 149 genes are further spotted for their interactions and net-
work was generated. A4GALT and AAAS are the two major genes 
that show maximum interactions (Fig. 4). AAAS was found to be 
up-regulated in DN and has the highest degree of interactions in 
WGCNA analysis. AAAS was found to interact with MAPK3 and 
PDPK1. A4GALT was found to be interacting with PDPK1 and 
AKT1. 

The 149 DEG and co-expressed in WGCNA analysis were stud-
ied for the up or down regulation in three conditions. AKT1, 
NFKB1, MAPK3, PDPK1, and TNF were the five genes showing 
expression in all three conditions whereas all the other genes 
showed expression in either one or two conditions, thereby its ex-
cluded (Table 3, Fig. 5). 

GO and pathway enrichment analysis of 149 genes 
In order to clarify the major functions of these DEGs, the associat-
ed biological processes were explored. GO enrichment and Reac-
tome pathways analysis of DEGs were performed to analyze the 
gene function (in terms of biological processes, cellular compo-
nents, and molecular function) as well as their associated path-
ways. GO enrichment analysis of top ten significantly enriched 

terms showed that in biological process category, the genes in-
volved are concerned cellular process, metabolic process, organic 
substance metabolic process, nitrogen compound metabolic pro-
cess, macromolecule metabolic process, and regulation of macro-
molecule metabolic process. In terms of cellular component, the 
genes were enriched in intracellular organelle, intracellular mem-
brane-bounded organelle, cytoplasm, nucleus, intracellular organ-
elle lumen, and nuclear lumen. For molecular function, category 
the genes were mainly concentrated in the heterocyclic compound 
binding, organic cyclic compound binding, nucleic acid binding, 
RNA binding and transcription co-regulator activity. 

From a total of 435 pathways, 121 pathways (p < 0.05) were ob-
tained. Among the enriched pathways, eight pathways significant 
in diabetes were selected for further analysis. The major pathways 
and the respective gene of interest are given in Table 4. Nine major 
pathways in diabetes and its microvascular complications are con-
sidered for the study where all the five gene of interest is spotted. 
Reactome enrichment pathway analysis revealed that genes were 
significantly enriched in insulin resistance, phosphoinositide 3-ki-
nase (PI3K)-Akt signaling pathway, TGF-β signaling pathway, mi-
togen-activated protein kinase (MAPK) signaling pathway, insulin 
signaling pathway, TNF signaling pathway, vascular endothelial 
growth factor (VEGF) signaling pathway, AGE-RAGE (receptor 
for advanced glycation end products) signaling pathway in diabetic 
complications and AMP-activated protein kinase (AMPK) signal-
ing pathway (Fig. 6).  

Topology and PPI network analysis 
By using the STRING database, the PPI network of 149 DEGs 
and co-expressed genes were established and consisted of 2,660 
nodes and 5,066 edges (Fig. 7). Three clusters were obtained by k 
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Fig. 3. (A, B) The dendogram tree of the samples in the study clustering dendrogram of genes, with dissimilarity based on topological 
overlap. N, neuropathy; R, retinopathy; NP, nephropathy samples. (C, D) Analysis of network topology for various soft-thresholding powers. 
The left panel presents the scale-free fit index (y-axis) as a function of the soft-thresholding power (x-axis). The right panel displays the 
mean connectivity (degree, y-axis) as a function of the soft-thresholding power (x-axis).
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means clustering of the 149 genes. The study concentrates on 
AKT1, NFKB1, MAPK3, PDPK1, and TNF genes. The five genes 
of interest were found in two clusters. From the 111 genes interact-
ing in the first cluster 73 genes from our 149 gene of interest are 
found to be interacting, AKT1, TNF, PDPK1, and NFKB1 from 
the hub genes are found to be interacting in cluster 1 (blue). In the 
green cluster (second cluster) 43 of the key genes out of the 80 
genes were found to be clustered. MAPK3 was found in the green 
cluster. In the third cluster (red), among the 74 genes interacting in 

the cluster, 31 key genes were found to be interacting. The degree 
distribution and betweeness distribution of the 149 genes on a 
logarithmic scale, shows a small number of nodes with high degree 
(the hubs) and a large number of nodes with a low degree (Fig. 8). 

Kyoto Encyclopedia of Genes and Genomes (KEGG) pathway 
analysis of the selected modules revealed that the five gene of in-
terest were identified in the major pathways such as insulin resis-
tance, PI3K-Akt signaling pathway, TGF-beta signaling pathway, 
MAPK signaling pathway, insulin signaling pathway, TNF signal-
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ing pathway, VEGF signaling pathway, AGE-RAGE signaling 
pathway in diabetic complications and AMPK signaling pathway. 
Topology analysis elucidates from the selected 149 genes, most of 
the genes are spotted in metabolism. Diabetes being a metabolic 
disorder (Fig. 9). 

GSLA of the genes 
The GSLA of the 149 genes was performed using GSLA tool in 
HIR. HIR is prepared through the integration of functional gene 
associations from nine public databases. Based on this high-quality 
functional association network of HIR, the GSLA tool interprets 

Fig. 4. Co-expressed gene network of the 149 genes based on the weight.

Table 3. The expression of the selected genes in three conditions

S. No. Gene
Retinopathy Neuropathy Nephropathy

Up Down Up Down Up Down
1 AKT1 Y N Y N Y N
2 NFKB1 Y N N Y Y N
3 MAPK3 Y N Y N N Y
4 PDPK1 Y N Y N Y N
5 TNF Y N Y N N Y

the potential functional impacts of the multiple simultaneously 
changed genes. The gene set of interest is compared to the gene as-
sociation network consisting the same genes and having the same 
number of neighbors. TNF signaling, insulin receptor signaling 
cascade, VEGF signaling pathway, PIP3/AKT signaling, and 
MAPK1/MAPK3 signaling are the major pathways with high den-
sity and highest interaction. The genes of interest in these path-
ways are elucidated in Table 5. The density is higher the more the 
association of the gene to the pathway or network. Density consid-
ered was >0.01. 
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Fig. 5. The interaction of the AKT1, NFKB1, MAPK3, PDPK1, and TNF.

TFs-gene interaction in the specific pathways 
A total of 557 nodes and 8,063 edges of the 149 key genes were ex-
amined using Network analyst software. Subsequently, the resulted 
network was imported to Cytoscape for visualization of interac-
tion among TFs and hub genes (Fig. 10). The top ranked TFs 
were RELA, PPARG, SREBF1, BRCA1, MAX, STAT1, HNF4A, 
PDX1, MYB, NFATC2, and FOXO3 are shown in Table 6. Based 
on the results, we found that degree level of RELA was very high. 
It was co-regulated by all the five gene of interest and many other 
TFs, which fall into the major pathways. Subsequently, the net-
work of the hub genes and their targeted TFs were visualized by 
Cytoscape software. RELA, FOXO3, PDX1, and SREBF1 were 
the TFs within highest degree and interacting with the major gene 
of interest (Table 7). 

miRNA-gene interaction 
A total of 2,463 nodes and 10,246 edges of the 149 key genes and 
their miRNA interactions were examined from miRNet database. 
The list of miRNA interacting with the five gene of interest was 
further examined (Table 8). miRNA-hub gene regulatory network 
construction miRNet database was applied to screen the targeted 
miRNAs of the hub genes. Cytoscape software was used to con-
struct the miRNA-hub gene network (Fig. 11). Subsequently, the 
network of the five genes and their targeted miRNAs was visual-
ized by Cytoscape software. hsa-mir-34a-5p is the major miRNA 
which is found to interact with all the five genes (Table 8).  

Drug-gene interaction  
A total of 69 drugs were explored using DGIdb that might have the 
potential to treat the major five genes. Furthermore, downstream 
interaction networks of AKT1, NFKB1, MAPK3, PDPK1, and 
TNF were generated (Figs. 12, 13), which elucidates the common 
drugs interacting with one or more than one gene of interest. Tha-
lidomide, HMPL-004 (Andrographolide) and Pranlukast were 
found to be targeting TNF and NFKB1. Inositol 1,3,4,5-tetrakis-
phosphate was found to target both PDPK1 and AKT1. Arsenic 
trioxide was targeting AKT1 and MAPK3 form the five gene of in-
terest was studied in DrugBank source (Table 9). 

Table 4. The major enriched pathway and their gene of interest

S. No. Pathway Genes of interest p-value
1 PI3K-Akt signaling pathway AKT1 1.75E-103

NFKB1
MAPK3
PDPK1

2 MAPK signaling pathway AKT1 5.47E-83
NFKB1
MAPK3
TNF

3 AGE-RAGE signaling pathway in 
diabetic complications

AKT1 7.46E-35

NFKB1
MAPK3
TNF

4 TGF-beta signaling pathway MAPK3 4.28E-28
TNF

5 TNF signaling pathway AKT1 5.88E-27
NFKB1
MAPK3
TNF

6 AMPK signaling pathway AKT1 5.97E-25
PDPK1

7 Insulin signaling pathway AKT1 2.69E-28
NFKB1
PDPK1
TNF

8 Insulin resistance AKT1 5.21E-25
MAPK3
PDPK1

9 VEGF signaling pathway MAPK3 1.22E-13

PI3K, phosphoinositide 3-kinase; MAPK, mitogen-activated protein kinase; 
AGE, advanced glycation end-products; RAGE, receptor for advanced 
glycation end products; TGF, transforming growth factor; AMPK, AMP-
activated protein kinase; VEGF, vascular endothelial growth factor.
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Fig. 6. The major pathway (yellow) and the genes (blue).

Discussion 

DM produces vascular disease that accounts for the majority of 
morbidity, hospitalizations, and deaths among patients. Microvas-
cular lesions induce nephropathy, retinopathy, and neuropathy, 
whereas major blood vessel damage raises the risk of cardiovascu-
lar events. The onset of a secondary diabetic complication cannot 
be avoided or reversed. The study focused on co-expressed genes 
in all three conditions (DR, DN, and DPN), pathogenesis, and 
miRNA, TF and gene network in the key pathways involved. In 
the DR dataset, the differential expression analysis of all three 
complications includes a total of 2,184 genes, in which 1,949 
up-regulated and 235 down-regulated genes. DN qualifies 330 

genes to be up-regulated and 55 genes to be down-regulated. Dia-
betic neuropathy was found to have 95 genes, 93 of which were 
up-regulated and two were down-regulated. A total of 56 overlap-
ping genes were identified, 48 genes were found to be common in 
diabetic neuropathy and retinopathy, five genes were found to be 
common in neuropathy and retinopathy, and three genes were 
found to be overlapping in diabetic neuropathy and nephropathy. 

After filtering the interactions with a cut off of >0.4, a total of 
65,535 interactions were obtained from the co-expression analysis 
using WGCNA. By mapping the genes to the DEGs – 2,608, a to-
tal of 149 genes were obtained for further study. The relationships 
between these 149 genes were identified, and a network was creat-
ed. The two primary genes with the most interactions are 
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Fig. 7. The three clusters of the 149 genes.

A4GALT and AAAS (Fig. 4). AAAS has the highest degree of in-
teractions in WGCNA analysis and has been discovered to be 
up-regulated in DN. AAAS has been discovered to interact with 
MAPK3 and PDPK1. A4GALT has been discovered to interact 
with PDPK1 and AKT1. In order to identify the genes most often 
related with disease and their roles, it is helpful to identify the 

genes with co-expressed profiles. 
The up or down regulation of the 149 DEG and co-expressed in 

WGCNA analysis were investigated in three disease condition. The 
five genes AKT1, NFKB1, MAPK3, PDPK1, and TNF that exhibit-
ed expression in all three conditions were considered for further 
analysis. All the other genes that showed expression only in two or 
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Fig. 9. The topological segregation of the gene.

Fig. 8. The degree distribution and betweeness distribution of the 149 genes.

one condition. Diabetes-prone mice's blood glucose levels were re-
ported to be controlled by MAPK3 (ERK1) inhibitor inhibition in 
hypertrophic 3T3-L1 [26,27]. In a study involving DN and non-
DN patients, it was found that addition to poor glycemic control, 

oxidative stress and inflammation; genetic factors seem to be main 
determinants of DN in terms of both occurrence and severity 
[28]; however, the genetic mechanism causing DN is still unex-
plored. When compared to people with type 2 diabetes mellitus 
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Fig. 10. Transcription factor (blue) interacting with the gene of interest (red).

without nephropathy, subjects with DN had higher levels of 
uMCP-1 and plasma TNF, and they found a significant link be-
tween uMCP-1 and plasma TNF. Gupta et al.’s study [29] has also 
emphasized the connection between DN and the single nucleotide 
polymorphism of the TNFA gene. 

The study takes into account nine key pathways in diabetes and 
associated microvascular complications, with all five genes of inter-
est being identified. Insulin resistance, PI3K-Akt signaling path-
way, TGF-beta signaling pathway, MAPK signaling pathway, insu-
lin signaling pathway, TNF signaling pathway, VEGF signaling 
pathway, AGE-RAGE signaling pathway in diabetic complications, 
and AMPK signaling pathway were all found to be significantly en-
riched in the reactome enrichment pathway analysis.  

Two major categories of regulatory elements that control gene 

expression are TFs and miRNAs. Table 6 shows the top TFs: 
RELA, PPARG, SREBF1, BRCA1, MAX, STAT1, HNF4A, PDX1, 
MYB, NFATC2, and FOXO3. Based on the findings, we discovered 
that the interaction degree of RELA was extremely high, as it was 
co-regulated by all five genes of interest as well as a slew of other 
TFs involved in significant pathways. Following that, Cytoscape 
software was used to visualize the network of hub genes and their 
targeted TFs. RELA, FOXO3, PDX1, and SREBF1 are the TFs that 
possess highest interaction with the primary gene of interest. NF-
κB is a widely distributed TF that has a role in a variety of biological 
processes. Specific inhibitors keep it in an inactive condition in the 
cytoplasm. NF-κB travels to the nucleus after the inhibitor is de-
graded and promotes transcription of certain genes. NFKB1 or 
NFKB2 are linked to REL, RELA, or RELB to form NF-κB. The 
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most common form of NF-κB is NFKB1 complexed with RELA, 
the gene's product. This gene has four transcript variants that code 
for distinct isoforms. In our study, RELA interacts with NFKB1, 
which is the most common form of complex. This complex is not 
studied in the three diabetes secondary complications [30]. Insu-
lin inhibits FoxO TFs, making them important insulin action me-
diators in diabetic mice. It has been established from the literature 
that FoxO-regulated genes are rate-limiting in the enhanced pro-
tein breakdown and muscle atrophy seen in diabetes with insuffi-
cient insulin [31]. 

The construction of a miRNA-hub gene regulation network re-

vealed that 22 significant miRNA interact with the five genes of in-
terest. The primary miRNA observed to interact with all five genes 
is hsa-mir-34a-5p. miR-34a-5p could negatively influence pancre-
atic cell proliferation via the Wnt signaling pathway using GO and 
KEGG enrichment analysis. It was also discovered to affect blood 
glucose levels via regulating insulin secretion via the insulin signal-
ing system in their study [32]. Gholaminejad, Gholaminejad et al. 
(2021) [33], in their findings states that hsa-miR-129-2-3p, hsa-
miR-34a-5p, and hsa-miR-27a-3p, as well as STAT3, were identified 
as top molecules directing the regulation of the hub genes in the 
created regulatory network in immunoglobulin A nephropathy. Mi-
croRNA-34a-5p (miR-34a) has been involved in vascular senes-
cence [34], oxidative stress [35] and apoptosis [36] as a transla-
tional inhibitor of SIRT1. MiR-34a expression is altered in a variety 
of human diseases, including cancer [37]; and cardiovascular dis-
ease [38]. From previous literatures, hsa-miR-34a-5p was found to 
be a prominent biomarker in diabetes and not found to be proved 
in DR, DN, and DPN. In our present study, hsa-miR-34a-5p was 
found to be interacting with five gene of interest in the major path-
ways in the selected diabetes secondary complications. miR-34a-5p 
and RELA were identified through the construction of a regulatory 
network as putative top molecules found to be possibly regulating 
the expression of the five identified gene of interest. 

Additionally, downstream drug-gene interaction networks for 
AKT1, NFKB1, MAPK3, PDPK1, and TNF were created (Figs. 12, 
13), revealing the common medications that interact with one or 

Table 5. The five genes and the linkage density to the respective pathway

S. No. Description Density Interaction number Overlap gene number Overlapped gene(s)
1 TNF signaling 0.03233 212 2 TNF
2 PIP3 activates AKT signaling 0.03029 1,160 22 AKT1/PDPK1/MAPK3
3 MAP2K and MAPK activation 0.06191 369 8 MAPK3
4 AKT phosphorylates targets in the cytosol 0.06833 112 2 AKT1/CDKN1A
5 Insulin receptor signaling cascade 0.04171 317 6 MAPK3
6 Insulin-like growth factor I binding 0.05857 96 2 ITGAV/ITGB4
7 VEGF signaling pathway 0.06469 588 7 AKT1/MAPK3
8 MAPK1/MAPK3 signaling 0.02869 1,227 27 MAPK3
9 IGF receptor signaling pathway 0.07046 105 1 AKT1
10 Negative regulation of insulin receptor signaling pathway 0.04785 164 1 PRKCZ
11 VEGFA-VEGFR2 Pathway 0.0563 797 14 PDPK1/AKT1
12 Insulin/IGF pathway-MAPK kinase/MAPK cascade 0.08817 381 6 MAPK3
13 Insulin/IGF pathway-protein kinase B signaling cascade 0.05119 267 4 AKT1/PDPK1
14 PI3K cascade 0.0305 200 5 PDPK1
15 Signaling by insulin receptor 0.02979 333 6 PDPK1/MAPK3
16 Signaling by VEGF 0.05317 824 16 PDPK1/AKT1

TNF, tumor necrosis factor; MAPK, mitogen-activated protein kinase; VEGF, vascular endothelial growth factor; MAP, mitogen-activated protein; IGF, 
Insulin-like growth factor; PI3K, phosphoinositide 3-kinase.

Table 6. The top ranked TFs and their degree and betweenness

S. No. TF Degree Betweenness
1 RELA 38 837.07
2 PPARG 26 389.71
3 SREBF1 24 298.59
4 BRCA1 21 248.06
5 MAX 20 199.62
6 STAT1 15 152.47
7 HNF4A 14 107.66
8 PDX1 4 7.83
9 MYB 1 0
10 NFATC2 1 0
11 FOXO3 1 0

TF, transcription factor.
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more genes of interest. TNF and NFKB1 were discovered to be 
targeted by Thalidomide, HMPL-004 (Andrographolide), and 
Pranlukast (Fig. 12). Both PDPK1 and AKT1 have been discov-
ered to be targets of inositol 1,3,4,5-tetrakisphosphate (Fig. 13). 
The five gene of interest, AKT1 and MAPK3, were targeted by ar-
senic trioxide. 

This study elucidates the key co-expressed genes, which are up 
or down-regulated in all the three microvascular complications. 
The most prominent interaction of miRNA, TF, and gene in the 
major pathways of the diabetes and its complications elucidates a 
better understanding to the pathogenesis of the diseases. Thereby 
proposing the most potential biomarkers in the regulation or pre-
vention of the diabetes secondary complications that affect the 
kidney, eye and nerves. 

Despite the fact that several of the aforementioned strategies in 
this study, have produced positive outcomes for discovering new 

information, there are still certain restrictions. In our case, data on 
DN, neuropathy, and retinopathy were collected using Illumina 
HiSeq 4,000, 3,000, and 2,000. Data loss may have occurred as a 
result of the experimental platforms' differences. The differences 
and lack of genes won't hinder the research, though, because each 
of the three disorders was studied separately. For researchers who 
seek to comprehend the related pathways involved in the patho-
physiology and progression of all the three microvascular compli-
cations, our research will be a crucial pioneer. Our results thus 
have the potential to improve future treatment of diabetes compli-
cations by identifying particular biological pathways and genes 
linked to each type of complication. 

This was the first study to construct a co-expression network to 
explore the three diabetes-associated secondary complications—
DR, DN, and DPN. Our findings revealed five key genes that acted 
as essential components in the etiology of diabetes-associated mi-
crovascular complications, which may enhance our fundamental 
knowledge of the molecular mechanisms underlying this disease. 
The TF RELA and miRNA-hsa-mir-34a-5p interacts with all the 
five genes AKT1, NFKB1, MAPK3, PDPK1, and TNF. They play 
a major role in progression of pathogenesis of the three diseases. 
Hence, these genes might act as potential biomarkers for diagnosis 

Table 7. Top ranked TFs: gene interaction in the major nine pathway

S. No. Pathway TF Gene of interest
1 PI3K-Akt signaling pathway MYB, RELA, FOXO3, BRCA1 AKT1, NFKB1, MAPK3, PDPK1
2 MAPK signaling pathway RELA, MAX, ELKI AKT1, NFKB1, MAPK3, TNF
3 AGE-RAGE signaling pathway in diabetic complications RELA, STAT1 AKT1, NFKB1, MAPK3, TNF
4 Insulin resistance RELA, PDX1, SREBF1, STAT3 AKT1, NFKB1, TNF
5 TGF-beta signaling pathway PDX1 MAPK3, TNF
6 TNF signaling pathway RELA AKT1, NFKB1, TNF
7 AMPK signaling pathway FOXO3, HNF4A, SREBF1, PPARG PDPK1, AKT1
8 Insulin signaling pathway SREBF1, PDX1, ELK1 AKT1, MAPK3, PDPK1
9 VEGF signaling pathway PDX1, NFATC2 AKT1, MAPK3

TF, transcription factor; PI3K, phosphoinositide 3-kinase; MAPK, mitogen-activated protein kinase; AGE, advanced glycation end-products; RAGE, receptor 
for advanced glycation end products; TGF, transforming growth factor; TNF, tumor necrosis factor; AMPK, AMP-activated protein kinase; VEGF, vascular 
endothelial growth factor.

Table 8. The five gene of interest and miRNAs interaction

S. No. Gene miRNA
1. NFKB1, MAPK3, AKT1, TNF hsa-mir-34a-5p
2. NFKB1 & MAPK3 hsa-mir-34a-5p, hsa-mir-9-3p
3. MAPK3 & AKT1 hsa-mir-34a-5p
4. TNF & PDPK1 hsa-mir-17-5p, hsa-mir-24-3p
5. TNF & AKT1 hsa-mir-19a-3p, hsa-mir-125b-5p, 

hsa-mir-34a-5p, hsa-mir-143-3p
6. AKT1 & NFKB1 hsa-mir-26b-5p, hsa-mir-138-5p, 

hsa-mir-34a-5p, hsa-mir-155-5p
7. PDPK1 & AKTI hsa-mir-125a-5p, hsa-mir-302c-3p

hsa-mir-185-5p, hsa-mir-302d-3p
hsa-mir-302a-3p, hsa-mir-654-3p
hsa-mir-302b-3p, hsa-mir-3191-5p

Table 9. The gene of interest and their respective drugs

S. No. Gene Drug
1 TNF & NFKB1 Thalidomide

HMPL-004 (andrographolide)
Pranlukast

2 PDPK1 & AKT1 Inositol 1,3,4,5-tetrakisphosphate
3 AKT1 & MAPK3 Arsenic trioxide
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Fig. 11. Red nodes are miRNAs and blue nodes are the highly interaction miRNAs.

Fig. 12. The NFKB1 and TNF gene and their drugs.
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Fig. 13. The PDPK1, AKT1, and MAPK3 gene and their drugs.

of both diseases at early stage. Our findings will pave the way for 
further research into the related pathways that play a role in the de-
velopment and pathophysiology of both diseases. 

ORCID

Veerankutty Subaida Shafna Asmy: https://orcid.org/0000-0002-
0374-8802
Jeyakumar Natarajan: https://orcid.org/0000-0003-3981-619X

Authors’ Contribution 

Conceptualization: VSSA. Data curation: VSSA. Formal analysis: 
VSSA. Methodology: VSSA. Writing - original draft: VSSA. Writ-
ing - review & editing: VSSA, JN.

Conflicts of Interest 

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

References 

1. Faselis C, Katsimardou A, Imprialos K, Deligkaris P, Kallistratos 
M, Dimitriadis K. Microvascular complications of type 2 diabetes 
mellitus. Curr Vasc Pharmacol 2020;18:117-124. 

2. Chawla A, Chawla R, Jaggi S. Microvasular and macrovascular 
complications in diabetes mellitus: distinct or continuum? Indian 
J Endocrinol Metab 2016;20:546-551. 

3. IDF Diabetes Atlas. Brussels: International Diabetes Federation, 
2021. Accessed 2021 Dec 23. Available from: https://diabetesat-
las.org/. 

17 / 19https://doi.org/10.5808/gi.22029

Genomics & Informatics 2022;20(3):e26

https://www.ncbi.nlm.nih.gov/pubmed/31057114
https://www.ncbi.nlm.nih.gov/pubmed/31057114
https://www.ncbi.nlm.nih.gov/pubmed/31057114
https://www.ncbi.nlm.nih.gov/pubmed/27366724
https://www.ncbi.nlm.nih.gov/pubmed/27366724
https://www.ncbi.nlm.nih.gov/pubmed/27366724
https://doi.org/10.5808/gi.22029


4. Cade WT. Diabetes-related microvascular and macrovascular dis-
eases in the physical therapy setting. Phys Ther 2008;88:1322-
1335. 

5. Brosius FC, Khoury CC, Buller CL, Chen S. Abnormalities in 
signaling pathways in diabetic nephropathy. Expert Rev Endocri-
nol Metab 2010;5:51-64. 

6. Lim A. Diabetic nephropathy: complications and treatment. Int J 
Nephrol Renovasc Dis 2014;7:361-381. 

7. Pop-Busui R, Boulton AJ, Feldman EL, Bril V, Freeman R, Malik 
RA, et al. Diabetic neuropathy: a position statement by the Amer-
ican Diabetes Association. Diabetes Care 2017;40:136-154. 

8. Oguntibeju OO. Type 2 diabetes mellitus, oxidative stress and in-
flammation: examining the links. Int J Physiol Pathophysiol Phar-
macol 2019;11:45-63. 

9. Satoh J, Yagihashi S, Toyota T. The possible role of tumor necro-
sis factor-alpha in diabetic polyneuropathy. Exp Diabesity Res 
2003;4:65-71. 

10. Wang Y, Schmeichel AM, Iida H, Schmelzer JD, Low PA. En-
hanced inflammatory response via activation of NF-kappaB in 
acute experimental diabetic neuropathy subjected to isch-
emia-reperfusion injury. J Neurol Sci 2006;247:47-52. 

11. Kumar A, Sharma SS. NF-kappaB inhibitory action of resveratrol: 
a probable mechanism of neuroprotection in experimental dia-
betic neuropathy. Biochem Biophys Res Commun 2010;394: 
360-365. 

12. Yamagishi S, Ogasawara S, Mizukami H, Yajima N, Wada R, Suga-
wara A, et al. Correction of protein kinase C activity and macro-
phage migration in peripheral nerve by pioglitazone, peroxisome 
proliferator activated-gamma-ligand, in insulin-deficient diabetic 
rats. J Neurochem 2008;104:491-499. 

13. Tomlinson DR. Mitogen-activated protein kinases as glucose 
transducers for diabetic complications. Diabetologia 1999;42: 
1271-1281. 

14. Saini DC, Kochar A, Poonia R. Clinical correlation of diabetic 
retinopathy with nephropathy and neuropathy. Indian J Ophthal-
mol 2021;69:3364-3368. 

15. Hotta N, Kawamori R, Fukuda M, Shigeta Y; Aldose Reductase 
Inhibitor-Diabetes Complications Trial Study Group. Long-term 
clinical effects of epalrestat, an aldose reductase inhibitor, on pro-
gression of diabetic neuropathy and other microvascular compli-
cations: multivariate epidemiological analysis based on patient 
background factors and severity of diabetic neuropathy. Diabet 
Med 2012;29:1529-1533.  

16. Love MI, Huber W, Anders S. Moderated estimation of fold 
change and dispersion for RNA-seq data with DESeq2. Genome 
Biol 2014;15:550.  

17. Langfelder P, Horvath S. WGCNA: an R package for weighted 
correlation network analysis. BMC Bioinformatics 2008;9:559. 

18. Chen J, Bardes EE, Aronow BJ, Jegga AG. ToppGene Suite for 
gene list enrichment analysis and candidate gene prioritization. 
Nucleic Acids Res 2009;37:W305-W311. 

19. Fabregat A, Jupe S, Matthews L, Sidiropoulos K, Gillespie M, 
Garapati P, et al. The reactome pathway knowledgebase. Nucleic 
Acids Res 2018;46:D649-D655. 

20. Szklarczyk D, Morris JH, Cook H, Kuhn M, Wyder S, Simonovic 
M, et al. The STRING database in 2017: quality-controlled pro-
tein-protein association networks, made broadly accessible. Nu-
cleic Acids Res 2017;45:D362-D368. 

21. Demchak B, Hull T, Reich M, Liefeld T, Smoot M, Ideker T, et al. 
Cytoscape: the network visualization tool for GenomeSpace 
workflows. F1000Res 2014;3:151. 

22. Guo WP, Ding XB, Jin J, Zhang HB, Yang QL, Chen PC, et al. 
HIR V2: a human interactome resource for the biological inter-
pretation of differentially expressed genes via gene set linkage 
analysis. Database (Oxford) 2021;2021:baab009. 

23. Zhou G, Soufan O, Ewald J, Hancock RE, Basu N, Xia J. Networ-
kAnalyst 3.0: a visual analytics platform for comprehensive gene 
expression profiling and meta-analysis. Nucleic Acids Res 
2019;47:W234-W241. 

24. Fan Y, Xia J. miRNet-functional analysis and visual exploration of 
miRNA-target interactions in a network context. Methods Mol 
Biol 2018;1819:215-233. 

25. Griffith M, Griffith OL, Coffman AC, Weible JV, McMichael JF, 
Spies NC, et al. DGIdb: mining the druggable genome. Nat 
Methods 2013;10:1209-1210. 

26. Ozaki KI, Awazu M, Tamiya M, Iwasaki Y, Harada A, Kugisaki S, 
et al. Targeting the ERK signaling pathway as a potential treat-
ment for insulin resistance and type 2 diabetes. Am J Physiol En-
docrinol Metab 2016;310:E643-E651. 

27. Saxena A, Mathur N, Tiwari P, Mathur SK. Whole transcriptome 
RNA-seq reveals key regulatory factors involved in type 2 diabe-
tes pathology in peripheral fat of Asian Indians. Sci Rep 2021;11: 
10632. 

28. Gupta S, Gambhir JK, Kalra O, Gautam A, Shukla K, Mehndirat-
ta M, et al. Association of biomarkers of inflammation and oxida-
tive stress with the risk of chronic kidney disease in type 2 diabe-
tes mellitus in North Indian population. J Diabetes Complica-
tions 2013;27:548-552. 

29. Gupta S, Mehndiratta M, Kalra S, Kalra OP, Shukla R, Gambhir 
JK. Association of tumor necrosis factor (TNF) promoter poly-
morphisms with plasma TNF-alpha levels and susceptibility to 
diabetic nephropathy in North Indian population. J Diabetes 

https://doi.org/10.5808/gi.2202918 / 19

Asmy VSS and Natarajan J • Co-expression analysis of RNA-Seq transcriptome

https://www.ncbi.nlm.nih.gov/pubmed/18801863
https://www.ncbi.nlm.nih.gov/pubmed/18801863
https://www.ncbi.nlm.nih.gov/pubmed/18801863
https://www.ncbi.nlm.nih.gov/pubmed/20224802
https://www.ncbi.nlm.nih.gov/pubmed/20224802
https://www.ncbi.nlm.nih.gov/pubmed/20224802
https://www.ncbi.nlm.nih.gov/pubmed/25342915
https://www.ncbi.nlm.nih.gov/pubmed/25342915
https://www.ncbi.nlm.nih.gov/pubmed/27999003
https://www.ncbi.nlm.nih.gov/pubmed/27999003
https://www.ncbi.nlm.nih.gov/pubmed/27999003
https://www.ncbi.nlm.nih.gov/pubmed/31333808
https://www.ncbi.nlm.nih.gov/pubmed/31333808
https://www.ncbi.nlm.nih.gov/pubmed/31333808
https://www.ncbi.nlm.nih.gov/pubmed/14630568
https://www.ncbi.nlm.nih.gov/pubmed/14630568
https://www.ncbi.nlm.nih.gov/pubmed/14630568
https://www.ncbi.nlm.nih.gov/pubmed/16631800
https://www.ncbi.nlm.nih.gov/pubmed/16631800
https://www.ncbi.nlm.nih.gov/pubmed/16631800
https://www.ncbi.nlm.nih.gov/pubmed/16631800
https://www.ncbi.nlm.nih.gov/pubmed/20211601
https://www.ncbi.nlm.nih.gov/pubmed/20211601
https://www.ncbi.nlm.nih.gov/pubmed/20211601
https://www.ncbi.nlm.nih.gov/pubmed/20211601
https://www.ncbi.nlm.nih.gov/pubmed/17995925
https://www.ncbi.nlm.nih.gov/pubmed/17995925
https://www.ncbi.nlm.nih.gov/pubmed/17995925
https://www.ncbi.nlm.nih.gov/pubmed/17995925
https://www.ncbi.nlm.nih.gov/pubmed/10550410
https://www.ncbi.nlm.nih.gov/pubmed/10550410
https://www.ncbi.nlm.nih.gov/pubmed/10550410
https://www.ncbi.nlm.nih.gov/pubmed/34708806
https://www.ncbi.nlm.nih.gov/pubmed/34708806
https://www.ncbi.nlm.nih.gov/pubmed/34708806
https://www.ncbi.nlm.nih.gov/pubmed/22507139
https://www.ncbi.nlm.nih.gov/pubmed/22507139
https://www.ncbi.nlm.nih.gov/pubmed/22507139
https://www.ncbi.nlm.nih.gov/pubmed/22507139
https://www.ncbi.nlm.nih.gov/pubmed/25516281
https://www.ncbi.nlm.nih.gov/pubmed/25516281
https://www.ncbi.nlm.nih.gov/pubmed/25516281
https://www.ncbi.nlm.nih.gov/pubmed/19114008
https://www.ncbi.nlm.nih.gov/pubmed/19114008
https://www.ncbi.nlm.nih.gov/pubmed/19465376
https://www.ncbi.nlm.nih.gov/pubmed/19465376
https://www.ncbi.nlm.nih.gov/pubmed/19465376
https://www.ncbi.nlm.nih.gov/pubmed/29145629
https://www.ncbi.nlm.nih.gov/pubmed/29145629
https://www.ncbi.nlm.nih.gov/pubmed/29145629
https://www.ncbi.nlm.nih.gov/pubmed/27924014
https://www.ncbi.nlm.nih.gov/pubmed/27924014
https://www.ncbi.nlm.nih.gov/pubmed/27924014
https://www.ncbi.nlm.nih.gov/pubmed/27924014
https://www.ncbi.nlm.nih.gov/pubmed/25165537
https://www.ncbi.nlm.nih.gov/pubmed/25165537
https://www.ncbi.nlm.nih.gov/pubmed/25165537
https://www.ncbi.nlm.nih.gov/pubmed/33677507
https://www.ncbi.nlm.nih.gov/pubmed/33677507
https://www.ncbi.nlm.nih.gov/pubmed/33677507
https://www.ncbi.nlm.nih.gov/pubmed/33677507
https://www.ncbi.nlm.nih.gov/pubmed/30931480
https://www.ncbi.nlm.nih.gov/pubmed/30931480
https://www.ncbi.nlm.nih.gov/pubmed/30931480
https://www.ncbi.nlm.nih.gov/pubmed/30931480
https://www.ncbi.nlm.nih.gov/pubmed/30421406
https://www.ncbi.nlm.nih.gov/pubmed/30421406
https://www.ncbi.nlm.nih.gov/pubmed/30421406
https://www.ncbi.nlm.nih.gov/pubmed/24122041
https://www.ncbi.nlm.nih.gov/pubmed/24122041
https://www.ncbi.nlm.nih.gov/pubmed/24122041
https://www.ncbi.nlm.nih.gov/pubmed/26860984
https://www.ncbi.nlm.nih.gov/pubmed/26860984
https://www.ncbi.nlm.nih.gov/pubmed/26860984
https://www.ncbi.nlm.nih.gov/pubmed/26860984
https://www.ncbi.nlm.nih.gov/pubmed/34017037
https://www.ncbi.nlm.nih.gov/pubmed/34017037
https://www.ncbi.nlm.nih.gov/pubmed/34017037
https://www.ncbi.nlm.nih.gov/pubmed/34017037
https://www.ncbi.nlm.nih.gov/pubmed/24012111
https://www.ncbi.nlm.nih.gov/pubmed/24012111
https://www.ncbi.nlm.nih.gov/pubmed/24012111
https://www.ncbi.nlm.nih.gov/pubmed/24012111
https://www.ncbi.nlm.nih.gov/pubmed/25704106
https://www.ncbi.nlm.nih.gov/pubmed/25704106
https://www.ncbi.nlm.nih.gov/pubmed/25704106
https://www.ncbi.nlm.nih.gov/pubmed/25704106
https://doi.org/10.5808/gi.22029


Complications 2015;29:338-342. 
30. Oeckinghaus A, Ghosh S. The NF-kappaB family of transcription 

factors and its regulation. Cold Spring Harb Perspect Biol 
2009;1:a000034. 

31. O'Neill BT, Bhardwaj G, Penniman CM, Krumpoch MT, Suarez 
Beltran PA, Klaus K, et al. FoxO transcription factors are critical 
regulators of diabetes-related muscle atrophy. Diabetes 2019; 
68:556-570. 

32. Su T, Hou J, Liu T, Dai P, Qin L, Ding L, et al. MiR-34a-5p and 
miR-452-5p: the novel regulators of pancreatic endocrine dys-
function in diabetic Zucker rats? Int J Med Sci 2021;18:3171-
3181. 

33. Gholaminejad A, Roointan A, Gheisari Y. Transmembrane sig-
naling molecules play a key role in the pathogenesis of IgA ne-

phropathy: a weighted gene co-expression network analysis 
study. BMC Immunol 2021;22:73. 

34. Ito T, Yagi S, Yamakuchi M. MicroRNA-34a regulation of endo-
thelial senescence. Biochem Biophys Res Commun 2010;398: 
735-740.

35. Banerjee J, Khanna S, Bhattacharya A. MicroRNA regulation of 
oxidative stress. Oxid Med Cell Longev 2017;2017:2872156. 

36. Hermeking H. The miR-34 family in cancer and apoptosis. Cell 
Death Differ 2010;17:193-199. 

37. Slabakova E, Culig Z, Remsik J, Soucek K. Alternative mecha-
nisms of miR-34a regulation in cancer. Cell Death Dis 2017;8: 
e3100. 

38. Li N, Wang K, Li PF. MicroRNA-34 family and its role in cardio-
vascular disease. Crit Rev Eukaryot Gene Expr 2015;25:293-297. 

19 / 19https://doi.org/10.5808/gi.22029

Genomics & Informatics 2022;20(3):e26

https://www.ncbi.nlm.nih.gov/pubmed/20066092
https://www.ncbi.nlm.nih.gov/pubmed/20066092
https://www.ncbi.nlm.nih.gov/pubmed/20066092
https://www.ncbi.nlm.nih.gov/pubmed/30523026
https://www.ncbi.nlm.nih.gov/pubmed/30523026
https://www.ncbi.nlm.nih.gov/pubmed/30523026
https://www.ncbi.nlm.nih.gov/pubmed/30523026
https://www.ncbi.nlm.nih.gov/pubmed/34400887
https://www.ncbi.nlm.nih.gov/pubmed/34400887
https://www.ncbi.nlm.nih.gov/pubmed/34400887
https://www.ncbi.nlm.nih.gov/pubmed/34400887
https://www.ncbi.nlm.nih.gov/pubmed/34861820
https://www.ncbi.nlm.nih.gov/pubmed/34861820
https://www.ncbi.nlm.nih.gov/pubmed/34861820
https://www.ncbi.nlm.nih.gov/pubmed/34861820
https://www.ncbi.nlm.nih.gov/pubmed/29312474
https://www.ncbi.nlm.nih.gov/pubmed/29312474
https://www.ncbi.nlm.nih.gov/pubmed/19461653
https://www.ncbi.nlm.nih.gov/pubmed/19461653
https://www.ncbi.nlm.nih.gov/pubmed/29022903
https://www.ncbi.nlm.nih.gov/pubmed/29022903
https://www.ncbi.nlm.nih.gov/pubmed/29022903
https://www.ncbi.nlm.nih.gov/pubmed/26559089
https://www.ncbi.nlm.nih.gov/pubmed/26559089
https://doi.org/10.5808/gi.22029


1 / 13

2022 Korea Genome Organization
This is an open-access article distributed 
under the terms of the Creative Commons 
Attribution license (http://creativecommons.
org/licenses/by/4.0/), which permits unre-
stricted use, distribution, and reproduction 
in any medium, provided the original work is 
properly cited.

Introduction 

Oral cancer (OC) is a global public health problem, accounting for the fourth highest fre-
quency of malignancy [1]. Oral squamous cell carcinoma (OSCC) is the most common 
histological type of OC [2-4]. The progression of OSCC is step-by-step and is character-
ized by the transformation of normal oral epithelium to precancerous lesions and cancer-
ous squamous epithelial tissues [5]. Human papillomavirus infections, smoking, con-
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Oral squamous cell carcinoma (OSCC) is the most prevalent head and neck malignancy, 
with frequent cervical lymph-node metastasis, leading to a poor prognosis in OSCC pa-
tients. The present study aimed to identify potential markers, including microRNAs (miR-
NAs) and genes, significantly involved in the etiology of early-stage OSCC. Additionally, the 
main OSCC's dysregulated Gene Ontology annotations and significant signaling pathways 
were identified. The dataset GSE45238 underwent multivariate statistical analysis in order 
to distinguish primary OSCC tissues from healthy oral epithelium. Differentially expressed 
miRNAs (DEMs) with the criteria of p-value < 0.001 and |Log2 fold change| > 1.585 were 
identified in the two groups, and subsequently, validated targets of DEMs were identified. 
A protein interaction map was constructed, hub genes were identified, significant modules 
within the network were illustrated, and significant pathways and biological processes as-
sociated with the clusters were demonstrated. Using the GEPI2 database, the hub genes' 
predictive function was assessed. Compared to the healthy controls, main OSCC had a total 
of 23 DEMs. In patients with head and neck squamous cell carcinoma (HNSCC), upregula-
tion of CALM1, CYCS, THBS1, MYC, GATA6, and SPRED3 was strongly associated with a 
poor prognosis. In HNSCC patients, overexpression of PIK3R3, GIGYF1, and BCL2L11 was 
substantially correlated with a good prognosis. Besides, “proteoglycans in cancer” was the 
most significant pathway enriched in the primary OSCC. The present study results revealed 
more possible mechanisms mediating primary OSCC and may be useful in the prognosis of 
the patients with early-stage OSCC. 
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suming alcohol, and having poor oral hygiene are a few risk factors 
that have been linked to OSCC [6]. The major treatment ap-
proach for individuals with late stages of OSCC is surgery, which 
may be combined with chemotherapy and radiation. This is be-
cause many OSCC patients are often diagnosed in advanced stag-
es. OSCC has remained one of the mortal malignancies world-
wide, with a 5-year survival rate of approximately 50%, indicating 
that the prognosis of OSCC patients is poor [7-12]. Thus, illus-
trating the exact mechanisms and markers underlying the develop-
ment of OSCC may elevate patient survival [8,10]. 

Protein-coding genes include approximately 2% of the entire 
human genome, and therefore, the regulatory role of non-coding 
RNAs (ncRNAs) in signaling pathways, biological processes 
(BPs), and networks is inevitable [13,14]. The crucial involve-
ment of ncRNAs (practically microRNAs [miRNAs]) as tumor 
suppressors or tumor promoter genes in many kinds of malignan-
cies, including OC, has been supported by a sizable number of re-
search published in the last 10 years [15,16]. A group of ncRNAs 
with a length of 18–22 nucleotides are known as miRNAs. These 
small RNAs either encourage mRNA degradation or restrict 
mRNA translation to adversely affect the expression of their target 
gene(s) [15]. It was reported that miRNAs control up to 50% of 
the human gene expression [17]. The miRNAs involve in many 
critical biological procedures, including cell development, metab-
olism, proliferation, and signal transduction [18]. 

The present study hypothesized that the dysregulation of miR-
NAs in the early-stage OSCC tumor specimens (stages I and II) 
compared to their adjacent normal epithelium leads to the aber-
rant expression of their target genes. Therefore, differentially ex-
pressed miRNAs (DEMs) in early-stage OSCC tumor tissues 
compared with the adjacent healthy controls were identified using 
the multivariate statistical analysis (p-value < 0.001; |Log2 fold 
change (FC)| > 1.585), and the differential power of DEMs was 
evaluated using the support vector machine (SVM) algorithm. 
Additionally, it was hypothesized that the DEMs-targets, which 
are crucial in the pathogenesis of early-stage OSCC, might serve as 
prognostic indicators for the condition. In order to study the prog-
nostic significance of the hub genes inside the network, we created 
a protein interaction map (PIM) based on the DEMs-targets. Fur-
thermore, based on DEMs-targets and important clusters in the 
PIM, Gene Ontology (GO) annotation and pathway enrichment 
studies were carried out. The aims of the present study were fol-
lowed by re-analyzing the dataset GSE45238, which was estab-
lished by Shiah et al. [19] to monitor miRNA expression profile in 
OSCC tissue specimens and their adjacent non-cancerous epithe-
lium. All tissue samples were collected from patients who under-

went curative surgery from 1999 to 2010 at the National Cheng 
Kung University Hospital (Tainan, Taiwan). Liquid nitrogen was 
used to store the freshly frozen samples until usage. The Institu-
tional Human Experiment and Ethics Committee accepted the tri-
al, and tumor staging was carried out using the American Joint 
Committee on Cancer staging method (HR-97-100). The present 
results may be beneficial to reach a more pleasant prognosis in the 
patients with early-stage OSCC, leading to appropriate treatments 
on behalf of patients. The present study was confirmed by the Eth-
ics Committee of Hamadan University of Medical Sciences, 
Hamadan, Iran (ethics no. IR.UMSHA.REC.1400.722). 

Methods 

MiRNA expression dataset recovery 
The miRNA expression dataset GSE45238 [19] was attained from 
the National Center for Biotechnology Information Gene Expres-
sion Omnibus, available from: http://www.ncbi.nlm.nih.gov/geo 
[20]. The GSE45238 contained 80 samples including stage I 
OSCC (n = 1), stage II OSCC (n = 14), stage III OSCC (n = 10), 
and stage IV OSCC (n = 15), and their adjacent non-tumor epi-
thelium, based on the GPL8179 platform (Illumina Human v2 
MicroRNA expression bead chip, Illumina, San Diego, CA, USA). 
To illustrate markers involved in primary OSCC, a new dataset 
was selected from the GSE45238 for further analyses, including 15 
early-stage OSCC tissue samples (stage I [n = 1] and stage II [n = 
14]) and their corresponding healthy control specimens. 

Statistical analysis 
The normalized dataset after preprocessing had 30 observations 
(15 early-stage OSCC and 15 nearby healthy controls) and 858 
characteristics (miRNA IDs). Using the "ropls," "limma," and 
"genefilter" packages from the R language (version 4.2.0) [21], the 
advanced supervised orthogonal partial least squares discriminant 
analysis (OPLS-DA) was used to find DEMs in early-stage OSCC 
samples as opposed to healthy controls. DEMs with the criteria of 
p-value < 0.001 and 1/3 > FC > 3 (absolute Log2 FC [|Log2 FC|] 
> 1.585) were considered significant. 

SVM classifier 
To evaluate the differential power of DEMs in early-stage OSCC 
tissues compared to the healthy controls, the SVM algorithm with 
the linear kernel was constructed using the e1071 package (version 
1.6-8) within the R environment (https:// cran.rproject.org/web/
packages/e1071). The model's sensitivity, specificity, and accura-
cy were calculated using the leave-one-out (LOO) approach, and 
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cross-validation was carried out by repeating LOO 100 times [22]. 
Furthermore, the receiver operating characteristic (ROC) curve 
was drawn, and the area under the curve (AUC) value was then 
calculated to appraise the model's predictive power. 

PIM, module, signaling pathway, and GO annotation 
analyses 
MiRWalk 2.0 database [23] was utilized to illustrate the experi-
mentally validated targets of DEMs. In this regard, only targets in-
cluded in the miRTarBase [24] with a score of 1 were assigned as 
validated DEMs-targets. Then, all validated targets were used to il-
lustrate cellular components (CCs) and molecular functions 
(MFs) affected in the early-stage OSCC. The STRING knowledge 
base webserver (HTTP://string-db.org) [25] was used to unravel 
possible connections among the target gene. Subsequently, the 
Cytoscape (version 3.9.1) [26] was utilized to build a PIM from 
the targets. The MCODE plugin was used to show major linked 
areas within the network after single genes were removed from the 
PIM [27]. Only modules with the following criteria were assigned 
important and considered for further pathway enrichment and BP 
annotation analysis: minimum MCODE score = 3, the minimum 
number of genes = 10, Max depth = 100, Degree cutoff = 2, 
k-score = 2, and node score cutoff = 0.2. The Pathway and GO an-
notation enrichment analyses were executed using the g:Profiler 
tool (https:// biit.cs.ut.ee/gprofiler/gost) [28], and the terms with 
the criteria of false discovery rate (FDR) < 0.05 and number of en-
riched genes ≥ 10 were considered significant. The Network Ana-
lyzer tool was used to determine the centrality parameters of the 
network's nodes in addition to topological analysis, and hub status 
was given to the genes whose degree and betweenness centrality 
values were higher than the mean of the network's vertexes. 

Survival and boxplot analyses 
The prognostic impact of the hub genes associated with the ear-
ly-stage OSCC was studied utilizing Kaplan-Meier curves. The 
survival analysis was conducted using GEPIA2 database (http://
gepia2.cancer-pku.cn/#survival) [29]. Re-analyzing RNA se-
quencing resources, such as The Cancer Genome Atlas [30] and 
Genotype-Tissue Expression [31] databases (which are linked to 
human cancer diseases), is made possible by GEPIA2. This pro-
cess yields more accurate results for survival, box plot, and correla-
tion analysis, as well as similar gene identification in cancer pa-
tients as compared to healthy controls. Cox proportional hazards 
regression model calculated the corrected hazard ratios (HR) and 
95% confidence intervals of the hub genes. Kaplan-Meier curves 
with the log-rank test p-value and HR p-value as < 0.05 were as-

signed significant. Moreover, the expression patterns of prognostic 
markers in head and neck squamous cell carcinoma (HNSCC) tis-
sue samples and healthy controls were studied using the valuable 
data from the GEPI2A database.  

Results  

Identification of DEMs and their targets in early-stage 
OSCC 
OPLS-DA was performed to differentiate early-stage OSCC tissue 
samples (n = 15) from healthy controls (n = 15). The model 
strongly classified two datasets with the following parameters: R2X 
= 0.223, R2Y = 0.959, and Q2 = 0.789. At a p-value of 0.001 and 
|Log2 FC >| 1.585, 23 DEMs, including nine up-regulated and 14 
down-regulated miRNAs, were identified in the early-stage OSCC 
tissues compared with non-cancerous specimens (Table 1). Six 
hundred seventy-two distinct genes were shown in the MiRWalk 
2.0 database as verified targets for DEMs. The dataset GSE45238's 
volcano plot is shown in Fig. 1A thanks to the Shiny applications 

Table 1. A total of 23 miRNAs were identified to be differentially 
expressed in early OSCC tissues compared to healthy controls

miRNA name Log2 FC |Log2 FC| p-value
hsa-miR-21-3p 2.33 2.33 1.24E-09
hsa-miR-503-5p 2.07 2.07 9.64E-07
hsa-miR-31-3p 2.08 2.08 1.03E-05
hsa-miR-196a-5p 2.19 2.19 1.95E-04
hsa-miR-34b-5p 2.47 2.47 2.11E-04
hsa-miR-34c-5p 1.98 1.98 9.73E-04
hsa-miR-424-3p 1.96 1.96 1.16E-06
hsa-miR-7-5p 1.84 1.84 8.04E-07
hsa-miR-944 1.73 1.73 5.53E-04
hsa-miR-411-5p –2.35 2.35 6.61E-07
hsa-miR-30a-3p –2.17 2.17 1.64E-05
hsa-miR-410-3p –2.73 2.73 7.88E-05
hsa-miR-375-3p –4.54 4.54 1.24E-04
hsa-miR-487b-3p –1.97 1.97 3.16E-06
hsa-miR-136-5p –1.91 1.91 4.41E-04
hsa-miR-495-3p –1.89 1.89 1.27E-04
hsa-miR-370-3p –1.84 1.84 3.98E-05
hsa-miR-30a-5p –1.76 1.76 7.06E-09
hsa-miR-502-5p –1.73 1.73 1.10E-04
hsa-miR-218-5p –1.70 1.70 2.45E-06
hsa-miR-30c-1-3p –1.68 1.68 1.00E-04
hsa-miR-154-5p –1.66 1.66 3.38E-07
hsa-let-7c-5p –1.65 1.65 3.82E-08

OSCC, oral tongue squamous cell carcinoma; FC, fold change.
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Fig. 1. (A) The volcano plot of miRNAs in the early-stage OSCC tissues compared to the normal epithelium. (B) Score plot in the predictive 
(x-axis) and orthogonal (y-axis) components of dataset GSE45238 achieved from the OPLS-DA model. (C) Heat-map of DEMs in early-stage 
OSCC tissues compared with the healthy oral epithelium. OSCC, oral squamous cell carcinoma; OPLS-DA, orthogonal partial least squares 
discriminant analysis; DEM, differentially expressed miRNA.

tool (available at https://huygens.science.uva.nl/) [32]. Fig. 1B 
displays the OPLS-DA scores plot. Using an unsupervised hierar-
chical clustering approach in the R environment (version 4.2.0), 
all early-stage OSCC samples were effectively separated from their 
nearby healthy controls (Fig. 1C). 

SVM modeling and cross-validation 
A classifier model was constructed using the SVM algorithm via 
linear kernel to evaluate the differential power of DEMs in ear-
ly-stage OSCC samples compared to the normal oral epithelium. 
The dataset included 23 DEMs and 30 observations (early-stage 
OSCC = 15; normal = 15). The SVM model has the following pa-
rameters: cost = 0.01, number of support vectors = 16, and SVM-
type = C-classification. The average value of sensitivity, specificity, 
and accuracy for the SVM was estimated as 100%, 95%, and 97%, 
respectively, after completing 100 rounds of LOO cross-validations. 
The ROC curve of model was also achieved using the “Epi” pack-

age in R language (Fig. 2), in which the AUC of the SVM was de-
termined as 0.955. Supplementary Table 1 shows the details of sta-
tistics of the model over the 100 times cross-validations. 

PIM network, clustering, and functional analyses 
A total of 672 unique targets were uploaded into the STRING da-
tabase, and a primary protein-protein interaction (PPI) network 
was constructed with a confidence score of ≥ 0.4. A PIM meeting 
the criterion of 605 proteins and 2,322 interactions was created af-
ter unconnected nodes were removed, and it was then imported 
into the Cytoscape program for further analysis. The MCODE 
program found five major modules in all, including clusters Nos. 1, 
2, 3, 6, and 7 (Fig. 3). Besides, 85 genes indicated a higher degree 
and betweenness centralities compared to the average value of the 
mentioned parameters within the PPI network therefore, were as-
signed as hub genes associated with the pathogenesis of early-stage 
OSCC (Supplementary Table 2). The average value for degree 
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Fig. 2. ROC curve was completed to test the predictive power of the SVM classifier with a linear kernel. The AUC was calculated as 0.955. 
ROC, receiver operating characteristic; SVM, support vector machine; AUC, area under the curve.

Fig. 3. Clustering analysis was performed with the MCODE plugin. Five salient modules were detected in the PIM linked to the early-stage 
OSCC. PIM, protein interaction map; OSCC, oral squamous cell carcinoma.
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Fig. 4. Most significant signaling pathways (A), biological processes (B), cellular components (C), and molecular functions (D) are affected in 
the early-stage OSCC. The X-axis shows the name of the term. Y-axis demonstrates the minus value of the Log10 FDR. FDR, false discovery 
rate; OSCC, oral squamous cell carcinoma.

and betweenness centrality was determined as 7.68 and 0.0060, 
respectively. At an FDR of 0.05 and a number of enriched genes ≥ 
10, a total of 11 MFs, 26 CCs, 174 BPs, and two pathways were 
found to be significantly dysregulated in early-stage OSCC. Fig. 4 
shows top-10 significant MFs, CCs, and BPs, as well as two signal-
ing pathways enriched in the early-stage of OSCC. 

Prognostic role of the hub genes and expression analysis 
The overexpression of six hub genes, including CALM1, CYCS, 
THBS1, MYC, GATA6, and SPRED3, was strongly related with a 
poor prognosis in patients with HNSCC, according to the survival 
analysis performed using the GEPIA2 database. In contrast, upreg-
ulation of three of hubs, including PIK3R3, GIGYF1, and BCL2L11 
was considerably related to a favorable prognosis in HNSCC pa-
tients (log-rank test and HR p-values < 0.05). Thus, a prognostic 
panel including CALM1 and CYCS revealed the most significant 
result with the HR = 1.8 and p (HR) = 0.000042 (Table 2, Fig. 5). 

According to the expression analysis from GEPIA2, all prognos-
tic markers in HNSCC exhibited higher expression in cancerous 
tissues than the healthy controls (Fig. 6).  

Discussion 

A dismal prognosis is associated with OC, which continues to be 
one of the most prevalent carcinomas globally. Additionally, the 
paucity of reliable markers to forecast OC development contrib-
utes to treatment failures [33,34]. The current investigation dis-
covered 23 miRNAs that were differently expressed between 
healthy control epithelium and primary OSCC tissues. The miR-
21-3P indicated the most overexpression in primary OSCC tissues 
compared to the adjacent normal specimens with the criteria of 
Log2 FC = 2.33 and p-value of 1.24E-09. Previous studies have as-
signed miR-21 as a predictive, diagnostic, and prognostic marker 
in several human cancers [35]. MiR-21 overexpression is linked to 
increased cellular proliferation, aggressive behavior, and metastasis 
because miR-21 targets multiple tumor suppressor genes [36-39]. 
According to Amirfallah et al. [40], overexpression of miR-21-3p 
was substantially linked to advanced-stage breast cancer, lymph-
node metastases, a low likelihood of survival, and big tumor sizes. 
The authors reported that miR-21-3p overexpression was related 
to the downregulation of tumor suppressor genes, suggesting miR-
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21-3p as a potential biomarker in breast tumors. In addition, Gao 
et al. [41] showed that miR-21-3p upregulation was significantly 
associated with stemness maintenance of cancer stem cells and a 
high risk of esophageal squamous cell carcinoma. 

Moreover, the present study indicated that has-miR-375-3p was 
the most under-expressed miRNA in primary OSCC than normal 
adjacent tissues (Log2 FC = ‒4.54 and p = 1.24E-04). Crimi et al. 
[42] performed a study to determine the expression levels of four 
miRNAs including hsa-miR-375-3p, hsa-miR-133a-3p, hsa-miR-
503-5p, and hsa-miR-196a-5p in liquid biopsies obtained from 
OC patients and healthy individuals. With p-values of 0.0001 and 
0.001, respectively, the droplet digital polymerase chain reaction 
revealed lower plasma levels of hsa-miR-133a-3p and hsa-miR-
375-3p in OC compared to healthy controls. Additionally, Crimi 
et al. [42] demonstrated that hsa-miR-375-3p and hsa-miR-133a-
3p were highly sensitive and specific diagnostic indicators for OC, 
with AUCs of 0.96 and 0.86, respectively. The significant role of 
hsa-miR-375-3p in the development of colorectal cancer (CRC) 
was shown. Xu et al. [43] reported a significant association be-
tween miR-375-3p downregulation and a dismal survival rate in 
CRC patients. Besides, upregulation of miR-375-3p elevated the 

Table 2. Nine of the hub genes in early OSCC significantly 
demonstrated a prognostic role in HNSCC

HR (high) p (log-rank test) p (HR)
Gene symbol (gene label)
 Single-gene
  CALM1 (A) 1.6 0.001 0.0011
  CYCS (B) 1.4 0.009 0.0096
  THBS1 (C) 1.4 0.0099 0.01
  MYC (D) 1.3 0.028 0.029
  GATA6 (E) 1.3 0.047 0.049
  SPRED3 (F) 1.3 0.049 0.049
  PIK3R3 (G) 0.63 0.00073 0.00081
  GIGYF1 (H) 0.68 0.0041 0.0042
  BCL2L11 (I) 0.76 0.041 0.042
Prognostic panel
 Combination of genes
  A + B 1.8 0.000033 0.000042
  A + B + C 1.5 0.0015 0.0017
  A + B + C + D 1.5 0.002 0.0022
  A + B + C + D + E 1.4 0.0069 0.0072
  A + B + C + D + E + F 1.6 0.0011 0.0012
  G + H 0.73 0.021 0.022
  G + H + I 0.75 0.033 0.033

OSCC, oral squamous cell carcinoma; HNSCC, head and neck squamous 
cell carcinoma; HR, hazard ratio.

sensitivity of CRC cells to 5-fluorouracil–based chemotherapy 
through negative regulation of YAP1 and SP1. 

Overexpression of the DEMs target genes CALM1, CYCS, 
THBS1, MYC, GATA6, and SPRED3 was strongly associated with 
a poor prognosis in patients with HNSCC. Additionally, patients 
with HNSCC who had upregulation of PIK3R3, GIGYF1, and 
BCL2L11 had better prognoses. Calmodulin (CALM) is a major 
conserved calcium ion receptor protein in eukaryotic cells and is 
encoded by CALM1, CALM2, and CALM3 in humans [44]. The 
CALM/Ca2+ binds to the phosphoinositide 3-kinase α (PI3Kα), 
leading to the hyperactivation of PI3Kα/Akt/mammalian target of 
rapamycin signaling pathway, cell proliferation, differentiation, 
motility, and development [45-47]. The overexpression of 
CALM1 was indicated in many cancers including prostate cancer 
[48], bladder cancer [49], and nasopharyngeal carcinoma [50]. 

A significant part in promoting the signaling pathways connect-
ed to programmed cell death is played by cytochrome c (CYCS) 
[51]. However, CYCS is a poor prognostic indicator in the majori-
ty of malignancies, which may be a result of a malignant tissue re-
sponse [52,53]. Thrombospondin-1 (THBS1) is an adhesive gly-
coprotein. THBS1 plays a role in wound healing by mediating cell 
adhesion, proliferation, and migration. Moreover, THBS1 is in-
volved in the cancer cell and metastasis [54]. The upregulation of 
THBS1 was illustrated in different cancer cells such as ovarian 
cancer [55], mammary cancer [56], and thyroid cancer [57]. Ha-
yashido et al. [54] studied the expression of THBS1 at the protein 
level in OSCC tissues using the immunohistochemical assay. In 
the OSCC cells, THBS1 induced the production of matrix metal-
loproteinase-9, which increased proteolytic activity and haptotac-
tic migration, according to the findings of the research by Hayashi-
do et al. [54]. Furthermore, Xiao et al. [9] showed that exosomes 
carrying the THBS1 protein that were released from OC tissues 
might facilitate the conversion of macrophages into tumor-associ-
ated macrophages that resemble M1.Myc proto-oncogene protein 
(MYC) is a well-known transforming gene in many cancers such 
as breast [58] and lung cancer [59], as well as hepatocellular carci-
noma [60]. MYC is up-regulated in 80% of the OSCC cases [61] 
and has shown high frequency by Genome-wide profiling of 
OSCC [62]. Wang et al. [10] reported that the miR-1294 targeted 
the 3ʹ-untranslated region of c-MYC and led to the downregula-
tion of MYC mRNA in OSCC cancer cells. 

GATA6 (GATA binding protein 6) is a transcription factor in-
volved in a GATA family regulating several genes participating in 
tissue morphogenesis and cell fate decision making [63]. GATA6 
has been described as an independent prognostic marker in ovari-
an cancer and plays a key role in the differentiation and invasion of 
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Fig. 5. (A–P) Prognostic impact of CALM1 (A), CYCS (B), THBS1 (C), MYC (D), GATA6 (E), SPRED3 (F), PIK3R3 (G), GIGYF1 (H), and BCL2L11 
(I) was significant in HNSCC. Prognostic role of the panel of genes is also exhibited. The X-axis and Y-axis represent the survival time 
of patients with HNSCC and the survival probability, respectively. The dotted lines are 0.95 confidence intervals. HNSCC, head and neck 
squamous cell carcinoma; HR, hazard ratio.
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tumor cells [64]. GATA6 upregulation has been shown in several 
tumors in the past, including CRC [65], gastric cancer [66], and 
cholangiocarcinoma [67]. According to Zhai and Luo [8], OSCC 
cell lines (HN4, HN6, SCC9, and Cal27) overexpress GATA6 in 
comparison to human normal oral mucosal epithelial keratino-
cytes. Furthermore, GATA6 knockdown suppressed the colony 
formation, proliferation, migration, and invasion of cancerous 
cells. According to a previous study, GATA6 expression was di-
minished by miRNA-506 and attenuated the progression of 
OSCC [68]. 

Sprouty-related, EVH1 domain-containing protein 3 (SPRED3) 
downregulates the Ras/Raf/mitogen-activated protein kinase 
(MAPK) signaling pathway during the organogenesis [69]. It was 
indicated that SPRED3 is frequently loosed in glioblastoma [70]. 

Furthermore, He et al. [71] showed that non‒small cell lung can-
cer with repressed SPRED3 gene expression increased Ras/Raf/
MAPK signaling, resulting in resistance to epidermal growth factor 
receptor–tyrosine kinase inhibitors. According to the present re-
sults, the has-miR-370-3p was significantly down-regulated in the 
early-stage OSCC tissues than the healthy controls (p = 
0.0000398; Log2 FC = –1.84), which may be hypothesized that 
SPRED3 is overexpressed in the early-stage OSCC tissues, which 
may be in line with the cancer response. However, this requires 
further confirmation. 

In order to demonstrate important pathways and GO annota-
tions impacted in main OSCC, gene set enrichment analysis was 
performed. The genes linked to prominent clusters in the PPI net-
work connected to the etiology of the illness were used for this. 

Fig. 6. Gene expression of prognostic markers in HNSCC from the expression analysis in the GEPIA2 database. Box plots are based on 44 
normal tissues (gray color) and 519 HNSCC samples (red color). The boxplot analysis show overexpression of CALM1 (A), CYCS (B), THBS1 
(C), MYC (D), GATA6 (E), SPRED3 (F), PIK3R3 (G), GIGYF1 (H), and BCL2L11 (I) in HNSCC. However, MYC shows a mild upregulation in HNSCC. 
HNSCC, head and neck squamous cell carcinoma.
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The most important route, then, was "proteoglycans in cancer" 
(KEGG:05200). Proteoglycans are classified as highly glycosylated 
proteins involved in various parts of tissues, including the cell mem-
brane, extracellular matrix, and pericellular space. These heavy mol-
ecules mediate many important BPs associated with angiogenesis, 
tissue regeneration, cell growth, and motility. Numerous forms of 
cancer have been linked to aberrant proteoglycan expression [72]. 
In solid tumors and hematological malignancies, proteoglycans 
make cancer cells more aggressive [73]. Additionally, proteoglycans 
participate in the receptor-ligand interaction between cancer cells 
and their environment, which may facilitate cell migration and in-
crease the number of circulating tumor cells [74]. Besides, previous 
studies indicated that heparan sulfate proteoglycans (HSPGs) are 
involved in cellular differentiation and proliferation, apoptosis, im-
mune evasion, angiogenesis, and matrix remodeling in cancer. 
Therefore, targeting proteoglycans and HSPGs could be assigned 
as a practical therapeutic approach in cancer [75,76]. 

In conclusion, the present study identified 23 DEMs in primary 
OSCC tissues compared to the normal oral epithelium. MiR-21-
3p and miR-375-3p were the most salient up-regulated and 
down-regulated miRNAs in primary OSCC tissues compared to 
healthy controls, respectively. It has been hypothesized that DEMs 
contribute to OSCC's onset or undergo dysregulation in response 
to a tumor mass. Additionally, there was a strong correlation be-
tween a poor outcome and the upregulation of CALM1, CYCS, 
THBS1, MYC, GATA6, SPRED3, and the under-expression of 
PIK3R3, GIGYF1, and BCL2L11 in HNSCC patients. Further-
more, “proteoglycans in cancer” was demonstrated as the most sa-
lient signaling pathway affected in primary OSCC. These results 
may help the prognosis of the patients with early-stage OSCC, 
leading to more useful therapeutic approaches. 
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Introduction 

Primary congenital glaucoma (PCG) is a severe form of glaucoma characterized by an 
anatomical defect in the trabecular meshwork in neonates and infants, generally before 
the age of 3 years [1]. The symptoms are in two primary forms, including milder cases, 
blurred and partial vision loss in peripheral visibility. Furthermore, it more severely caus-
es secondary symptoms like eyes concretion, night vision loss, and eventually blindness. 

Genetic mapping of families with PCG identified the CYP1B1 (cytochrome P450 fam-
ily 1 subfamily B member 1) gene locus associated with the GLC3A type of disease [2]. 
Also, the spectrum of mutations in CYP1B1 varies widely in different populations, de-
pending on geographical context and haplotype. Phenotypical data on 104 unrelated Ira-
nian PCG patients who had previously been screened for CYP1B1 mutations were ana-
lyzed. Patients with CYP1B1 mutations include 37 male (66.1%) and 29 female (43.9%) 
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We described a clinical, laboratory, and genetic presentation of a pathogenic variant of the 
CYP1B1 gene through a report of a case of primary congenital glaucoma and a trio analy-
sis of this candidate variant in the family with the Sanger sequencing method and eventu-
ally completed our study with the secondary/incidental findings. This study reports a rare 
case of primary congenital glaucoma, an 8-year-old female child with a negative family 
history of glaucoma and uncontrolled intraocular pressure. This case’s whole-exome se-
quencing data analysis presents a homozygous pathogenic single nucleotide variant in the 
CYP1B1 gene (NM_000104:exon3:c.G1103A:p.R368H). At the same time, this pathogenic 
variant was obtained as a heterozygous state in her unaffected father but not her mother. 
The diagnosis was made based on molecular findings of whole-exome sequencing data 
analysis. Therefore, the clinical reports and bioinformatics findings supported the relation 
between the candidate pathogenic variant and the disease. However, it should not be for-
gotten that primary congenital glaucoma is not peculiar to the CYP1B1 gene. Since the 
chance of developing autosomal recessive disorders with low allele frequency and unrelat-
ed parents is extraordinary in offspring. However, further data analysis of whole-exome se-
quencing and Sanger sequencing method were applied to obtain the type of mutation and 
how it was carried to the offspring. 

Keywords: CYP1B1, glaucoma, primary congenital, sequence analysis, whole-exome se-
quencing  



(p = 0.30) [2]. It is noticeable to note that the chi-square test or 
using chi-square contingency tables were used to obtain p-values. 
These findings show that the overall incidence of PCG in Iran 
seems to be higher among male subjects and is consistent with 
data on PCG patients from other populations [2]. The overall 
PCG occurrence between male patients without harboring CY-
P1B1 mutations indicates that other genes or factors can be in-
volved in the PCG phenotypes appearing in a sex-dependent mat-
ter [2]. 

However, PCG occurs up to 10 times more frequently in certain 
ethnic and geographical groups where consanguineous relation-
ships are common [3]. Hence, these findings with the ethnic dif-
ferences and the geographical distribution of PCG give us a large 
CYP1B1 mutation pattern [3]. An 8-year-old girl was referred to 
our glaucoma service for uncontrolled intraocular pressure (IOP). 
The case shows similar symptoms of glaucoma at the early onset 
without any other set of medical signs and symptoms; evident that 
the unknown disease might be PCG in the form of non-syndrom-
ic. While autosomal recessive rare diseases like glaucoma mainly 
developed due to the consanguineous relationships in small-scale 
societies [4]. The parents of this case are unrelated; supposing that 
she developed glaucoma disease, this was an elusive situation that 
needed further genetic studies to find the specific genetic reason. 

In this study, we aimed to use a variety of genetic testing and ex-
periments investigating specific genetic factors related to eye disor-
ders and manifested phenotype of the case from reliable sources. 
Hence further studies are performed to detect the type of muta-
tions as hereditary or de novo and, in the case of hereditary, how 
they are passed down to an offspring from parents [5]. 

Methods 

Case presentation 
The case was an 8-year-old female patient born in Tabriz-Iran (our 
investigation was conducted according to the principles expressed 
in the declaration of Helsinki. In addition, the informed consent 
form is available at the laboratory of Doctor Bonyadi-University of 
Tabriz). Whose parents (natural parents) have unrelated marriages 
and have no phenotype related to eyes disorders or genetic back-
ground for PCG. She presented with uncontrolled IOP but no 
specific medical signs and symptoms. IOP was 30 mmHg and 14 
mmHg in the right and left eyes, respectively (measured by a To-
no-pen) [6]. In the first stage, the blood sample was obtained for 
DNA extraction and further analysis. Although there are numer-
ous protocols for nucleic acid extraction, we selected the option 
which initially involves cell disruption and digestion (with sodium 

dodecyl sulfate–proteinase K), followed by the addition of salts (6 
M sodium chloride with high concentration) [7]. Then the mix-
ture was centrifuged, and the supernatant (containing DNA) was 
transferred to a new vial and precipitated by applying ethanol [7]. 
Next, the BGI company (Shenzhen, China) performed whole-ex-
ome sequencing (WES) using the patient’s DNA from venous 
blood. 

The overall QC of the raw sequencing data is performed by 
FastQC [8]. This program provides summaries of sequenced GC 
content, repetitive sequences, and many other potential anomalies, 
allowing users to evaluate whether the data have any quality issues 
[9]. After the conversion of the sequence alignment map (SAM) 
file to the binary alignment map (BAM) file, the variant calling 
took place. We received a VCF file including the profile of all vari-
ants achieved from the blood sample with WES filtering out 
low-frequency variations. We only kept the variants that occurred 
in hotspot regions (such as exonic, splicing, and exonic-splicing 
sites) and with a frequency of less than 0.05 in significant popula-
tion studies, including genome-wide association studies (GWAS), 
1000 Genome, Genome AD, etc. [10,11]. Later, the remaining 
variants were investigated through various bioinformatics plat-
forms to observe whether they are pathogenic and related to the 
phenotype. 

After filtering out unspecific variations and studying the rest of 
them through literature and documents in Clinvar, Intervar, and 
Varsome platforms [12,13]. Additionally, the secondary structure 
of mRNA was studied by RTH (Center of Non-coding RNA in 
Technology and Health), the server of RNA SNP [13]. Later, the 
protein changes were studied by SNP & GO and Provean [14,15]. 
Ultimately, the enzymatic activity was predicted by Mutpred2 
[16]. All the bioinformatics approaches were applied through on-
line servers with reliable p-value explicitly calculated by the server 
to study the impact of suspicious variations and find the related 
variant to the disease (written informed consent was obtained 
from all participants). 

As we noticed the majority of genetics research attended by 
more severe and fatal diseases over recent decades, we ought to 
consider that a rare disease, namely, glaucoma is the second lead-
ing cause of blindness worldwide. Accordingly, it is essential to ob-
serve similar symptoms in ocular patients that may develop a sub-
type of glaucoma and consider further studies on the genetics of 
the disease to find out more about its characteristics and pre-
venters. Therefore, we presented the first case in Iran with PCG in 
this study owing to the cytogenetic phenomenon covering unipa-
rental isodisomy. 

https://doi.org/10.5808/gi.210442 / 7

Zavarzadeh PG et al. • A rare case of primary congenital glaucoma



Results 

The BGI company performed WES using the patient’s DNA ob-
tained from venous blood. Two single nucleotide variants (SNVs) 
(CYP1B1:NM_000104:exon3:c.G1103A:p.R368H) in homozy-
gous state and (NTF4:NM_006179:exon2:c.C263T:p.A88V) in 
heterozygous state were filtered from WES data. Clinical reports on 
Clinvar and computational analyzing servers like Intervar and Var-
some websites were studied for both variants of NTF4 and CYP1B1 
genes (Table 1). Further studies declared that the CYP1B1 variant, 
which is reported as the variant’s conflicting interpretation of the 
pathogenicity, is the candidate pathogenic mutation for glaucoma 
3A (GLC3A) in our case study. Additionally, the effect of the candi-
date variant on the CYP1B1 gene was examined under online bio-
informatics and computational servers. We report this variant as a 
pathogenic mutation for GLC3A in this case. 

RTH, the server of RNA SNP applied to identify changes in 
RNA secondary structure due to the mutation. The p-value de-
fines the range of changes and risks for diseases; our data showed a 
p-value < 0.02. This proportion means there is no important 
change in RNA secondary structure (the server obtained the p-val-
ue, and here the p-value < 0.02 declare no significant structural 
change in mRNA). 

Since the candidate variant also affected the amino acid se-
quence (Arg>His), studying protein structures is essential. In this 
case, we applied SWISS-MODEL online server to compare both 
3D structures of the natural and mutated protein. In addition, the 
effect of amino acid change on protein activity estimated by SNP 
& GO and Provean servers proved a deleterious and potent rela-
tion between the mutation and glaucoma [5,17]. 

According to the significant functional product of CYP family 
genes as P450 enzymes, we also applied further online analytic 
studies on the structure of enzymes. MutPred2 provides a com-
prehensive study on more than 50 features of a specific enzyme. 
This bioinformatics tool indicated details about the mutation and 
its effect on disabling the enzyme's allosteric site. Due to the ineffi-
cient allosteric site, the enzyme's operation would be deactivated. 
The score of this mutation is 0.560, and it is “disease-causing” in 

MutPred2 (p = 0.02) (the server calculated the p-value). 
Ultimately it revealed CYP1B1 (NM_000104) homozygous 

variant c.G1103A (p.R368H). The child was diagnosed with auto-
somal recessive glaucoma 3A because of the pathogenic variant (c.
G1103A) in the CYP1B1 gene. The CYP1B1 variant c.G1103A 
(p.R368H) creates a nonsynonymous change and is classified as a 
pathogenic variant according to the American College of Medical 
Genetics and Genomics (ACMG) guidelines [18]. 

Sanger sequence analysis method in the family revealed the 
pathogenic variant in a heterozygous state in the unaffected father 
alone (Fig. 1). Evidence shows that GLC3A occurred due to the 
uniparental isodisomy (UPiD) of chromosome 2 [19,20]. 

In the long run, we completed our study of this case with the 
secondary findings from WES data. The secondary findings were 
restricted to the 59 recommended genes for ACMG [21]. All the 
variations obtained in these 59 genes were thoroughly investigated 
through the documents, and reports in Clinvar and the selected 
ones (Table 2) were submitted as pathogenic/likely pathogenic 
variations in the Clinvar database [22]. Accordingly, RET gene 
(from 59 recommended genes) solely observed variation. Addi-
tionally, we studied other candidate variations of our case, which 
are not placed in recommended genes by ACMG guidelines. 
However, they show significant risks of being a career for diseases 
such as familial Mediterranean fever (FMF), a remarkably high 
prevalence in the region of study (northwest of Iran) [23]. All the 
studied variants were obtained by extended studying of reports in 
Clinvar. The discussion section comprehensively explains our bio-
informatics analysis and the possibility of their related disorders 
(Table 2).  

Discussion 

CYP1B1 is a protein-coding gene, and diseases associated with 
CYP1B1 include glaucoma 3A, primary congenital, and anterior 
segment dysgenesis 6. Among its related pathways are arachidonic 
acid metabolism and drug metabolism - cytochrome P450 [24]. 

In this case study, the clinical features of a patient with a variant 
of the CYP1B1 gene were identified. It is well known that the PCG 

Table 1. Details of multiple computational analyses about two candidate single nucleotide variants

CYP1B1:NM_000104:exon3:c.G1103A:p.R368H (rs79204362) NTF4:NM_006179:exon2:c.C263T:p.A88V (rs61732310)
Clinvar Conflicting interpretation of pathogenicity Variant of uncertain significance
Intervar Variant of uncertain significance (PP3-PP5-BS1) Variant of uncertain significance (BS1-PM1-PP2)
Varsome Variant of uncertain significance (PP5-PP2-PP3-BP6) Likely- Benign (BS1-BP6-BP1-BP4)
Provean Deleterious Neutral
SNP & GO Disease Neutral
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Fig. 1. Trio data analysis of the sanger sequencing method in the family. (A) Proband: homozygous state of variation (A/A). (B) Father: 
heterozygous state of variation G1103>A (G/A). (C) Mother: homozygous state of wildtype (A/A).

Table 2. Observed incidental/secondary findings of the case

Gene Variant State Disease Clinvar Case possibility
ABCA4 NM_000350:exon42:c.

G5882A:p.G1961E
het ABCA4 related disorders (AR): 1. Pathogenic/likely pathogenic Career

1. Stargardt disease 2. Pathogenic/likely pathogenic
2. Cone-rod dystrophy 3 3. Pathogenic
3. Retinal dystrophy

POLH NM_001291969:exon9:c.
A1231G:p.K411E

het Xeroderma pigmentosum (AR) Pathogenic/likely pathogenic Career

NM_006502:exon11:c.
A1603G:p.K535E

ACADSB NM_001330174:exon3:c.
C137T:p.T46I

het Deficiency of 2-methylbutyr-
yl-CoA dehydrogenase (AR)

Pathogenic Career

NM_001609:exon4:c.
C443T:p.T148I

PAH NM_000277:exon6:c.
G688A:p.V230I

het Phenylketonuria (AR) Pathogenic/likely pathogenic Career

MEFV NM_000243:exon10:c.
T2177C:p.V726A

het Familial Mediterranean fever 
(AD)

Pathogenic/likely pathogenic Disease (There is no 
related phenotype.)

ACMG recommendation genes
RET NM_020630:exon18:c.

C2944T:p.R982C 
NM_020975:exon18:c.
C2944T:p.R982C

het Hirschprung (AD) susceptibility 
to risk factor

- -

AR, autosomal dominant; AD, autosomal recessive.

BB

CC

AA
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incidence is higher in populations with high rates of consanguine-
ous marriage, whereas its incidence in western countries is estimat-
ed at 1:10,000 [25]. This rate in various inbred populations for 
which data is available, such as India and Saudi Arabia, ranges from 
1:1,200–1:3,300 [25]. 

By data analysis of the Sanger method in the family members 
(natural parents and the case), the candidate variant on CYP1B1 
gene c.G1103A (p.R368H) was observed in a heterozygous state 
in the unaffected father alone. Our evidence illustrated that in this 
case, developing autosomal recessive glaucoma occurred due to 
the UPiD of chromosome 2. The computational analysis declares 
the possibility of transmitting two copies of this variant from the 
father who is harboring it, which in the genetics area is a similar 
case of occurring uniparental isodisomy. Therefore by comparing 
chromosome 2 in parent and offspring, results showed that UPiD 
occurred between rs4670800 (NM_144713:exon 2:c.G776A:p.
G259D) and rs79204362 (NM_000104:exon3:c.G1103A:p.
R368H) SNVs on RMDN2 and CYP1B1 genes respectively. Other 
adjacent variants near these positions were heterozygotes, an inev-
itable situation in the UPiD phenomenon. 

Our research obtaining the precise location of UPiD was re-
stricted to observations with the Integrative Genomics Viewer 
(IGV) tool and the Sanger sequencing of the CYP1B1 gene. The 
IGV illustrated details that partial UPiD might occur between the 

two mentioned variants at 2p.22 (Fig. 2) [26]. 
Additionally, we applied ACMG recommendations of 59 genes 

for reporting incidental findings [21]. An SNV on RET gene was 
observed as a risk factor for Hirschprung disease. Further investi-
gations obtained other variants that declare the case possible to be 
a career for ABCA4-related disorders: Stargardt disease, Cone-rod 
dystrophy 3, and retinal dystrophy. And also, for Xeroderma pig-
mentosum, deficiency of 2-methylbutyryl COA dehydrogenase 
and phenylketonuria. A pathogenic variant of the MEFV gene was 
observed, which must cause FMF with an autosomal dominant in-
heritance pattern. Although northwest Iran has a higher abun-
dance of FMF, still in the presence of the pathogenic variant, phe-
notype has not been observed in the patient. The entire reported 
variants were submitted multiple times in Clinvar as pathogenic/
likely pathogenic variations related to the mentioned diseases and 
examined with online bioinformatics servers. Ultimately the possi-
bility and risk for the case to be a career are estimated based on the 
computational findings, though the RET variation is a risk factor 
variant. The variation in the MEFV gene causes a prevalent disease 
in northwest Iran (FMF) with an autosomal dominant inheritance 
pattern. However, further clues and investigation are necessary to 
make precise conclusions for the incidental/secondary findings 
(Table 2). 

The diagnosis was made based on molecular findings of WES 

Fig. 2. Probable range of uniparental isodisomy in the case observed by Integrative Genomics Viewer (IGV) and the Sanger sequencing 
method. At intervals of RMDN2: NM_144713:exon2:c.G776A:p.G259D (rs4670800) and CYP1B1: NM_000104:exon3:c.G1103A:p.R368H 
(rs79204362).
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data analysis. Therefore, the clinical reports and bioinformatics 
findings supported the relation between the candidate pathogenic 
variant and the disease. However, it should not be forgotten that 
PCG is not peculiar to the CYP1B1 gene.  

Although the attention to diagnosing PCG based on the clinical 
findings is significant, the genetic tests and bioinformatics proce-
dures could also provide priceless information. Several efforts have 
been initiated to understand the underlying mechanisms of the 
disease by using GWAS and genome sequencing technologies. Ac-
cordingly, despite the variations related to the CYP1B1, various 
PCG loci have been mapped (over 150 mutations, including mis-
sense, nonsense, regulatory, insertions, or deletions). Notably, in 
PCG, patients usually have geographically related mutations with 
different severity in the stage of disease and occurrence in a variety 
of cells [27]. Therefore, the scientific investigation should be con-
ducted in areas not covered entirely in the scientific literature and 
obtain beneficial information regarding rare disorders, especially 
in the ophthalmologic area. 

Genetic testing and WES for analyzing variants of candidate 
genes will provide a molecular diagnosis and help effective genetic 
counseling in PCG and other secondary findings. Moreover, sup-
pose a pathogenic or likely pathogenic variant responsible for an 
autosomal recessive disorder has been identified in secondary 
findings. In that case, the preimplantation genetic diagnosis is nec-
essary to prevent the risk of congenital disabilities. However, that 
would be a potent approach to recognizing most genetic risk fac-
tors for the case that might currently affect her life or in the future. 
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Several studies have shown associations between irinotecan toxicity and UGT1A genetic 
variations in colorectal and lung cancer, but only limited data are available for gastric cancer 
patients. We evaluated the frequencies of UGT1A polymorphisms and their relationship with 
clinicopathologic parameters in 382 Korean gastric cancer patients. Polymorphisms of UG-
T1A1*6, UGT1A1*27, UGT1A1*28, UGT1A1*60, UGT1A7*2, UGT1A7*3, and UGT1A9*22 were 
genotyped by direct sequencing. In 98 patients treated with irinotecan-containing regimens, 
toxicity and response were compared according to the genotype. The UGT1A1*6 and UG-
T1A9*22 genotypes showed a higher prevalence in Korean gastric cancer patients, while the 
prevalence of the UG1A1*28 polymorphism was lower than in normal Koreans, as has been 
found in other studies of Asian populations. The incidence of severe diarrhea after irinotec-
an-containing treatment was more common in patients with the UGT1A1*6, UGT1A7*3 and 
UGT1A9*22 polymorphisms than in controls. The presence of the UGT1A1*6 allele also 
showed a significant association with grade III–IV neutropenia. Upon haplotype and diplo-
type analyses, almost every patient bearing the UGT1A1*6 or UGT1A7*3 variant also had the 
UGT1A9*22 polymorphism, and all severe manifestations of UGT1A polymorphism-associat-
ed toxicity were related to the UGT1A9*22 polymorphism. By genotyping UGT1A9*22 poly-
morphisms, we could identify high-risk gastric cancer patients receiving irinotecan-contain-
ing chemotherapy, who would experience severe toxicity. When treating high-risk patients 
with the UGT1A9*22 polymorphism, clinicians should closely monitor them for signs of tox-
icity such as severe diarrhea or neutropenia. 
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various cancers, including colorectal, gastric, and lung cancers. Ge-
netic polymorphisms in genes involved in the metabolism of irino-
tecan, especially variations in the gene encoding UDP-glucurono-
syl transferase 1A (UGT1A), are known to play significant roles in 
the outcomes of patients after treatment. Irinotecan and its active 
metabolite SN-38 (7-ethyl-10-hydroxy-camptothecin), which is 
approximately 100- to 1,000-fold more cytotoxic than the parent 
drug, are topoisomerase I inhibitors and cause cancer cell death as 
a result of DNA strand breaks induced via cleavable complexes [1]. 
Systemic SN-38 has been reported to cause neutropenia, whereas 
local intestinal SN-38 causes diarrhea [2]. Because neutropenia 
and diarrhea are the major toxicities associated with irinotecan 
chemotherapy, inherited differences in UGT1A polymorphisms 
affecting its activity may exert an important influence on the phar-
macokinetics, toxicity, and pharmacologic effects of irinotecan. 
Some of these isoforms have been shown to have clinical signifi-
cance for SN-38 glucuronidation and irinotecan-related toxicity; 
in particular, the low-activity UGT1A1 isoform, UGT1A1*28, is 
strongly associated with irinotecan-induced neutropenia [3,4], es-
pecially in Western populations. Some studies have suggested that 
UGT1A1*6 or UGT1A1*27 might be more important among 
Asian cancer patients treated with irinotecan [5,6]. The 
–3279T>G (UGT1A1*60) and 211G>A (UGT1A1*6) polymor-
phisms have been suggested to be important with respect to UDP 
glucuronosyl transferase enzyme function [7]. In addition to UG-
T1A1, the extra-hepatic isoform UGT1A7 has been demonstrated 
to glucuronidate some phenolic compounds, carcinogens, and 
drugs. UGT1A7*3 was found to be a risk factor for oropharyngeal 
cancer, hepatocellular carcinoma, and colorectal cancer (CRC) 
[8], and a recent study showed that UGT1A7 plays a role in the 
glucuronidation of SN-38. Hepatic UGT1A9 has also been sug-
gested to contribute to the metabolism of SN-38 [9], and one of 
the variants in its gene, –118(T)10/(T)9 (UGT1A9*22), is associ-
ated with a change in the enzyme phenotype [10,11]. 

Several studies have shown an association between toxicity and 
UGT1A genetic variations in CRC and lung cancer, but few stud-
ies have reported gastric cancer patients’ UGT1A polymorphisms 
and irinotecan toxicity [12,13]. Because gastric cancer is the sec-
ond leading cause of cancer death worldwide, with an especially 
high incidence in Asia, it is important to identify UGT1A poly-
morphism candidates for predicting irinotecan toxicity among 
gastric patients [14]. Moreover, few studies have investigated iso-
forms other than UGT1A1 and their relationships with irinotec-
an-induced toxicity. Since important candidate UGT1A polymor-
phisms, including UGT1A1*6, UGT1A1*27, UGT1A1*28, UG-
T1A1*60, UGT1A7, and UGT1A9*22, may play key roles in irino-

tecan metabolism, we evaluated the frequencies of UGT1A poly-
morphisms and their association with toxicity and other parame-
ters in Korean gastric cancer patients. Furthermore, we also con-
ducted a comparative analysis of toxicity according to the geno-
type among gastric cancer patients treated with irinotecan-con-
taining regimens. 

Methods 

Subjects 
Polymorphisms of UGT1A subtypes were investigated in 382 Ko-
rean patients with histologically confirmed gastric carcinoma. The 
patients’ clinical data were reviewed from the electronic medical 
records of Severance Hospital, Yonsei University College of Medi-
cine, in accordance with the Declaration of Helsinki, after institu-
tional review board approval. Among them, 98 patients with ad-
vanced gastric adenocarcinoma were enrolled in two prospective 
phase II studies and received irinotecan and cisplatin combination 
chemotherapy as second- or third-line therapy with palliative aims 
between April 2002 and August 2007. Forty-nine patients received 
a weekly regimen (50 mg/m2 irinotecan on days 1, 8, and 15, fol-
lowed by 30 mg/m2 cisplatin on days 1, 8, 15, and a 1-week rest, 
every 4 weeks) and 49 patients received a biweekly regimen (70 
mg/m2 irinotecan on days 1 and 15, and 80 mg/m2 cisplatin on 
day 1, every 4 weeks). The full treatment schedule, eligibility crite-
ria, and dose modifications have been reported previously [15,16]. 
Toxicity was graded by the National Cancer Institute Common 
Toxicity Criteria version 3.0 for the most serious toxicity that a pa-
tient experienced during total therapy. Tumor response was evalu-
ated according to the guidelines of the Response Evaluation Crite-
ria in Solid Tumors Committee. 

Genomic DNA extraction and DNA genotyping 
Genomic DNA was extracted from peripheral blood mononuclear 
cells (PBMCs) at the time of diagnosis. The PBMCs were isolated 
from whole blood using Ficoll-Paque (Pharmacia, Uppsala, Swe-
den), and genomic DNA was extracted with the LaboPass Blood 
kit (Genotein Biotech, Seoul, Korea) following the manufacturer’s 
instructions. The UGT1A1*28, UGT1A7*2, UGT1A7*3, and UG-
T1A9*22 polymorphisms were genotyped by direct sequencing, 
UGT1A1*27 by SNaPshot sequencing, and UGT1A1*6 and UG-
T1A1*60 using TaqMan probes. 

Polymerase chain reaction (PCR) was performed according to 
the manufacturer’s instructions using a thermal cycler (GeneAmp 
9700, Applied Biosystems, Foster City, CA, USA) with a final re-
action volume of 10 µL containing 5 ng of genomic DNA, 0.5 U of 
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Taq DNA polymerase (Qiagen, Hilden, Germany), 0.24 µM con-
centrations of each primer, and 0.2 mM dNTP. The sense and an-
tisense primers are described in Supplementary Table 1. The cy-
cling protocol began with a denaturation step of 94°C for 3 min, 
followed by 30 cycles of denaturation at 94°C for 30 s, annealing at 
the specific annealing melting temperature (60°C or 65°C) for 30 
s, and 72°C for 1 min, with a final extension at 72°C for 10 min. 
The PCR products were purified by incubation with 0.15 U of 
shrimp alkaline phosphatase (Roche, Basel, Switzerland) and 0.75 
U of exonuclease 1 (New England Biolabs, Ipswich, MA, USA) at 
37°C for 45 min, followed by heat inactivation at 80°C for 15 min. 
The PCR products were sequenced using an ABI BigDye Termi-
nator Cycle Sequencing Kit (Applied Biosystems) on an ABI 3100 
DNA sequencer (Applied Biosystems). 

SNaPshot analysis was performed using an Applied Biosystems 
SNaPshot Multiplex Kit. Extension reactions were performed in a 
thermal cycler and consisted of 35 cycles of denaturation at 95°C 
for 10 s and annealing/extension at 60°C for 40 s. The products 
were denatured at 95°C for 5 min and then separated using an ABI 
3730xl DNA Analyzer (Applied Biosystems) with a 36-cm-long 
capillary and POP-7 polymer. The analysis was performed using 
GeneMapper 3.7 Software. 

For the TaqMan Drug Metabolism Genotyping Assay, we per-
formed genotyping using solution-phase hybridization reactions 
with 5′-nuclease and fluorescence detection (TaqMan SNP geno-
typing assay numbers C_559715_20 and C_1432134_10; Ap-
plied Biosystems) in a 7300 real-time PCR system (Applera, Nor-
walk, CT, USA). The 25 µL reactions contained 20 ng of genomic 
DNA, 1× TaqMan Universal Master Mix, 900 nM concentrations 
of each primer, and 200 nM VIC-labeled and FAM-labeled probes 
(Applera). The amplification conditions were 95°C for 10 min, 
then 40 cycles of 92°C for 15 s, and 60°C for 1 min. 

Data analyses 
Genotypes for various polymorphisms were assessed for deviation 
from Hardy-Weinberg equilibrium using SNP Analyzer software 
(http://www.istech21.com/bionics/consulting_6.htm). We ana-
lyzed linkage disequilibrium (LD) using the PLINK program 
(http://pngu.mgh.harvard.edu/~purcell/plink), which gave the 
following LD statistics: r-square, D′, haplotype, and estimated hap-
lotype frequencies, in-phase. The LD statistics presented in the 
PLINK results are based on haplotype frequencies estimated via 
an expectation-maxmization algorithm. Diplotypes were assigned 
to each individual from their haplotypes. 

The genotype frequencies of UGT1A polymorphisms in gastric 
cancer patients were compared with previously reported data. The 

associations between UGT1A genotypes and clinical parameters, 
toxicity, and response were compared using the Pearson chi-square 
test or Fisher exact test, using SPSS version 21.0 (IBM Corp., Ar-
monk, NY, USA). A p-value < 0.05 was considered to indicate sta-
tistical significance. 

Results 

Baseline characteristics of 382 patients 
UGT1A polymorphism subtypes were determined in 382 gastric 
cancer patients. The study sample included 247 men and 135 
women with a median age of 57 years (range, 27 to 86 years), and 
included patients with stage I (35.1%), II (9.2%), III (19.1%), and 
IV (36.6%) cancers. Poorly differentiated adenocarcinoma was the 
most common histological type (128 patients, 33.5%). No pa-
tients were previously diagnosed with Gilbert syndrome. 

UGT1A genotypes and frequencies 
UGT1A1*6, UGT1A1*27, UGT1A1*28, UGT1A1*60, and UG-
T1A7*3 variants (N129K, R131R/K, R131Q/K, and W208R), 
and UGT1A9*22 were genotyped in 382 patients. Their frequen-
cies are listed in Table 1, which shows homozygous wild-type (w/
w), heterozygous (w/m), and homozygous mutant (m/m) types. 
All variants were in Hardy-Weinberg equilibrium (p > 0.05). 

The UGT1A polymorphism allele frequencies of gastric cancer 
patients in our study were compared with those in previously re-
ported data from normal Koreans [17,18] and Koreans with non–
small cell lung cancer (NSCLC) [11] or CRC [19]. The UGT1A 
polymorphism allele frequencies in Asians and normal Europeans 
[10,20] were also compared with those of Japanese patients with 
various cancers [21] and with Western patients with metastatic 
CRC [22], as shown in Table 2. The frequency of the UGT1A*6 
allele was significantly higher in Korean cancer patients, especially 
for gastric cancer patients (37.4%, p = 0.015) and NSCLC patients 
(39.5%, p = 0.020), than in normal Koreans. Data from Asian pa-
tients showed that cancer patients had a similar frequency of the 
UGT1A1*6 allele compared to normal individuals (16.7% vs. 
13%), but those prevalence rates were lower than observed in Ko-
rean cancer patients. Unlike the Asian data, Western individuals 
had no UGT1A1*6 polymorphisms. The prevalence of the UG-
T1A1*28 polymorphism was lower in Korean gastric cancer pa-
tients (23.8%, p = 0.775), similar to other Korean and Asian popu-
lations (11.0%‒25%), and different from studies of Western popu-
lations (>30.0%). The incidence of the UGT1A1*60 polymor-
phism was significantly higher in Korean gastric cancer patients 
(50.8%, p < 0.001) than in normal Koreans (26.0%). Other cancer 
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types also showed a higher prevalence of UGT1A1*60 (NSCLC, 
43.2%, p = 0.004; CRC, 55.0%, p = 0.001) than in normal groups, 
which were different from other Asian populations (28.0%–34.0%, 
p = 0.106). In contrast, the UGT1A7*3 genotype did not show any 
significant difference between normal Koreans and cancer pa-
tients. The UGT1A9*22 polymorphism showed similarly higher 
frequencies across Korean normal and gastric cancer patients 
(66.0%–64.1%, p = 0.876). Japanese and Western cancer patients 
also showed significantly high frequencies of the UGT1A9*22 al-
lele (65.3%, p = 0.002 and 56.8%, p = 0.032) compared to normal 

individuals (53.0% and 39.0%). 

Linkage disequilibrium and haplotype analysis 
Since LD (the non-random association of alleles at two loci) shows 
considerable heterogeneity across the human genome, we per-
formed LD analyses using the detected SNPs (Fig. 1). In particular, 
close linkage was seen between UGT1A9*22 and UGT1A7 variants 
(D′ value = 1; r2 value = 0.902). UGT1A1*6 was also highly linked 
with other UGT1A polymorphisms (D′ values of 0.807–1). 

Haplotype and diplotype analyses are the best ways to under-

Table 1. Frequencies of UGT1A polymorphisms among 382 gastric cancer patients

Gene Polymorphism
No. of subjects (%)

HWE p-value
–/– –/+ +/+

UGT1A1 211G>A (*6) 239 (62.6) 133 (34.8) 10 (2.6) 0.09
686C>A (*27)a 132 (97.8) 3 (2.2) 0 0.77
–53(TA)6>7 (*28) 291 (76.2) 85 (22.3) 6 (1.6) 0.94
–3279T>G (*60) 188 (49.2) 165 (43.2) 29 (7.6) 0.38

UGT1A7 129N>K 126 (33.0) 197 (51.6) 59 (15.4) 0.21
131R>R/K 126 (33.0) 197 (51.6) 59 (15.4) 0.21
131R>Q/K 126 (33.0) 197 (51.6) 59 (15.4) 0.21
208W>R 222 (58.1) 142 (37.2) 18 (4.7) 0.43

UGT1A9 –118(T)10/(T)9 (*22) 137 (35.9) 194 (50.8) 51 (13.4) 0.17

UGT1A, uridine diphosphate-glucuronosyl transferase 1A; HWE, Hardy-Weinberg equilibrium.
aOnly 135 patients’ blood samples were available for genotyping for the UGT1A1*27 polymorphism.

Table 2. UGT1A allele frequencies of normal and various cancer patients among Koreans, Asians, and Westerners

Koreans Other Asians (Japanese) Westerners
NLa GCb NSCLCc CRCd NLe Cancerf NLe CRCg

No. 50 382 81 20 150 177 132 66
UGT1A1*6 (%) 20.0 37.4 39.5 25.0 13.0 16.7 0.0 -
 p-value - 0.015 0.02 0.645 - 0.226 - -
UGT1A1*28 (%) 22.0 23.8 14.8 25.0 11.0 13.8 34.0 30.3
 p-value - 0.775 0.294 0.787 - 0.288 - 0.175
UGT1A1*60 (%) 26.0 50.8 43.2 55.0 34.0 28 44.0 -
 p-value - <0.001 0.004 0.001 0.106 - -
UGT1A7*3 (%) 36.0 41.9 44.4 - 26.0 22.3 36.0 31.1
 p-value - 0.427 0.34 - - 0.357 - 0.322
UGT1A9*22 (%) 66.0 64.1 41.4 - 53.0 65.3 39.0 56.8
 p-value - 0.876 0.06 - - 0.002 - 0.032

UGT1A, uridine diphosphate-glucuronosyl transferase 1A; NL, normal; GC, gastric cancer patients; NSCLC, non-small cell lung cancer; CRC, colorectal 
cancer.
aNormal Korean data were from Yea et al. [17], except for data on UGT1A1*60 from Kim et al. [18] (n = 218).
bKorean gastric cancer data were from our study.
cKorean NSCLC data were from Han et al. [11].
dKorean CRC data were from Oh et al. [19].
eNormal Asian and Western data were from Innocenti et al. [10] except for data on UGT1A7*3 from Huang et al. [20] (n = 103).
fJapanese various cancer data were from Saito et al. [21].
gWestern CRC data were from Carlini et al. [22].
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stand LD patterns in the human genome, reflecting the combined 
effects at multiple loci throughout the evolutionary process. Hap-
lotype analysis was performed with five UGT1A polymorphisms, 
resulting in 15 total reconstructed haplotypes. The haplotype fre-
quencies of the total 382 patients, 98 of whom received chemo-
therapy containing irinotecan, are shown in Supplementary Table 
2. The three most common haplotypes (I, II, and III) accounted 
for over 80% of all haplotypes. 

A total of 41 diplotypes were found, and only those with fre-
quencies over 1% among the 382 patients are shown in Supple-
mentary Table 3. The four most common diplotypes were I/I 
(22.77%), I/II (17.80%), I/III (15.18%), and I/IV (8.64%). Simi-
lar results were observed among the 98 patients who received 
irinotecan-containing chemotherapy.  

Characteristics of patients who were treated with 
irinotecan-based chemotherapy 
Ninety-eight patients received combination chemotherapy of 
irinotecan and cisplatin with palliative aims, and their baseline 
characteristics are shown in Table 3. Among these 98 patients, 62 
(63.3%) were men and the overall median age was 57 years (range, 
27 to 76 years). Forty-nine patients received chemotherapy as a 
weekly regimen with a relative dose intensity (RDI) of 85.5% 
(standard deviation [SD] = 25.1%; range, 33.3% to 116.7%), 
whereas 49 patients received chemotherapy on a biweekly regimen 
with a RDI of 80.3% (SD = 19.3%; range, 43.8% to 132.9%). Ap-

proximately 14.3% (14/98) of the patients experienced grade III–
IV diarrhea, and 28.6% (28/98) of the patients experienced grade 
III–IV neutropenia. Interestingly, the weekly regimen group and 
biweekly regimen group showed distinct toxicity profiles. The bi-
weekly regimen group seemed to experience more toxicity than 
the weekly group, with a higher incidence of grade III–IV diarrhea 
(11 [22.4%] vs. 3 [6.1%] patients) and grade III–IV neutropenia 
(21 [42.9%] vs. 7 [14.3%] patients). 

We also analyzed the associations of each of the UGT1A geno-
types with clinical parameters, including age, sex, histology, stage, 
and baseline total bilirubin. The genotypes did not show any sta-
tistically significant correlation with any of these clinical parame-
ters (data not shown). 

Association of UGT1A genotypes with toxicity and tumor 
response to irinotecan-containing treatment 
The associations between each genotype and toxicity for the 98 
patients who received palliative irinotecan-based chemotherapy 
are shown in Table 4. In this analysis, additional genotyping for the 
UGT1A1*27 polymorphism was also done, because previous 
studies have reported that Japanese cancer patients heterozygous 
for UGT1A1*27 experienced severe diarrhea or leukopenia [6]. 
Patients with the UGT1A1*6 polymorphism showed a significant-
ly higher incidence of grade III–IV diarrhea (9/34 patients 
[26.47%], p = 0.012) and grade III–IV neutropenia (14/34 pa-
tients [41.18%], p = 0.044) after the irinotecan-containing regi-

Fig. 1. Linkage disequilibrium analysis for UGT1A polymorphisms. Linkage disequilibrium analysis was performed using the detected single-
nucleotide polymorphisms. In particular, a close linkage was seen between UGT1A9*22 and UGT1A7 variants (D’ = 1, R2 = 0.902). UGT1A1*6 
was also highly linked with other UGT1A polymorphisms (D’ = 0.807–1).
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Table 3. Baseline characteristics of patients treated with palliative chemotherapy containing irinotecan

Total patients entered Total (n =  98) Weekly regimen (n =  49)a Biweekly regimen (n =  49)b

Sex
 Male 62 (63.3) 31 (63.3) 31 (63.3)
 Female 36 (36.7) 18 (36.7) 18 (36.7)
Age at diagnosis (y) 57 (27-76) 57 (31-76) 56 (27-73)
Performance status (ECOG)
 0 7 (7.1) 0 7 (14.3)
 1 71 (72.4) 38 (77.6) 33 (67.3)
 2 17 (17.3) 9 (18.4) 8 (16.3)
 3 3 (3.1) 2 (4.1) 1 (2.0)
Operation type
 No operation 26 (26.5) 16 (32.7) 10 (20.4)
 Total gastrectomy 33 (33.7) 14 (28.6) 19 (38.8)
 Subtotal gastrectomy 32 (32.7) 13 (26.5) 19 (38.8)
 Open and closure 7 (7.1 ) 6 (12.2) 1 (2.0)
Histology type
 Adenocarcinoma, well differentiated 2 (2.0 ) 1 (2.0) 1 (2.0)
 Adenocarcinoma, moderately differentiated 19 (19.4 ) 9 (18.4) 10 (20.4)
 Adenocarcinoma, poorly differentiated 55 (56.1) 27 (55.1) 28 (57.1)
 Signet ring cell 18 (18.4) 9 (18.4) 9 (18.4)
 Mucinous carcinoma 2 (2.0) 1 (2.0) 1 (2.0 )
 Others 1 (1.0) 1 (2.0) 0
 N/E 1 (1.0) 1 (2.0) 0
Diarrhea
 Grade 0, I, II 84 (85.7) 46 (93.9) 38 (77.6)
 Grade III-IV 14 (14.3) 3 (6.1) 11 (22.4)
Neutropenia
 Grade 0, I, II 70 (71.4) 42 (85.7) 28 (57.1)
 Grade III–IV 28 (28.6) 7 (14.3) 21 (42.9)
Treatment response
 Complete response 3 (3.1) 3 (6.5) 0
 Partial response 13 (13.3) 8 (17.4) 5 (11.1)
 Stable disease 33 (33.7) 18 (39.1) 15 (33.3)
 Progressive disease 42 (42.9) 17 (37.0) 25 (55.6)
 N/E 7 (7.1) 3 (6.5) 4 (8.2)

Values are presented as number (%) or median (range).
ECOG, Eastern Cooperative Oncology Group; NE, not evaluable.
aWeekly regimen: irinotecan (50 mg/m2) + cisplatin (30 mg/m2) (weekly for 3 weeks, with a 1-week rest).
bBiweekly regimen: irinotecan (70 mg/m2) every 2 weeks + cisplatin (80 mg/m2) every 4 weeks.

men. Patients with the UGT1A7*3 polymorphism and the UG-
T1A9*22 polymorphism also showed higher incidence rates of 
grade III–IV diarrhea (10/41 patients (24.39%), p = 0.041, and 
13/68 patients (19.12%), p = 0.033, respectively). However, the 
other polymorphisms did not show any significant associations 
with grade III–IV diarrhea or grade III–IV neutropenia. 

To determine whether the different regimens, with different 
irinotecan doses and schedules, affected the pharmacogenetic as-

sociations with UGT1A, we compared the genotypes of the two 
treatment arms with respect to toxicity data. Interestingly, even 
though the incidence of toxicity was higher among patients receiv-
ing the biweekly regimen, the weekly regimen seemed to contrib-
ute more to the significance of the UGT1A polymorphisms’ rela-
tionship to higher toxicity. The presence of the UGT1A1*6 allele 
and UGT1A7*3 allele showed significant associations with grade 
III–IV diarrhea among patients who received the weekly regimen 
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(p = 0.02, and p = 0.049), but not among those who received the 
biweekly regimen. In patients who experienced grade III–IV neu-
tropenia, the UGT1A1*6, UGT1A7*3, and UGT1A9*22 polymor-
phisms showed significant associations only among those who re-
ceived the weekly regimen (p = 0.015, p = 0.042, and p = 0.024, 
respectively). 

For 98 patients, we constructed diplotypes based on haplotype 
analyses only with the significantly toxicity-related UGT1A poly-
morphisms: UGT1A1*6, UGT1A7*3, and UGT1A9*22. In total, 
12 diplotypes were constructed, and the associations between each 
diplotype and grade III–IV diarrhea or neutropenia are shown in 

Table 5. Interestingly, after excluding 29 patients with wild-type 
diplotypes, almost every patient (68 out of 69 patients [98.6%]) 
had the UGT1A9*22 polymorphism with or without the UG-
T1A1*6 or UGT1A7*3 polymorphism. Among patients who had 
any of the UGT1A1*6, UGT1A7*3 or UGT1A9*22 variants, 13 suf-
fered grade III–IV neutropenia and 23 suffered grade III–IV diar-
rhea. All patients who suffered severe toxicity associated with sig-
nificant UGT1A polymorphisms had the UGT1A9*22 polymor-
phism, as shown in a Venn diagram (Fig. 2).  

Each haplotype was also assessed for its associations with clini-
cal parameters, toxicity, and tumor response, but none of the hap-

Table 5. Diplotypes constructed only with UGT1A1*6, UGT1A7*3, and UGT1A9*22 and their relationships to severe irinotecan toxicity

Diplotypes Total (%) 
(n =  98)

GIII-IV diarrhea GIII-IV neutropenia
No. (%)a p-value No. (%)b p-value

UGT1A1*1/UGT1A1*1 29 (29.6) 1 (7.1) 5 (17.9)
UGT1A1*1/UGT1A9*22 26 (26.5) 3 (21.4) 0.46 6 (21.4) 0.469
UGT1A1*1/UGT1A1*6 + UGT1A7*3 + UGT1A9*22 20 (20.4) 6 (42.9) 0.024 8 (28.6) 0.205
UGT1A1*1/UGT1A7*3 + UGT1A9*22 6 (6.1) 1 (7.1) 0.614 2 (7.14) 0.553
UGT1A9*22/UGT1A1*6 + UGT1A7*3 + UGT1A9*22 5 (5.1) 2 (14.3) 0.148 2 (7.14) 0.444
UGT1A9*22/UGT1A9*22 2 (2.0) 0 0.733 1 (3.6) 0.492
UGT1A9*22/UGT1A1*6 + UGT1A7*3 2 (2.0) 0 0.733 1 (3.6) 0.492
UGT1A7*3/UGT1A1*6 + UGT1A7*3 + UGT1A9*22 2 (2.0) 0 0.733 0 0.508
UGT1A7*3 + UGT1A9*22/UGT1A1*6 + UGT1A7*3 + UGT1A9*22 2 (2.0) 0 0.857 1 (3.6) 0.492
UGT1A1*6 + UGT1A7*3 + UGT1A9*22 / UGT1A1*6 + UGT1A7*3 + UGT1A9*22 2 (2.0) 1 (7.1) 0.267 2 (7.14) 0.08
UGT1A9*22/UGT1A7*3 + UGT1A9*22 1 (1.0) 0 0.857 0 0.714
UGT1A1*1/UGT1A1*6 + UGT1A7*3 1 (1.0) 0 0.857 0 0.714

aThe percentages of grade III–IV diarrhea were calculated out of the total number of patients who suffered severe toxicities (each out of 14 and 28).
bThe percentages of grade III–IV neutropenia were calculated out of the total number of patients who suffered severe toxicities (each out of 14 and 28).

Fig. 2. Venn diagram showing the distribution of UGT1A polymorphisms, patients with severe diarrhea, and patients with severe neutropenia 
(total = 98). A Venn diagram shows distribution of UGT1A polymorphism patients, and their relationship with severe diarrhea and 
neutropenia. Almost every patient had the UGT1A9*22 polymorphism with or without the UGT1A1*6 or UGT1A7*3 polymorphism (A). Among 
patients with any UGT1A polymorphism, those who suffered severe toxicity all had the UGT1A9*22 polymorphism (B, C).
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lotypes showed any statistically significant correlations (data not 
shown).  

The associations of UGT1A genotypes with treatment response 
were also evaluated (Supplementary Table 4). Out of 91 assessable 
patients, 16 patients (17.6%) with complete or partial responses 
were considered responders. There were no associations between 
any UGT1A polymorphism, including haplotypes or diplotypes, 
and treatment response to irinotecan-containing chemotherapy. In 
addition, neither treatment regimen–based group showed any sig-
nificant associations between genotypes and responses. 

Discussion 

Many studies have shown that, besides tumor-specific genes, indi-
vidual genetic variations can also act as important predictors of tu-
mor response and toxicity when treating patients with antitumor 
agents. For instance, with irinotecan treatment, up to 50% of West-
ern patients with the UGT1A1*28 allele suffered from severe neu-
tropenia [3,4], and these findings led to the recommendation to 
consider a reduced initial dose for patients known to be homozy-
gous for the UGT1A1*28 allele. As such, it is very important to 
understand ethnic differences between genotypes for the develop-
ment of predictive biomarkers. 

In this study, we analyzed the frequencies of important subtypes 
of UGT1A1, UGT1A7, and UGT1A9 in 382 Korean gastric cancer 
patients. As the Korean demographic profile shows relatively high 
ethnic homogeneity, we confirmed that the prevalence of UGT1A 
polymorphisms in Korean gastric cancer patients shows unique 
patterns compared with Western and other Asian populations. Ko-
rean cancer patients appeared to have similar frequency patterns of 
the UGT1A genotype irrespectively of cancer type and appeared 
to have a higher prevalence of UGT1A1*6 and UGT1A1*60 than 
normal Koreans. These results might be due to the large number 
of cases we investigated compared with previously reported data. 
The elevated prevalence of the UGT1A1*6 allele may be a com-
mon finding in Asians [10]. The UGT1A9*22 polymorphism has 
been frequently detected worldwide, especially among Korean 
gastric cancer patients. Upon haplotype analyses, the haplotype 
and diplotype distributions were similar to those of previously re-
ported Korean studies [11], but differed from those in Caucasians 
or even other Asians [10]. These discrepancies in UGT1A poly-
morphism patterns between Koreans and Westerners or other 
Asians indicate that a personalized approach is needed for each pa-
tient, considering each individual’s genetic information in terms of 
irinotecan metabolism. 

LD analyses showed that UGT1A1*6 exhibited a close linkage 

with UGT1A7 variants, especially UGT1A7W208R, which has a 
mutation in UGT1A7*3 (R2 = 0.725, D′ = 0.938). The UGT1A7 
variants were also closely linked with UGT1A9*22 (R2 = 0.33– 
0.902, D′ = 0.829–1.0). These LD analyses might explain why pa-
tients with the UGT1A7*3 and UGT1A9*22 alleles also experi-
enced more severe diarrhea when treated with irinotecan, similar 
to patients with the UGT1A1*6 allele. Previous LD analyses in 
Japanese cancer patients yielded similar results to those of our 
study [23]. Han et al. [11] reported a genotype-pharmacokinetics 
association analysis among irinotecan-treated Korean NSCLC pa-
tients, and the UGT1A1*6/*6, UGT1A7*3/*3, and UG-
T1A9-118(T)9/9 genotypes were associated with significantly 
lower area under the time-concentration curve ratios of SN-38G 
to SN-38. This Korean irinotecan pharmacokinetics study might 
also explain our finding that UGT1A1*6, UGT1A7*3, and UG-
T1A9*22 were associated with severe diarrhea or neutropenia. 

In agreement with a previous Korean study among NSCLC pa-
tients [11], our study showed that the UGT1A1*28 polymor-
phism was not related to the toxicity of irinotecan. This differs 
from a previous Japanese study [6], which reported a 3.5-fold 
higher frequency of the UGT1A1*28 allele in patients exhibiting 
toxicity than in patients without this complication. Previous Chi-
nese studies also confirmed that, among esophageal cancer pa-
tients, both the UGT1A1*6 and UGT1A1*28 variants were related 
to severe neutropenia [12]. However, among Chinese gastric can-
cer patients treated with irinotecan, only the UGT1A1*6 variant 
was related to severe neutropenia. It is not clear whether the close 
association between irinotecan toxicity and the UGT1A1*6 poly-
morphism alone, but not the UGT1A1*28 polymorphism, is limit-
ed to Korean cancer patients or gastric cancer patients. 

Although genotyping every patient who receives irinotec-
an-based chemotherapy is not currently recommended, there is no 
doubt that instituting such a practice would yield significant bene-
fits. To do this, it would be important to know which polymor-
phisms we should genotype in order to predict who will suffer 
from irinotecan-related toxicity. The UGT1A1*6, UGT1A7*3, and 
UGT1A9*22 genotypes were shown to be related to severe toxicity 
concordant with a Japanese study of FOLFIRI-treated colorectal 
cancer patients [24]. When we constructed diplotypes based only 
on these three important UGT1A polymorphisms, we interesting-
ly found that UGT1A9*22 was assigned to almost every diplotype 
if the patient had any one of those three UGT1A polymorphisms. 
This suggests that, by genotyping UGT1A9*22, we might expect 
to find any individuals with one of the UGT1A polymorphisms 
that are significantly related to irinotecan toxicity. To our knowl-
edge, no previous study has shown this relationship or the impor-
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tance of UGT1A9*22. Only one study was previously reported re-
garding the associations of UGT1A polymorphisms with irinotecan 
toxicity among gastric cancer patients [12]. However, only 42 pa-
tients were analyzed, with limitations such as heterogeneous chemo-
therapy regimens that were used, and the UGT1A9*22 polymor-
phism was not genotyped among patients in that previous study. 
Previously reported Asian data suggested that the UGT1A1*6 poly-
morphism was associated with severe irinotecan-related toxicity 
[5,11-13,24], which was never observed in Western populations. A 
more interesting finding is that patients who suffered severe forms of 
toxicity that have previously been known to be associated with any 
of the significant UGT1A polymorphisms all had the UGT1A9*22 
polymorphism, which confers more importance to the UGT1A9*22 
polymorphism as a predictive marker for gastric cancer patients at 
high risk for irinotecan toxicity. Since a recent report concluded that 
UGT1A1 polymorphisms are more important in liver SN-38 glucu-
ronidation than UGT1A9 [25], our conclusion highlighting the im-
portance of UGT1A9*22 may not be because of its function but be-
cause of its close linkage with UGT1A1*6 and UGT1A7*3. None-
theless, in view of the ability to predict toxicity, UGT1A9*22 will act 
as a good surrogate marker. Although only about 20% to 30% of pa-
tients who had the UGT1A9*22 polymorphism suffered severe tox-
icity, by classifying these patients as a high-risk group for irinotecan 
toxicity, clinicians could follow these patients more closely for severe 
diarrhea or neutropenia. Screening for UGT1A1*6 indeed identifies 
some high-risk patients, but it still cannot account for the majority; 
whereas screening for UGT1A9*22 will reveal a higher proportion 
of high-risk patients. 

Choosing the optimal drug dose levels is important in chemo-
therapy. Stewart et al. [26] showed that the UGT1A1 promoter 
genotype had no correlation with severe toxicity when patients re-
ceived low-dose (15–75 mg/m2) irinotecan. It is also important to 
consider the regimen and treatment plan, especially when combin-
ing irinotecan with other agents. Table 4 clearly shows that the bi-
weekly regimen was associated with a higher incidence of severe 
diarrhea or neutropenia. There was no significant difference in the 
delivered dose of irinotecan (weekly regimen, mean = 32.1 mg/
m2/wk [range, 12.5 to 84.7]; biweekly regimen, mean = 32.1 mg/
m2/wk [range, 17.5 to 53.1]), and relative dose intensity (weekly 
regimen, 85.5%; biweekly regimen, 86.9%). Combining drugs 
might also play an important role, because platinum anti-neoplas-
tic agents also induce gastrointestinal toxicity and myelo-suppres-
sion. One more factor to consider is whether a reduced dose of 
irinotecan has efficacy in patients with certain UGT1A polymor-
phisms (for example, UGT1A1*28 for Europeans or UGT1A1*6 
and UGT1A9*22 for Koreans), or whether they should receive an 

alternative drug. A well-designed large prospective study might be 
needed to determine the optimal dose and regimen based on phar-
macogenetics. 

In summary, our study shows a unique UGT1A genotype pat-
tern in Korean gastric cancer patients and suggests that the pres-
ence of the UGT1A1*6, UGT1A7*3, and UGT1A9*22 polymor-
phisms in gastric cancer patients receiving irinotecan-containing 
treatment was significantly associated with severe toxicity. Of par-
ticular note, using haplotype and diplotype analysis, we suggest 
that only by genotyping UGT1A9*22 polymorphisms will clini-
cians be able to identify high-risk patients who might suffer severe 
forms of toxicity significantly related to UGT1A polymorphisms, 
especially among gastric cancer patients receiving irinotecan-con-
taining chemotherapy. Once these patients are recognized as being 
a high-risk group for irinotecan toxicity, we can closely monitor 
them for severe diarrhea or neutropenia and provide appropriate 
management. Even though we are in a targeted-agent era, conven-
tional cytotoxic agents still play major roles in treating cancer pa-
tients. Our study results indicate that a pharmacogenetic-based ap-
proach could lead to effective personalized anticancer treatment 
for advanced gastric cancer patients, especially when they are 
treated with an irinotecan-containing regimen. 
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Introduction 

In these years, the number of disorders due to changing the pathway of amino acid syn-
thesis has grown so fast. In addition to the number of conditions that has increased, the 
associated clinical phenotypes have also expanded. All of these are classified as one of ad-
vances of next-generation sequencing diagnostics [1]. 

We all know the fact, that amino acids are the monomers for peptides and proteins. 
Amino acids play vital roles in intermediate metabolism, and many of them have specific 
cellular functions of their own. For example, in neurotransmission or energy metabolism 
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Hereditary spastic paraplegia is a not common inherited neurological disorder with hetero-
geneous clinical expressions. ALDH18A1 (located on 10q24.1) gene-related spastic para-
plegias (SPG9A and SPG9B) are rare metabolic disorders caused by dominant and recessive 
mutations that have been found recently. Autosomal recessive hereditary spastic paraple-
gia is a common and clinical type of familial spastic paraplegia linked to the SPG11 locus 
(locates on 15q21.1). There are different symptoms of spastic paraplegia, such as muscle 
atrophy, moderate mental retardation, short stature, balance problem, and lower limb 
weakness. Our first proband involves a 45 years old man and our second proband involves 
a 20 years old woman both are affected by spastic paraplegia disease. Genomic DNA was 
extracted from the peripheral blood of the patients, their parents, and their siblings using a 
filter-based methodology and quantified and used for molecular analysis and sequencing. 
Sequencing libraries were generated using Agilent SureSelect Human All ExonV7 kit, and 
the qualified libraries are fed into NovaSeq 6000 Illumina sequencers. Sanger sequencing 
was performed by an ABI prism 3730 sequencer. Here, for the first time, we report two 
cases, the first one which contains likely pathogenic NM_002860: c.475C>T: p.R159X mu-
tation of the ALDH18A1 and the second one has likely pathogenic NM_001160227.2: 
c.5454dupA: p.Glu1819Argfs Ter11 mutation of the SPG11 gene and also was identified by 
the whole-exome sequencing and confirmed by Sanger sequencing. Our aim with this 
study was to confirm that these two novel variants are direct causes of spastic paraplegia. 

Keywords: metabolism, mutation, neurological disorder, polyneuropathy, spastic paraplegia, 
whole-exome sequencing  



and detoxification. From the past until now, the biochemical anal-
ysis of levels of amino acids or their degradation products in body 
fluids has been the indication of diagnosing inborn errors of me-
tabolism [1].  

Hereditary spastic paraplegia (HSP) is a not common inherited 
neurological disorder with heterogeneous clinical expressions. 
More than 70 different genetic forms of HSP have been found, all 
types of inheritance such as autosomal dominant (AD), autosomal 
recessive (AR), X-linked or non-Mendelian mitochondrial mater-
nal transmission have been identified in HSP patients. In this 
study, we want to report two cases with different mutated genes 
but both expressing spastic paraplegia phenotypes [2]. 

ALDH18A1 gene-related spastic paraplegias (SPG9A [spastic 
paraplegia-9A] and SPG9B) are rare metabolic disorders caused 
by dominant and recessive mutations found recently [3]. ALD-
H18A1 gene locates on 10q24.1 [4] encodes delta1-pyrro-
line-5-carboxylate synthetase (P5CS), an enzyme that catalyzes 
the first and vital step of proline and ornithine biosynthesis from 
glutamate [5-7]. P5CS is a bi-functional ATP and NADPH-de-
pendent mitochondrial enzyme with gamma-glutamyl kinase and 
gamma-glutamyl phosphate reductase activities. Its protein cata-
lyzes the reduction of glutamate to delta1-pyrroline-5-carboxylate, 
a crucial step in the de novo biosynthesis of proline, ornithine, and 
arginine [4,8]. 

P5CS deficiency includes SPG9A [OMIM #601162], SPG9B 
[OMIM #616586], ADCL3 [OMIM #616603], and ARCL3A 
[OMIM #219150]. The P5CS deficiency severity might amplify 
in the order of SPG9A < SPG9B < ADCL3 ≤ ARCL3A. These 
forms are found with different levels of P5CS loss of function 
(LOF) [5]. Disorders of the proline synthesis pathway can cause 
diseases with a broad range of symptoms from severe natal prob-
lems to adult-onset spastic paraplegia [1]. It is good to know that 
autosomal dominant SPG9A is a neurologic disorder character-
ized by slowly progressive spasticity, with direct effect on the lower 
limbs. The age of SPG9A onset usually differs from adolescence to 
adulthood [7]. 

Autosomal recessive hereditary spastic paraplegia (ARHSP) is a 
common and clinical type of familial spastic paraplegia linked to 
the SPG11 locus on chromosome 15 in most ARHSP families [9]. 
SPG11 is located on 15q21.1 [4] and encodes spatacsin [9]. Loss 
of spatacsin function due to mutations in the SPG11 gene inhibits 
tubule formation in late endosomes/ lysosomes, leads to the reple-
tion of cholesterol in this part, due to its disability about exporting 
out of the organelle. This will result in an actual decrease in the 
level of plasma membrane cholesterol, leads to disturbing intracel-
lular calcium homeostasis. It is essential to know that loss of spa-

tacsin leads to progressive accumulation of lipids in lysosomes, 
both in neuronal and non-neuronal cells [10]. 

There are different symptoms of spastic paraplegia such as short 
stature, cataracts, nystagmus, gastroesophageal reflux, hiatal hernia, 
urinary urgency, urinary incontinence, delayed bone age, pes ca-
vus, small carpal bones, lower limb spasticity, lower limb weakness, 
gait abnormalities, upper motor neuron signs, hypertonia, hyper-
reflexia, extensor plantar responses, cerebellar signs, motor poly-
neuropathy, and decreased vibration sense [7,11,12]. 

In order to distinct pathogenic mechanisms in AD types of spas-
tic paraplegia, more studies are needed to compare the effects of 
homozygous and heterozygous mutations, especially to find that 
heterozygous mutations lead to haploinsufficiency or a dominant 
negative gain-of-function [7]. 

Although, a lot of causative genes in hereditary spastic paraple-
gia have been found in these years, there are still about 50% of pa-
tients found without genetic reasons, especially in AR types. Rare 
studies have been done to determine the genetic causes and clini-
cal examination profiles of recessive patients, and there are also ad-
ditional studies needed in this part [2]. 

Here, for the first time, we report two cases, the first one which 
contains NM_002860: c.475C>T: p.R159X mutation of the ALD-
H18A1 gene that was identified by whole-exome sequencing and 
confirmed by Sanger sequencing. The second one contains 
NM_001160227.2: c.5454dupA: p.Glu1819Argfs Ter11 mutation 
of the SPG11 gene and also was identified by whole-exome sequenc-
ing and confirmed by Sanger sequencing. Our aim with this study 
was to propose two novel likely pathogenic variants NM_002860: 
c.475C>T: p.R159X and NM_001160227.2: c.5454dupA: p.Glu-
1819Arg fsTer11 can cause spastic paraplegias. 

Methods 

First patient 
Our first proband involves a 45-year-old man that is affected by 
spastic paraplegias disease and has been diagnosed with muscle at-
rophy, moderate mental retardation (MR), ehort stature, balance 
problem, intellectual disability, lower limb spasticity, lower limb 
weakness, gait abnormalities, upper motor neuron signs, pes cavus, 
motor polyneuropathy, and decreased vibration sense. It is notable 
that proband’s maternal family suffered from rheumatis, and his 
paternal family suffered from asthma; also moderate MR, short 
stature, cataracts, nystagmus, gastroesophageal reflux, hiatal hernia, 
delayed bone age, pes cavus, small carpal bones, lower limb spas-
ticity, lower limb weakness, gait abnormalities, upper motor neu-
ron signs, hyperreflexia, cerebellar signs, Parkinson’s disease, sei-

https://doi.org/10.5808/gi.220302 / 9

Komachali SR et al. • Two novel mutations in spastic paraplegia disease patients in Iran



zure, motor polyneuropathy, and decreased vibration sense were 
reported in his siblings (Fig. 1A). 

Second patient 
Our second proband involves a 20-year-old woman that is af-

fected by spastic paraplegia disease and has been diagnosed with 
progressive muscle weakness, vision problem, lower limb spastici-
ty, lower limb weakness, motor neuropathy, kyphosis, hypotonia, 
and amyotrophic lateral sclerosis disease symptoms. Notably, there 
were no signs found in her until she was 12. Her father, mother, 
12-year-old sister, and 14-year-old brother show no symptoms un-
til now (Fig. 1B). Local ethics committees received informed con-
sent from both subjected families. Informed consent was obtained 
from all human adult participants and from the parents or legal 
guardians of minors in the Genome laboratory of Isfahan. In this 
study, internal approval has been prepared, adjusted and available 
in Genome Laboratory of Isfahan. Also, the article has IRCT code 
= 52793. 

Mutation analysis 
Genomic DNA (gDNA) is isolated from the patient’s specimen 
using a filter-based methodology and quantified. A total of 1.0 μg 
gDNA per sample was used as input material for the DNA sample 
preparation. Sequencing libraries were generated using Agilent 
SureSelect Human All ExonV7 kit (Agilent Technologies, Santa 
Clara, CA, USA) following the manufacturer’s recommendations, 
and x index codes added to attribute sequences to sample. Briefly, 
fragmentation was carried out by the hydrodynamic shearing sys-
tem (Covaris, Woburn, MA, USA) to generate 180–280 bp frag-
ments. The Remaining overhangs were converted into blunt ends 
via exonuclease/polymerase activities, and enzymes were re-
moved. After adenylation of 3′ ends of DNA fragments, adapter 

oligonucleotides were ligated. DNA fragments with ligated adapter 
molecules on both ends were selectively enriched in a polymerase 
chain reaction (PCR) reaction. Captured libraries enriched in a 
PCR reaction to add index tags to prepare for hybridization. Prod-
ucts were purified using the AMPure XP system (Beckman 
Coulter, Beverly, MA, USA) and quantified using the Agilent high 
sensitivity DNA assay on the Agilent Bioanalyzer 2100 system. 
The qualified libraries are fed into NovaSeq 6000 Illumina se-
quencers. Then data quality control, analysis and interpretation 
were run on G9 generation of HP server using UNIX based oper-
ating system. 

Sanger sequencing was performed by ABI prism 3730 sequenc-
er (Applied Biosystems, Waltham, MA, USA) to validate the 
pathogenic mutation and segregation the mutation in this family. 
Mutation Surveyor program version 4.0.9 was used to analyze the 
sequences (SoftGenetics, State College, PA, USA). 

We employed the 48-well thermocycler device (Bio-Rad, Her-
cules, CA, USA) in this reaction. The materials utilized in PCR, as 
well as their concentration and amount, were as follows: 6 μL of 
master (1×), 2 μL of template DNA, 0.5 μL of (10 pmol) forward 
primer, 0.5 μL of (10 pmol) reverse primer, and 3.5 L of sterile dis-
tilled water (total: 12.5 μL). To prepare the PCR solution, we used 
0.2 mL microtubes. We poured the mentioned materials into the 
tubes and stirred them by pipetting. We amplified the noted gene 
segment with primers. 

For the first patient, a 45-year-old man, to amplify the 326-base 
pair segment, the sequence of forward and reverse primers was 
CTGAAAGAAATGGTGAGTGCTGCT and GATCTCAAG-
TAGCAAGTGATGAAGC, respectively. The utilized primers 
were manufactured by Tag Copenhagen Co. (Kopenhagen, Den-
mark). The 326-base pair segment was amplified in the thermocy-
cler as follows: cycle 1 for the initial denaturation: once for 5 min 

Fig. 1. (A) Pedigree of the first proband. (B) Pedigree of the second proband.
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at 94°C; cycle 2 including three steps: denaturation, binding the 
primer to the template strand, and polymerase expansion: 35 
times, each for 30 s at 94°C, F: 61.82/R: 59.99°C, and 72°C, re-
spectively; cycle 3 for the final expansion: once for 10 min at 72°C; 
cycle 4 for maintaining the products: once at 4°C. 

For the second patient, a 20-year-old woman, to amplify the 
360-base pair segment, the sequence of forward and reverse prim-
ers was AGCTTCTTCCTTTTTCTCAACCCAG and TCG-
CATGTCTCTTTGGATGGAAGG, respectively. The utilized 
primers were manufactured by Tag Copenhagen Co. The 360-base 
pair segment was amplified in the thermocycler as follows: cycle 1 
for the initial denaturation: once for 5 min at 94°C; cycle 2 includ-
ing three steps: denaturation, binding the primer to the template 
strand, and polymerase expansion: 35 times, each for 30 s at 94°C, 
F: 61.44/R: 62.96°C, and 72°C, respectively; cycle 3 for the final 
expansion: once for 10 min at 72°C; cycle 4 for maintaining the 
products: once at 4°C. 

Results 

Proband 1 
Performing whole-exome sequencing on proband 1, identified a 
novel heterozygous NM_002860: c.475C>T: p.R159X mutation 
of the ALDH18A1 gene located on 10q24.1 and 97396933 posi-
tion. Sanger sequencing confirmed heterozygosity of NM_002860: 
c.475C>T: p.R159X mutation in the proband, suggesting it as the 
putative disease-causing mutation, and AD inheritance pattern in 
spastic paraplegia 9A disease (Fig. 2). 

Notably, this variant is essential if its de novo state is confirmed in 
the patient. Basic clinical information of each analyzed family 
member are needed for a comprehensive evaluation of the data. In 
order to Fig. 2, as an evident about his parents, gonadal or germ-
line mosaicism is not found because his sisters are not affected, 
and also because of the fact that his parents are not affected, the de 
novo state is confirmed about the patient. Based on these findings, 
additional genetic testing to confirm results, clinical screening 
tests, or preventive care may be recommended. 

There is no report of the NM_002860: c.475C>T: p.R159X 
mutation in ALDH18A1 gene in ExAC, 1000G, and other control 
datasets such as ClinVar. Additionally, this variant does not have a 
gnomAD exomes entry. c.475C>T: p.R159X [13] DANN score 
[14] was 0.9974, and was found as pathogenic mutation in EIGEN 
predictor [15]. This variant was found as a damaging variant in 
FATHMM-MKL [16], BayesDel noAF [17], and BayesDel add-
AF [17] meta-predictors through searching dbNSFP v4 [18]. 
Also, it is notable that NM_002860: c.475C>T: p.R159X muta-

tion was found as a disease-causing mutation in mutation taster 
predictor [19]. In PHRED database, NM_002860: c.475C>T: 
p.R159X raw score was reported as 6.936331, and its PHRED 
score was reported 36, as we know in 97396933 position [20,21]. 

Due to American College of Medical Genetics and Genomics 
(ACMG) classification, NM_002860: c.475C>T: p.R159X vari-
ant is likely pathogenic. By studying PVS1 rule, it was found that 
Null variant (nonsense) in gene ALDH18A1, predicted to cause 
nonsense-mediated decay (NMD). Loss-of-function is a known 
mechanism of disease (gene has 15 pathogenic LOF variants and 
gnomAD Loss-of-Function Observed/Expected = 0.326 is less 
than 0.755), associated with Cutis laxa, autosomal recessive, type 
IIIA, ALDH18A1-related de Barsy syndrome, autosomal domi-
nant complex spastic paraplegia type 9B, autosomal recessive com-
plex spastic paraplegia type 9B, Cutis Laxa, autosomal dominant 1 
and 4 more. The truncated region affects 1 functional domain: 
UniProt protein P5CS_HUMAN region of interest 'Glutamate 
5-kinase'. The truncated region contains nine pathogenic LOF 
variants. Additionally, by studying PM2 rule it was found that 
GnomAD exomes homozygous allele count = 0 is less than 2 for 
AD/AR with good gnomAD exomes coverage = 85.0. Variant not 
found in gnomAD genomes with good gnomAD genomes cover-
age = 31.6 [13]. 

Proband 2 
Performing whole-exome sequencing on proband 2, identified a 
novel homozygous NM_001160227.2: c.5454dupA: p.Glu1819 
Argfs Ter11 mutation of the SPG11 gene located on 15q21.1 and 
44584226 position. Sanger sequencing confirmed homozygosity of 
NM_001160227.2: c.5454dupA: p.Glu1819Argfs Ter11 mutation 
in the proband, suggesting it as the likely pathogen disease-causing 
mutation, and AR inheritance pattern in spastic paraplegia 11 dis-
ease (Fig. 3). The proband showed no symptoms until she was 12, 
and now, when her sister is homozygous for this likely pathogen 
variant and at the same age, it is logical that the age of spastic para-
plegia 11 disease is delayed in her. 

Basic clinical information of each analyzed family member are 
needed for a comprehensive evaluation of the data. In order to Fig. 
3, by Sanger confirming, it is found that her father, mother, and her 
brother are affected as heterozygous for SPG11, and her sister is af-
fected as homozygous for SPG11, so it is confirmed that NM_0011 
60227.2: c.5454dupA: p.Glu1819Argfs Ter11 variant is an ARHSP 
cause. Based on these findings, additional genetic testing to confirm 
results, clinical screening tests, or preventive care may be recom-
mended. 

No data is available for NM_001160227.2: c.5454dupA: p.Glu1 
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819Argfs Ter11 mutation in SPG11 gene in ExAC, 1000G, and 
other control datasets such as ClinVar. Additionally, this variant 
does not have a gnomAD exomes entry and there are no data avail-
able in DANN, CADD, dbNSFP, and dbscSNV (c.5454dupA: p.
Glu1819Argfs Ter11) [13]. Through IlluQC level, PHRED score 
cut off was 20, and in PHRED database, NM_001160227.2: 

c.5454dupA: p.Glu1819Argfs Ter11 score was reported as 36 as we 
know in 44584226 position [20,21]. 

Due to ACMG classification, NM_001160227.2: c.5454dupA: 
p.Glu1819Argfs Ter11 variant is likely pathogenic. By studying 
PVS1 rule, it was found that null variant (nonsense) in gene ALD-
H18A1, predicted to cause NMD. Loss-of-function is a known 

Fig. 2. Confirmation sequences of the proband’s sisters, father, mother, and the proband itself. (A) There are both forward strand sequence 
named sibing 1 (F), and reverse strand sequence named sibing 1 (R). (B) There are both forward strand sequence named sibing 2 (F), and 
reverse strand sequence named sibing 2 (R). (C) There are proband’s mother forward strand sequence named Mother F, and proband’s father 
forward strand sequence named Father F. (D) There is proband’s forward strand sequence named Proband F. Sanger sequencing confirmed 
heterozygosity of the proband 1 in NM_001323412: c.142C>T: p.R159X variant as a novel de novo mutation of the ALDH18A1 gene.
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mechanism of disease (gene has 15 pathogenic LOF variants and 
gnomAD Loss-of-Function Observed/Expected = 0.326 is less 
than 0.755), associated with Cutis laxa, autosomal recessive, type 
IIIA, ALDH18A1-related de Barsy syndrome, autosomal domi-

nant complex spastic paraplegia type 9B, autosomal recessive com-
plex spastic paraplegia type 9B, Cutis Laxa, autosomal dominant 1 
and 4 more. The truncated region affects 1 functional domain: 
UniProt protein P5CS_HUMAN region of interest 'Glutamate 

Fig. 3. Confirmation sequences of the proband’s sisters, father, mother, and the proband itself. (A) There are both forward strand sequence 
named sibing 1 (F), and reverse strand sequence named sibing 1 (R). (B) There are both forward strand sequence named sibing 2 (F), and 
reverse strand sequence named sibing 2 (R). (C) There are proband’s father forward strand sequence named Father F, and proband’s mother 
forward strand sequence named Mother F. (D) There is proband’s forward strand sequence named Proband F. Sanger sequencing confirmed 
homozygosity of the proband 2, homozygosity of her sister (A), heterozygosity of her brother (B) and heterozygosity of her father and 
mother (C) in NM_001160227.2: c.5454dupA: p.Glu1819Argfs Ter11 mutation of the SPG11 gene.
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5-kinase'. The truncated region contains nine pathogenic LOF 
variants. Additionally, by studying PM2 rule it was found that 
GnomAD exomes homozygous allele count = 0 is less than 2 for 
AD/AR with good gnomAD exomes coverage = 85.0. Variant not 
found in gnomAD genomes with good gnomAD genomes cover-
age = 31.6 [13]. 

Mutated protein models 
Eliminating the N- or C-terminal of a protein by proteolysis or ma-
nipulation of the structural gene, or premature termination of pro-
tein elongation is due to the presence of a stop codon in its struc-
tural gene as a result of a nonsense mutation will result in a trun-
cated protein [22]. As found in our first proband, p.R159X muta-
tion will result in a truncated protein, and it is obvious why P5CS 
cannot do its role as well as before after mutation. In our second 
proband, p.Glu1819Argfs Ter11 mutation will also result in a trun-

cated protein. So SPG11 protein cannot do its role completely as 
before mutation (Fig. 4).  

Discussion 

Based on the results, our first proband that is heterozygous for 
NM_001323412: c.142C>T: p.R159X variant as a novel mutation 
of the ALDH18A1 gene, is a likely pathogenic variant that has a 
significant risk factor for spastic paraplegia 9A disease. Neither his 
sisters nor his parents are affected, so it is confirmed that 
NM_001323412: c.142C>T: p.R159X variant is a de novo one. 

Our second proband that is homozygous for NM_001160227.2: 
c.5454dupA: p.Glu1819Argfs Ter11 variant as a novel mutation of 
the SPG11 gene is a likely pathogenic variant that has a significant 
risk factor for spastic paraplegia 11 disease. By Sanger confirming, it 
is found that her father, mother, and her brother are heterozygous 

Fig. 4. Mutated truncated protein models of the first proband are visible in three forms: balls and sticks (A), ribbon (B), and molecular 
surface (C), and the second proband protein model is shown in ribbon form (D). Models A, B, and C were created template-free by web 
based I-tasser software using protein sequence from Protein Data Bank [23], and model D, the mutated truncated protein model was made 
template free by web based SWISS-MODEL software using protein sequence from Protein Data Bank [24].
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DD
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for SPG11 mutation, and her sister is homozygous for SPG11 mu-
tation, so it is confirmed that NM_001160227.2: c.5454dupA: p.
Glu1819Argfs Ter11 variant is an ARSHP cause. 

Over the past decade, there have been remarkable advances in 
the identification of the genes responsible for spastic paraplegia 
and the understanding of the molecular pathogenesis of these con-
ditions. Notably, the location of the mutations in the gene has an 
influence on syndrome [25]. To date, several pathogenetic mecha-
nisms have been identified as responsible for spastic paraplegia, in-
cluding oxidative stress, dysfunction of axonal development and 
axonal transport, abnormal lipid metabolism, altered DNA repair, 
dysmyelination, disrupted autophagy, abnormal cell signaling, and 
abnormal membrane trafficking [26]. 

Currently, no specific therapies are found to prevent, delay, or 
reverse the progressive disability in spastic paraplegia. Treatment is 
exclusively symptomatic, and its aims are to reduce muscle spastic-
ity and urinary urgency, and improve strength and gait. Therapeu-
tic options include physical therapy, oral antispastic drugs (ba-
clofen, progabide, dalfampridine), botulinum toxin therapy, and 
surgical baclofen pump implantation. However, there are no 
guidelines or recommendations from clinicians for patients about 
selecting the most suitable treatment and finding the best thera-
pies [26]. 

There is no gene-specific therapy developed for spastic paraple-
gia thus far, but in another strategy, physiopathological studies in 
animal models and neurons derived from their induced pluripo-
tent stem cells have provided acceptable therapeutic targets for 
some forms of spastic paraplegia. Physiopathological studies can 
lead to the recognition of therapeutic approaches for different 
forms of spastic paraplegia. However, in the future, the challenge 
will be to develop a particular treatment for each spastic paraplegia 
subtype, given the considerable heterogeneity of these diseases. 
Rare diseases deserve specific trials to develop new treatment 
strategies, mainly with homogeneous cohorts. In the way of find-
ing new treatment strategies, there is a lack of natural history data, 
especially longitudinal biomarker analysis, obviously [27]. 

As a new method, mRNA-based protein supplementation is a 
powerful tool to reward for the lack of proteins in monogenetic 
disorders caused by loss-of-function mutations. It offers a poten-
tially curative treatment option, especially in those diseases where 
the protein is expressed predominantly in organs that can be 
reached by intravenous delivery. Here, supplementation of mRNA 
could rehabilitate physiological conditions and may provide a po-
tential novel therapeutic strategy [28]. 

To our knowledge this is the first report of likely pathogenic 
NM_001323412: c.142C>T: p.R159X, and NM_001160227.2: c. 

5454dupA: p.Glu1819Argfs Ter11 variants discovery. Conse-
quently, the results of the present study may be of importance in 
genetic counseling. 
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Introduction 

Since its emergence from Wuhan (Hubei, China) [1], to date, the severe acute respiratory 
syndrome coronavirus 2 (SARS-CoV-2) has been held accountable for millions of deaths 
and billions of active cases globally [2]. The causative agent of coronavirus disease 2019 
(COVID-19), SARS-CoV-2 is one of many pathogens of zoonotic origin [3] that were 
able to direct cross-species transmission, driving low to severe health complications in 
masses, leading to epidemics and pandemics [4]. Coronaviruses (CoVs) have been infect-
ing humans since the 1960s, with alphacoronaviruses HCoV-229E and HCoV-OC43 
dominating the infections. Previous studies have found that bats and rodents are the most 
notable hosts to zoonotic viruses [5,6]. Bats, particularly, are a favorable host for CoVs, 
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and CXCL10 are two putative biomarkers responsible for the increased vulnerability and fa-
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with 31% of the bat viromes being constituted by CoVs [7-9]. Pre-
vious epidemics and pandemics that resulted from zoonotic spill-
over caused deaths from hundreds to millions in number. Given 
the severity of the clinical and social burden epidemics and pan-
demics impose, studying the underlying mechanisms of zoonosis 
in detail is crucial [10,11].  

Comorbidity, as a risk factor for COVID-19 has been accentuat-
ed in multiple clinical and epidemiological studies [1,12-14]. Mul-
tiple comorbid conditions, such as cardiovascular diseases, diabe-
tes, chronic kidney diseases, hypertension, respiratory diseases and 
cancer make individuals vulnerable to both pathogenic and 
non-pathogenic diseases as their immunity system is compro-
mised. Often, certain metabolic pathways, genes and proteins are 
upregulated in individuals with cancer, which is favorable for op-
portunistic pathogens, allowing them to multiply at an amplified 
rate in host cells [15]. 

During SARS-CoV-2’s life cycle within a host, a number of bio-
molecules play both active and passive roles in promoting its 
pathogenesis. The fundamental molecule in this case is the angio-
tensin-converting enzyme-2 (ACE2) receptor, which the virus uti-
lizes to harbor its spike protein for entering inside the host cell. 
However, the virus cannot fuse with the host cell’s membrane un-
less the spike (S) protein undergoes proteolytic priming [16,17]. 
When SARS-CoV-2 anchors itself to the host cell with the help of 
S protein-ACE2 receptor binding, a type II transmembrane serine 
protease called transmembrane protease serine subtype 2 (TM-
PRSS2) participates in the proteolytic cleavage of the S protein, fa-
cilitating the fusion of the viral membrane and the cellular mem-
brane [18]. Another group of molecules that act as key indicators 
during the pathogenesis are cytokines [19]. When SARS-CoV-2 
invades a host cell, the host’s innate immune response is activated. 
The cells of the innate immune system act using pattern recogni-
tion receptors (PRRs). PRRs detect pathogen associated molecu-
lar patterns which are distinctive to SARS-CoV-2 and deploy in-
flammatory responses against the invading virus by activating a 
cascade of signaling pathways and transcription factors [20]. 
These signaling pathways activate three pro-inflammatory cyto-
kines interleukin (IL)-1, tumor necrosis factor (TNF)-α, and IL-6, 
which are upregulated to such an extent that the effect of this up-
regulation becomes debilitating for the host, resulting in tissue 
damage, multi-organ failure and often, death [21-23]. According 
to a study, the C-X-C motif 10 (CXCL10), or Interferon gam-
ma-induced protein 10 is a notable cytokine molecule in the prog-
nosis of COVID-19, which is capable of causing severe tissue dam-
age and is also involved in pathological processes of infectious dis-
eases [24,25]. 

As the number of COVID-19 active cases and deaths started to 
peak, a sex bias was observed in the prevalence rate as well as the 
mortality rates [26,27]. Multiple studies conducted in different 
countries and populations reported that males are at a higher risk 
of being infected with SARS-CoV-2 and some studies linked this 
higher prevalence with that of prostate cancer [28,29]. Prostate 
cancer or prostate adenocarcinoma (PRAD) is the second most 
frequently occurring cancer among males, with the most recent 
epidemiology stating a total 1,276,106 new cases and 358,989 
deaths (which is 3.8% of all deaths caused by cancer in men) [30]. 
Individuals with prostate cancer are at no lesser risk of developing 
a severe clinical prognosis of COVID-19 than other cancer types. 
The ACE2 receptor is not only unique to lung cells, but they are 
also found in the kidneys, prostate and intestine [31]. The pres-
ence of the ACE2 receptor in other organs suggests a possibility of 
SARS-CoV-2’s metastasis and localization in other cells. Moreover, 
the androgen receptor is a key transcription factor of TMPRSS2, 
which is upregulated in the presence of testosterone. The TM-
PRSS2 protease is also found to be upregulated in both normal 
and metastatic cancer cells [32-34]. As for the chemokine mole-
cules, studies support that CXCL10 is associated with exacerbating 
inflammation and also plays a role in the pathological process of 
cancers [24,25]. Based on these facts, it is plausible to state that 
because ACE2, TMPRSS2, and CXCL10 are commonly contribut-
ing molecules in both the pathogenesis of SARS-CoV-2 and 
PRAD, men could be more susceptible to acquiring COVID-19. 

In this study, we used a computational approach to investigate 
the expression patterns, molecular and functional characterization 
of CXCL10 and TMPRSS2 and their coexpressed genes in PRAD 
and COVID-19. The study was carried out in silico, using existing, 
open access cancer omics databases and bioinformatics tools 
whose algorithms have been upgraded to provide well-grounded 
results based on real scientific evidence of clinical value. Two simi-
lar studies carried out by Hoang et al. [35] and Kalkanli et al. [36] 
have also performed an assessment of the susceptibility of PRAD 
patients towards COVID-19. However, these two studies were fo-
cused towards the expression analysis of ACE2 and TMPRSS2 
rather than CXCL10, which is an important inflammatory cyto-
kine that plays an active role in cancer metastasis [37-39]. More-
over, we also analyzed the commonly coexpressed genes in both 
PRAD and COVID-19 to identify common pathways leading to a 
severe prognosis of COVID-19 in PRAD patients. We compared 
the expression patterns of the aforementioned genes in both nor-
mal cells and cancer cells to truly assess the differences in the ex-
pression levels; and gauge the degree of risk prostate cancer pa-
tients are at when it comes to being infected by SARS-CoV-2 and 
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developing COVID-19 associated health complications. 

Methods 

Expression analysis of TMPRSS2 and CXCL10 in PRAD 
For assessing the magnitude of mRNA expression of TMPRSS2 
and CXCL10 genes in PRAD, we used TIMER 2.0 web server 
(http://timer.comp-genomics.org/). TIMER 2.0 implements six 
robust algorithms to expression profiles of tumors obtained from 
The Cancer Genome Atlas (TCGA), which is an upgrade to its 
previous single algorithm version to analyze and compare immune 
infiltrates in tumor cells and normal cells [40]. To further investi-
gate the expression profiles of TMPRSS2 and CXCL10, UALCAN 
web server was used (http://ualcan.path.uab.edu/). UALCAN 
web server allows comprehensive analysis of a target gene expres-
sion in tumor cells and normal cells using real time data from a 
range of clinical profiles. The analyses are conducted to provide in-
sights on the variation of clinicopathologic features based on race, 
sex, ethnicity as well as stages in a particular type of cancer [41]. 
GEPIA2 (http://gepia2.cancer-pku.cn/#index) web server was 
used to compare the median expressions of CXCL10 and TM-
PRSS2 genes between normal and tumor samples of PRAD. GE-
PIA2 processes query data using expression profiles obtained from 
TCGA and GTEx databases and returns gene specific analyses 
based on multiple cancer types [42]. 

Determination of mutations and copy number alterations 
in TMPRSS2 and CXCL10 
We used cBio Cancer Genomics Portal (https://www.cbioportal.
org/) to identify genetic alterations of TMPRSS2 and CXCL10 
genes and analyse their molecular and clinical profiles. cBioPortal 
curates data from large scale cancer genomics projects, providing a 
substantial amount of data on molecular profiles of cell lines and 
cancer tissues that can be translated into facts of biological and 
clinical significance [43]. 

Protein-protein interaction network construction 
We prepared a list of determinant genes of the clinical prognosis of 
COVID-19 using Comparative Toxicogenomics Database (CTD, 
http://ctdbase.org/). The CTD database is a centralized resource 
that collects data from valid and proven scientific studies and pres-
ents the relationship of specific chemicals, genes and proteins with 
a myriad of diseases and disorders [44]. Upon preparing a list of 
genes that have a remarkable contribution in the clinical prognosis 
of COVID-19, we analyzed the interaction between the protein 
products of these genes using the STRING database (https://

string-db.org/). The STRING database constructs a protein-pro-
tein interaction network between targeted proteins by interpreting 
protein-protein associated data that are either known or predicted 
in a large number of organisms. The reliability and authenticity of 
the generated physical and functional interactions of the proteins 
in question are annotated using confidence scores and the evi-
dences supporting the results are traceable [45]. 

Identification of coexpressed genes 
We used R2: Genomics and Visualization platform (https://hg-
server1.amc.nl/cgi-bin/r2/main.cgi) an open access omics data-
base to identify the commonly expressed genes in correlation with 
TMPRSS2 and CXCL10. This database includes data from differ-
ent biomedical analyses that can be used for enhanced molecular 
analysis of target genes in regards to multiple diseases producing 
insights of clinical value [46]. A Venn diagram was generated using 
the Bioinformatics and Evolutionary Genomics (http://bioinfor-
matics.psb.ugent.be/webtools/Venn/) web tool to represent the 
identified coexpressed genes of TMPRSS2 and CXCL10 in 
COVID-19 and PRAD. 

Results 

TMPRSS2 and CXCL10 expression in prostate cancer 
To start, first different expression patterns of TMPRSS2 and 
CXCL10 in multidisciplinary cancer types were analyzed using the 
TIMER database. Both TMPRSS2 and CXCL10 showed an esca-
lated pattern of expression in PRAD compared to normal tissue 
(Fig. 1). p-value for TMPRSS2 gene was <0.05 whereas CXCL10 
gene showed p-value <0.001 in the PRAD patients. TMPRSS2 
manifested the highest level of expression in PRAD than any other 
cancer tissue. 

Analysis of TMPRSS2 and CXCL10 expression pattern in 
PRAD 
We performed an extensive analysis to evaluate the association of 
CXCL10 and TMPRSS2 expression with multiple clinicopatho-
logical parameters using the TCGA dataset retrieved from the 
UALCAN data mining platform. Here, we found an overall upreg-
ulated expression pattern of CXCL10 and TMPRSS2 compared to 
a normal state depending on the individual stages of cancer and 
different age groups (Fig. 2). In terms of nodal metastasis status, 
both genes showed higher expression in PRAD patients with N0 
and N1 stages compared to normal individuals. For CXCL10, the 
highest expression was found at N1 stage while the expression of 
TMPRSS2 peaked at N0 stage. Patients with PRAD showed the 
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Fig. 1. Analysis of expression of CXCL10 and TMPRSS2 in different cancer by using TIMER. (A) Different level of CXCL10 mRNA expression is 
shown in multiple cancer studies whereas the overexpression of CXCL10 in PRAD, is marked in the red box. (B) Different level of TMPRSS2 
mRNA expression is shown in multiple cancer studies whereas the overexpression of TMPRSS2 in PRAD is marked in the red box. *p < 0.05, 
**p < 0.01, ***p < 0.001. CXCL10, C-X-C motif 10; TMPRSS2, transmembrane protease serine subtype 2; ACC, adrenocortical carcinoma; 
BLCA, bladder urothelial carcinoma; BRCA, breast invasiva carcinoma; CESC, cervical squamous cell carcinoma; CHOL, cholangiocarcinoma; 
COAD, colon adenocarcinoma; DLBC, diffuse Large B-cell Lymphoma; ESCA, esophageal carcinoma; GBM, glioblastoma multiforme; HNSC, 
head and neck squamous cell carcinoma; HPV, human papillomavirus; KICH, kidney chromophobe; KIRC, kidney clear cell carcinoma; KIRP, 
kidney renal papillary cell carcinoma; LAML, acute myeloid leukemia; LGG, brain lower grade glioma; LIHC, liver hepatocellular carcinoma; 
LUAD, lung adenocarcinoma; LUSC, lung squamous cell carcinoma; MESO, mesothelioma; OV, ovarian serous cystadenocarcinoma; 
PAAD, pancreatic adenocarcinoma; PCPG, pheochromocytoma and paraganglioma; PRAD, prostate adenocarcinoma; READ, rectum 
adenocarcinoma; SARC, sarcoma; SKCM, skin cutaneous melanoma; STAD, stomach adenocarcinoma; TGCT, testicular r germ cell tumors; 
THCA, thyroid carcinoma; THYM, thymoma; UCEC, uterine corpus endometrial carcinoma; UCS, uterine carcinosarcoma; UVM, uveal 
melanoma.
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Fig. 2. Expression analysis of CXCL10 and TMPRSS2 in prostate cancer using the UALCAN database. (A) CXCL10 gene expression in PRAD 
based on different nodal metastasis status. (B) TMPRSS2 gene expression in PRAD based on different nodal metastasis status. (C) CXCL10 
gene expression in PRAD according to the different age groups. (D) Expression of the TMPRSS2 gene in PRAD according to different age 
groups. (E) Expression of the CXCL10 gene in in PRAD in different cancer stages based on Gleason score. (F) TMPRSS2 gene expression in 
PRAD in different cancer stages based on Gleason score. CXCL10, C-X-C motif 10; TMPRSS2, transmembrane protease serine subtype 2; 
PRAD, prostate adenocarcinoma; TCGA, The Cancer Genome Atlas.
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Fig. 3. The functional characterization of CXCL10 and TMPRSS2 in prostate cancer development by using the cBioPortal database using 5,584 
samples of 5,389 prostate cancer patients from 18 studies. (A) Mutations in CXCL10 protein sequence was figured out by using lollipop plots. (B) 
Types of alteration frequencies of CXCL10 in prostate cancer were presented in bar diagram. (C) The expression level of differently categorized 
genetic alterations was presented for CXCL10. (D) Total mutation in TMPRSS2 protein was presented by lollipop plots. (E) Three variant types of 
alteration frequency in TMPRSS2 were presented in the bar diagrams. (F) The expression level regarding the multiple categories of genetic alteration 
was represented in graphical plots based on Z-scores relative to diploid samples. CXCL10, C-X-C motif 10; TMPRSS2, transmembrane protease 
serine subtype 2; PRAD, prostate adenocarcinoma; CNA, copy number alteration; VUS, variant of uncertain significance.
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Fig. 4. A protein-protein interaction network illustrating the interconnection of the functional proteins related to COVID-19 infection. 
TMPRSS2 is mainly interconnected with ACE2 and TMPRSS4 whereas CXCL10 is interlinked with other cytokines such as IL6, IL7, TNF, and 
IL10. Other proteins have several cross-linked connections as well. CXCL10, C-X-C motif 10; ACE2, angiotensin converting enzyme 2; AGT, 
angiotensin; COVID-19, coronavirus disease 2019; CXCL8, C-X-C motif 8; IL6, interleukin 6; TMPRSS2, transmembrane protease, serine 2; 
TMPRSS4, transmembrane protease, serine 4; IL2, interleukin 2; IL2RA, interleukin 2 receptor alpha chain; CCL2, C-C motif ligand 2; TNF, 
tumor necrosis factor; IL10, interleukin 10; CSF3, colony stimulating factor; CRP, C-reactive protein; IL1B, interleukin 1 beta; CCL3, C-C 
motif ligand 3; IL7, interleukin 7; BTK, Bruton's tyrosine kinase.

highest level of CXCL10 expression at age between 41 and 60 
years whereas prostate cancer patients at age 61–80 years showed 
highest level of expression for TMPRSS2. PRAD patients with 
Gleason score 10 showed the highest level of expression for 
CXCL10. On the other hand, expression of TMPRSS2 peaked in 
patients having Gleason score 7. 

Determination of mutations and copy number alterations 
in target proteins 
Data generation was done representing multiple genetic variations 
in TMPRSS2 and CXCL10 mRNA using the cBioPortal database 
to assess the functional significance of TMPRSS2 and CXCL10 in 
prostate cancer development (Fig. 3). Firstly, we prepared a query 
for CXCL10 in this database using 5,584 samples of 5,389 prostate 
cancer patients from 18 studies. From this analysis, we found no 
mutations for CXCL10 in PRAD patients. We observed that 

CXCL10 is mostly altered in PRAD ranging the highest frequency 
of 1.82%. In this case, we found that the highest level of CNA oc-
curred due to the diploid type of genetic alteration. The second 
most significant genetic change is done by shallow deletion type of 
CNA. From our investigation it was found that 47 mutations oc-
curred for TMPRSS2 in prostate cancer patients (Supplementary 
Table 1). TMPRSS2 showed most genetic alterations in prostate 
adenocarcinoma with alterations frequency of 4.81%. Forty-seven 
mutations were found in 30 locations of TMPRSS2 protein in 
prostate cancer patients. Shallow deletion accounted for the sec-
ond most genetic alterations of TMPRSS2 in prostate cancer while 
most alterations did not account for mutation. 

Association of TMPRSS2 and CXCL10 assisted protein-protein 
interaction network with the of COVID-19 development 
COVID19 is caused by a number of genes that are either directly 
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or indirectly involved in its development. Based on their inference 
score, we were able to discover 7,235 genes related with 
COVID-19 disease using the CTD. Each of these genes has a cu-
rated illness relationship or an assumed disease association based 
on a curated chemical interaction. Following the analysis of the 
large data collection, 20 curated genes were identified as biomark-
ers or therapeutic candidates for COVID-19 therapy, including 
TMPRSS2 and CXCL10 (Supplementary Table 2). By utilizing 
the translated protein sequences of these 20 genes a protein-pro-
tein interaction network was constructed through the STRING 
database (Fig. 4). Following this, we found 96 connecting edges 
among the selected proteins though the expected edges were only 
20 according to the information provided by the database itself. 
That means the PPI network harbors more interlinks than the ex-
pected result. Such a relationship indicates that the proteins are 
functionally connected, as a group. We also found that TMPRSS2 
and CXCL10 proteins are interconnected along with other protein 
components associated with COVID-19 development. 

Estimation of the commonly co-expressed genes of 
TMPRSS2 and CXCL10 associated with prostate cancer 
and COVID-19 development 
Identification of genes that tied in with the expression of TM-
PRSS2 and CXCL10 was completed through a comprehensive 
analysis by using the R2: Genomics and Visualization web portal. 
This identification assisted in exploring the co-expressed genes of 

TMPRSS2 and CXCL10 responsible for prostate cancer and 
COVID-19 development by utilizing the TCGA data. In particu-
lar, a total of 7,843 co-expressed genes of the TMPRSS2 associated 
with PRAD whereas the number of co-expressed genes related to 
COVID-19 was 7,231. In terms of CXCL10, 4,549 genes hap-
pened to co-express with prostate cancer development while those 
with COVID-19 were 7,230. A restriction of p-value < 0.01 was 
applied to each case of the analysis. Afterward Venn diagrams were 
contrived using the Bioinformatics and Evolutionary Genomics 
web tool in order to show the lists representing common co-ex-
pressed genes of TMPRSS2 and CXCL10 in each of the cases of 
prostate cancer and COVID-19. Overall, 1,656 and 2,669 genes 
co-expressed with CXCL10 and TMPRSS2 respectively, were 
found to be common prostate cancer and COVID-19 progression 
(Fig. 5). 

Analysis of the functional role of the TMPRSS2 and 
CXCL10 
To interpret the functional activity of TMPRSS2 and CXCL10 in 
prostate cancer and COVID-19, we used the set of previously de-
termined co-expressed genes while using the PANTHER data-
base. To begin, we ran a query to determine the molecular activity 
of TMPRSS2 by using the 2,669 commonly co-expressed genes 
that had previously been found. We looked at a variety of molecu-
lar activities and observed that a large number of these genes (918) 
are engaged in binding activity, whereas 26.70% (729) are involved 

Fig. 5. Graphical representation of commonly co-expressed genes of TMPRSS2 and CXCL10 in prostate cancer and COVID-19. Identification 
of co-expressed genes of TMPRSS2 and CXCL10 was completed through a comprehensive analysis by using the R2: Genomics and 
Visualization web portal. (A) The Venn diagram represents 2,669 commonly co-expressed genes of TMPRSS2. (B) The Venn diagram 
represents 1,656 commonly co-expressed genes of CXCL10 associated with both of the diseases. TMPRSS2, transmembrane protease serine 
subtype 2; CXCL10, C-X-C motif 10; COVID-19, coronavirus disease 2019.
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Fig. 6. Using the PANTHER database, the functional attitudes of TMPRSS2 and CXCL10 were evaluated. (A) A pie chart was used to show 
eight different types of molecular activity of TMPRSS2 and its co-expressed genes. (B) In total 14 variant types of binding activities of 918 
genes were represented by using a bar chart. (C) Total 20 unique types of biological activities of CXCL10 and its co-expressed genes were 
represented using a pie chart. (D) Nine differently categorized immune system processes of the corresponding 98 co-expressed genes were 
presented through a bar chart. TMPRSS2, transmembrane protease serine subtype 2; CXCL10, C-X-C motif 10.
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in catalytic activity (Fig. 6A). We observed the diverse nature of 
the binding activities of corresponding 918 genes through an ex-
tended study. Following this analysis, we observed that most of the 
genes having binding activity are involved in protein binding 
(49.50%; 454 genes) (Fig. 6B). 

We also investigated the functional attitude of CXCL10 using 
the list of previously determined 1,656 commonly co-expressed 
genes which have association with prostate cancer and COVID-19 
development. We found that the mentioned genes are engaged in a 
wide range of biological activities, including cellular processes, bi-
ological regulation, metabolic processes, immune system process-
es, localization, biogenesis, and so on, after evaluating the biologi-
cal processes (Fig. 6C). After performing an extended analysis 
with the co-expressed genes of CXCL10 involved in different im-
mune processes, we explored that 65 genes are involved in im-
mune response, 16 genes are responsible for immune system de-
velopment, 33 genes are responsible for leukocyte activation 
whereas 18 genes are responsible for leukocyte migration, 17 
genes contribute to the activation of immune response and 29 
genes lead the immune effector process (Fig. 6D). Overall, a sig-
nificant number of the co-expressed genes of CXCL10 are found 
to have important roles in various branches of the immune system 
along with the functional activity of CXCL10. 

Discussion 

Since the emergence of COVID-19 and its outspread globally, 
mortality rates have been more inclined towards the male popula-
tion as compared to the female population, which has been estab-
lished by multiple epidemiological studies [47-49]. Severe clinical 
prognosis of COVID-19 has also been attributed to comorbidities, 
with special emphasis on the presence of cancer [50-52]. PRAD is 
a prevalent cancer type in males, and multiple biomolecules that 
act as markers of PRAD are in common with COVID-19 (Both 
TMPRSS2 and CXCL10 were upregulated in PRAD patients). 
TMPRSS2 has been reported as a prominent transmembrane pro-
tein that is upregulated in PRAD patients [28]. The upregulation 
of this protein has also been found to be a crucial factor for ACE2 
priming, which is the major receptor for SARS-CoV-2 entry. Cyto-
kine storms have been a widely discussed phenomenon in regards 
to both COVID-19 and cancer [53,54]. CXCL10 is a notable cy-
tokine, which has been found in elevated levels in both cancer and 
COVID-19 patients, driving metastasis, inflammation and poor 
clinical outcomes in both the cases [55,56]. A study by Gwak et al. 
[57] on the prostate cancer microenvironment found that multi-
ple inflammatory cytokines including CXCL10 were upregulated 

in PRAD patients. CXCL10 plays a significant role in the tumor 
metastasis and immunesuppression in prostate cancer and being a 
tumor-associated macrophage, it also promotes tumor microenvi-
ronment creation, migration and invasion of prostate cancer cells 
[37-39]. Thus, in the case of both PRAD and COVID-19, TM-
PRSS2 and CXCL10 can be considered as two prominent bio-
markers. In this study, we analyzed the expression levels of TM-
PRSS2 and CXCL10 in PRAD patients. We found significant ex-
pressions of mRNA for both TMPRSS2 (p < 0.05) and CXCL10 
(p < 0.001) in PRAD patients with higher levels as compared to 
normal individuals. Additionally, the demographic expression data 
revealed that both TMPRSS2 and CXCL10 were upregulated in 
PRAD patients aged 41–60 years and 61–80 years respectively 
with Gleason scores 7 to 9. These results align with a study con-
ducted by Chen et al. [58], which found a significant upregulation 
of TMPRSS2 in patients aged 40–65 years having a median glea-
son score of 7 to 9 but patients with advanced stage like metastasis 
did not show considerable expression change. Although adults 
aged 65 or more have been identified to be more susceptible to-
wards SARS-CoV-2 infection [59], people aged 60 years and less 
are at no lesser risk. In a recent cross-sectional survey conducted in 
various countries of Europe and America, it was found that 4%–
22% of COVID-19 associated fatalities were more prevalent in in-
dividuals aged less than 65 years [60]. According to a report by the 
American Cancer Society, PRAD is more prevalent in males aged 
65 or more, which is also the risk cohort for COVID-19. In a study 
conducted by Peng et al. [61], an increase in TMPRSS2 expres-
sions in oral epithelial cells has been found with age. A study by 
Schuler et al. [62] has also found elevated expressions of TM-
PRSS2 in lung epithelium of adults. TMPRSS2 is also expressed 
on the luminal side of the normal prostatic epithelium, which is 
upregulated in malignant prostatic tissue [29]. Hence, the expres-
sion analysis data of TMPRSS2 and CXCL10 aligns with the find-
ings of previous studies. 

For genomic analyses of TMPRSS2 and CXCL10 coding genes, 
we scrutinized whether mutations were present in TMPRSS2 and 
CXCL10 in PRAD patients. The reference database consisted of 
data obtained from 18 different studies on PRAD. We found the 
highest level of alterations in TMPRSS2 (4.81% alteration frequen-
cy) and a total of 47 mutations were observed. A 1.82% alteration 
frequency was also observed for CXCL10 in PRAD patients. Ge-
netic alterations in PRAD patients have been found to be related 
to the disparity among prostate cancer patients globally. Genomic 
aberrations, gene expression signature, and other molecular alter-
ations in tumors have also led to variation in disease progression in 
PRAD patients, leading to distinct pathways based on clinical het-
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erogeneity. These genomic alterations can happen at any stage of 
the cancer progression, yielding three possible molecular subtypes 
of prostate cancer: (1) clinically localized, treatment naïve prostate 
cancer, (2) aggressive metastatic but, hormone sensitive prostate 
cancer, and (3) lethal, androgen deprivation therapy insensitive, 
castration resistant prostate cancer [63]. Analysis of CNAs in TM-
PRSS2 and CXCL10 may help in assessing the clinical features of 
COVID-19 patients with aggressive or indolent prostate cancer. It 
may also assist in better understanding immunological pathways 
that are triggered in different subtypes of prostate cancer in pres-
ence of SARS-CoV-2 providing better opportunities for specific 
treatment and management of COVID-19 in this cohort. In addi-
tion, deletions, CNAs and other types of genetic modifications in 
active biomolecules can also contribute to understanding the sig-
nificance of these molecules in disease development even among 
different populations [64].  

As clinical manifestations in the cases of both COVID-19 and 
PRAD may metastasize and localize in other organs and systems, 
we carried out a functional assessment of TMPRSS2 and CXCL10 
to identify what additional genes and their protein products are re-
lated to COVID-19 and PRAD prognosis. Based on inference 
score, we selected 20 such genes that are involved in the prognosis 
of both COVID-19 and PRAD. Multiple cytokines were found to 
have higher inference scores, which supports the fact that the cyto-
kine storm is mediated by multiple chemokines [55]. 

In this study, we identified 1,656 genes co-expressed with 
CXCL10 in both PRAD and COVID-19 and 2,669 genes co-ex-
pressed with TMPRSS2 for the same. To properly understand the 
association of TMPRSS2 and CXCL10 with respect to the coex-
pressed genes and how these genes may contribute in disease 
prognosis, we selected 20 genes based on their inference scores es-
tablished a PPI network between these two proteins and the trans-
lation products of the 20 genes. PPI network analysis tools utilize 
state-of-the-art algorithms and data from peer-reviewed research 
articles to illustrate the connection between proteins for better in-
terpretation of underlying biological mechanisms for different dis-
eases. PPI network analysis has been widely used in multiple can-
cer studies as it eases the interpretation of protein matrices on a 
molecular level [65-67]. From the PPI network analysis results, it 
is evident that TMPRSS2 is a crucial factor in COVID-19 progno-
sis, as its nodes connect to ACE2 and as per previous studies, TM-
PRSS2 is a notable ACE2 primer. This also suggests that because 
TMPRSS2 is already upregulated in PRAD patients, the patients 
show increased susceptibility towards SARS-CoV-2 infection as an 
upregulation of TMPRSS2 will promote ACE2 priming [28,68,69]. 
Additional nodes were also found that connected CXCL10 with 

other cytokines such as IL-6, IL-7, TNF, and IL-10. This finding 
aligns with previous reports that have observed that severely ill 
COVID-19 patients had elevated levels of IL-6 [22]. Our findings 
also align with the results of a study conducted on 41 COVID-19 
confirmed cases in China, which found that IL-6, IL-7, TNF, and 
IL-10 were upregulated in the plasma of the study subjects [19]. 
Although CXCL10 shows no evident interconnection with TM-
PRSS2 in the PPI network, in PRAD patients, it has been linked to 
a group of tumor associated macrophages (TAMs) which are fur-
ther classified into two different subtypes, M1 and M2. TNF-α, in-
terferon γ, IL-12, and IL-23 comprise the M1 TAMs that have been 
found to have pro-inflammatory functions. IL-1β, IL-6, CXCL8, 
CXCL10, and vascular endothelial growth factor comprise the M2 
TAMs that contribute to cancer metastasis, immune suppression, 
and tumor growth. Moreover, elevated levels of CXCL8, CCL2, 
CXCL10, and CCL20 have been found in prostate cancer patients 
with Gleason score ≥ 8 [57]. Again, COVID-19 patients too have 
upregulated levels of inflammatory cytokines which makes the dis-
ease prognosis critical in patients. Based on these facts, it can be 
suggested that coexpressed genes of TMPRSS2 and CXCL10 in 
both PRAD and COVID-19 play an active role in mediating the 
pathways responsible for disease prognosis. 

The coexpressed genes were then further characterized func-
tionally and it was found that of the 2,669 genes that were co-ex-
pressed with TMPRSS2, 33.70% were associated with binding ac-
tivity, while 26.70% had involvement in catalytic activity. Further 
breakdown of the 33.70% genes associated with binding activity 
revealed that 49.50% of these genes are involved in protein bind-
ing. These findings can be supported by the fact that in PRAD cas-
es, upregulation of TMPRSS2 facilitates more activation of ACE2 
receptors which further makes a host more susceptible to SARS-
CoV-2 infection. On the other hand, an extensive analysis of 
CXCL10 co-expressed genes reported the association of multiple 
genes with immune response stages, including activation and de-
velopment of immune response, leukocyte activation, leukocyte 
migration and immune effector processes. Noteworthy to mention 
that a full-fledged immune reaction is deployed against SARS-
CoV-2 invasion as a consequence of an inflammatory trigger, and 
each step in this reaction requires the involvement of multiple im-
mune cells and chemical responders. CXCL10 is a key responder 
as it also attracts as a chemoattractant for immune cells like mono-
cytes, T cells, and natural killer cells. In both cases of cancer and 
COVID-19, CXCL10 exacerbates inflammation that causes tissue 
damage. In severe cases, cytokine storms accompanied by other 
chemokines due to severe inflammatory response can become fa-
tal [25,70]. In regards to our study, as the findings indicate that the 
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association of the co-expressed genes that take part in different im-
mune response mechanisms are common to both PRAD and 
COVID-19, it can be predicted that PRAD patients, as they have 
higher levels of CXCL10 (Fig. 2A), if diagnosed with COVID-19 
have a possibility of developing cytokine storm mediated fatality. 

This study was conducted in silico through utilization of differ-
ent omics databases and genome analysis tools to identify how 
much of a threat COVID-19 is to patients with prostate cancer. 
Overall, we analyzed the expression patterns of two important de-
terminant proteins of PRAD and COVID-19, TMPRSS2 and 
CXCL10; scrutinized how the expression levels compare between 
age groups and explored the functional characteristics of associat-
ed genes of TMPRSS2 and CXCL10. The data obtained from our 
analyses and previous relevant findings suggest that PRAD pa-
tients can be placed within the risk group of COVID-19 suscepti-
bility and fatality. 

Biological processes are regulated through the interaction of a 
myriad of chemicals and biomolecules that form perpetually com-
plex meshes of pathways. These pathways become even more 
complicated in a state of infection or disorder. Often, early diagno-
sis of certain diseases cannot be carried out using conventional di-
agnostic tools. However, if certain biomarkers for these diseases 
can be identified, early prevention, treatment and management of 
diseases can be possible in different risk groups. Based on our in 
silico analysis, it can be said that TMPRSS2 and CXCL10 can serve 
as biomarkers for analyzing the susceptibility of prostate cancer 
patients towards COVID-19. The findings of this study can be uti-
lized to identify possible associated proteins that also participate in 
the pathophysiology of PRAD and COVID-19, which can be used 
as targets for development of therapeutics directed towards pros-
tate cancer patients. Although this in silico study presents substan-
tial data that supports TMPRSS2 and CXCL10’s association with 
COVID-19 susceptibility in prostate cancer patients, further ex-
periments are required for deeper understanding of co-expressed 
genes, protein networks and host genetics that contribute to the 
polymorphism of TMPRSS2 and CXCL10 in individuals. 
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Introduction 

Malaria remains a well-known and life-threatening disease in many tropical and subtropi-
cal countries. Currently, there are near 100 countries and territories where the risk of ma-
laria transmission is present [1]. These countries are visited by more than 125 million in-
ternational travelers every year [2]. Moreover, Africa has faced 94% of all malaria cases in 
2019. There were almost 229 million estimated malaria cases worldwide in the same year. 
And the number of deaths from malaria stood at more than 400,000. Malaria is known to 
be caused by Plasmodium parasites. These parasites can infect female Anopheles mosqui-
toes and spread to people through the biting from these mosquitoes. Among the five par-
asite species that cause malaria in humans, two species—Plasmodium falciparum and P. vi-
vax bear the highest threat. P. falciparum also accounted for almost 99.7% of malaria cases 
in the African region and nearly half of World Health Organization South-East Asia Re-
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regions despite years of policy to limit infection and transmission rates. Further, studies 
into the variable efficacy of the vaccine are needed to provide a better understanding of 
protective immunity. Thus, the current study is designed to delineate the effect of each 
dose of vaccine on the transcriptional profiles of subjects to determine its efficacy and un-
derstand the molecular mechanisms underlying the protection this vaccine provides. Here, 
we used gene expression profiles of pre and post-vaccination patients after various doses 
of RTS,S based on samples collected from the Gene Expression Omnibus datasets. Subse-
quently, differential gene expression analysis using edgeR revealed the significantly (false 
discovery rate < 0.005) 158 downregulated and 61 upregulated genes between control vs. 
controlled human malaria infection samples. Further, enrichment analysis of significant 
genes delineated the involvement of CCL8, CXCL10, CXCL11, XCR1, CSF3, IFNB1, IFNE, IL12B, 
IL22, IL6, IL27, etc., genes which found to be upregulated after earlier doses but downregu-
lated after the 3rd dose in cytokine-chemokine pathways. Notably, we identified 13 cyto-
kine genes whose expression significantly varied during three doses. Eventually, these find-
ings give insight into the dual role of cytokine responses in malaria pathogenesis. The vari-
ations in their expression patterns after various doses of vaccination are linked to the pro-
tection as it decreases the severe inflammatory effects in malaria patients. This study will 
be helpful in designing a better vaccine against malaria and understanding the functions 
of cytokine response as well. 
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gion cases [3].  
Most malaria deaths occur in children, and they are dominated 

by three syndromes: severe anemia, cerebral malaria, and respira-
tory distress. These syndromes can occur separately, or in combi-
nation [1]. One of the elementary features of P. falciparum is the 
induction of host inflammatory responses that contribute to dis-
ease severity and are associated with lethal outcomes [4]. Specifi-
cally, systemic levels of some pro-inflammatory cytokines are cor-
related with severity and death from malaria [5]. 

Even though the disease appears in documented reports as early 
as 2700 B.C., malaria vaccine development entered a new mile-
stone only in 2015 [6,7]. The European Medicines Agency posi-
tively reviewed the pre-erythrocytic P. falciparum candidate RTS,S 
vaccine and marked the first human anti-parasite vaccine to pass 
the regulatory examination [6]. This vaccine provided protection 
against infection in controlled human malaria infection (CHMI) 
studies [8-10]. It can also prevent life-threatening malaria and re-
duce the need for transfusion of blood [11]. 

Although malaria has been studied in detail, insufficient atten-
tion has been paid to how malaria vaccination is associated with 
several gene expression changes, contributing to increased protec-
tion. The efficacy of the malaria vaccine is still not at a desirable 
level and needs improvement if we want to eradicate malaria [12]. 
In the current study, we focused on how the various doses of ma-
laria RTS,S/AS01 vaccine facilitate protection and gene expression 
changes. Though we discussed multiple doses, we were primarily 

focused on a dataset from the 3rd dose. It could give us a better 
overview of gene expression changes as delayed doses are found to 
increase the chance of protection against malaria [13]. RTS,S/
AS01 vaccination has been significantly associated with upregula-
tion and downregulation in several gene expressions [14]. Our 
study would help us conclude how several gene upregulation and 
downregulation after the vaccination is different from dose to dose 
and how cytokine's dual role in protection and pathogenicity in 
malaria is crucial to investigate. Moreover, it will investigate how 
the absence of negative feedback control in pathophysiologic situ-
ations is responsible for impairing cytokine network homeostasis 
and contribute to local pathogenesis [15]. Overall, this will result 
in designing a better-performing vaccine against malaria. 

Methods 

Fig. 1 illustrates the workflow of the research and the methods we 
used to obtain the results. 

Dataset and experimental design 
Two datasets were obtained from Gene Expression Omnibus with 
accession numbers GSE102288 and GSE89292. These datasets 
were published as a BioProject on the National Center for Biotech-
nology Information with the accession number PRJNA397222 
and PRJNA351258. The total number of samples was 275 in 
GSE102288 and 583 in GSE89292 [16,17]. 

Fig. 1. Workflow of the research process.
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GSE102288 dataset is obtained from a study at the Center for 
Infectious Disease Research in the United States. The original re-
search paper by Du et al. [17] demonstrates how the transcript ra-
tio MX2/GPR183, measured 1 day after the 3rd immunization, 
can differentiate between protected and non-protected individu-
als. This ratiometric signature can help identify RTS,S/AS01 im-
munized people with protective immunity suggesting a role for in-
terferon in the RTS,S mode of action. 

GSE89292 dataset is obtained from a study at The Jackson Lab-
oratory for Genomic Medicine. The original paper by Kazmin et 
al. [16] is an analysis of protective immune responses to RTS,S 
malaria vaccination in humans. The study demonstrated that sev-
eral peripheral blood mononuclear cells (PBMC) and the circum-
sporozoite protein (CSP)‒specific antibody titers were highly cor-
related to protection after vaccination. 

Both datasets were necessary for the analysis because GSE102288 
did not provide first and second-dose vaccination information but fo-
cused on the changes after the 3rd dose and CHMI. On the other 
hand, GSE89292 dataset provided.  

An overview of the datasets is given in Table 1.  

Datasets for the identification of differentially expressed 
genes 
We partitioned datasets for two comparative analyses: The 
GSE102288 dataset was analyzed to compare control vs. CHMI 
samples, and GSE89292 was analyzed to identify gene expression 
patterns after the first two doses. Illumina HiSeq 2000 was the 
used platform (Illumina, San Diego, CA, USA) for GSE102288, 
and Affymetrix Human Genome U133 Plus 2.0 Array (Affymet-
rix, Santa Clara, CA, USA) was used in GSE89292. All datasets 
were curated so that only human tissue samples remained in the 
dataset. Furthermore, Probe ID mapped to gene symbols in the 
GSE89292 dataset was extracted from the respective platform file. 
Finally, dataset matrices were prepared for various analyses. 

For GSE89292, participants were vaccinated at 28-day intervals. 
They were subjected to controlled malaria infection 21 days after 
the final immunization. The CHMI challenge was then adminis-
tered through five bites by mimicking a natural infection. Parasite-
mia was monitored for 28 days, and overall monitoring continued 
for 159 days following the challenge. 

For GSE102288, volunteers received either three full doses of 
RTS,S/AS01 vaccines, or two full doses followed by a delayed frac-
tional third dose. After 3 weeks of the last dose, all the volunteers 
underwent CHMI. Later on, PBMC samples were collected and 
analyzed on the day of the 1st vaccination, day of the 3rd vaccina-
tion, day 1, 3, 14 post-the 3rd vaccination and day of challenge 
(CHMI). 

Pre-processing of datasets 
The GSE102288 dataset contains the FPKM (fragments per ki-
lobase million) value for 15,680 genes. On the other hand, 
GSE89292 is a microarray data containing RMA normalized value. 
In the case of the Illumina dataset (GSE102288), FPKM values 
are converted into log2 values using the T-Bioinfo Server pipeline 
(Supplementary Fig. 1). In the case of Affymetrix datasets (GSE 
89292), the average of multiple probes was computed that corre-
spond to a single gene using the average function in Excel. Ensem-
bl transcript IDs were mapped to the gene symbols using the 
T-Bioinfo Server's annotation pipeline. 

Exploratory analysis 
In order to explore the patterns of the data, principal component 
analysis (PCA) was performed using the T-Bioinfo Server 
(https://server.t-bio.info/) on all the 275 samples based on the 
gene expression profiles of the samples. Besides, PCA and Hierar-
chical Clustering (distance: Euclidean, linkage: ward.D2) were 
also performed with only significant genes to assess their discrimi-
nant potential using the T-Bioinfo Server [18]. 

Differential gene expression analysis 
We performed differential gene expression analysis using the Edg-
eR [19] tool integrated on the T-Bioinfo Server to select genes that 
were significantly differentially expressed in pre-vaccination (con-
trol) vs. day of challenge (CHMI) samples (Fig. 2A). The T-Bioin-
fo Server was used for this purpose. Furthermore, p-value and log2 
fold change values obtained from edgeR results were used to gen-
erate a volcano plot (Fig. 3) for control vs. CHMI samples. Even-
tually, a heatmap was generated for the top 50 protein-coding up-
regulated and downregulated genes [20]. Only those genes were 
considered as significant genes with the false discovery rate (FDR) 

Table 1. Original Dataset source, design, analysis method and sample number

Dataset Organism Experiment type Sample source Analysis method Sample no.
GSE102288 Homo sapiens Expression profiling by high throughput sequencing PBMC samples RNA-seq analysis 275
GSE89292 Homo sapiens Expression profiling by array PBMC samples RNA-seq analysis 583

PBMC, peripheral blood mononuclear cell; RNA-seq, RNA-sequencing.
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Fig. 2. (A) Principal component analysis (PCA) plot for all sample groups in the complete dataset. (B) PCA plot for control vs. controlled 
human malaria infection samples. PC1, principal component 1; PC2, Principal component 2; Ch, day of challenge; PV, pre-vaccination.

< 0.005 and log2 fold change at > ±1. We applied this threshold for 
both datasets. 

Factor regression analysis 
Next, we conducted a factor analysis to interpret the relationship 
between multiple variables and the malaria vaccine efficacy (Sup-
plementary Fig. 2). Correlation between sex status, protection sta-
tus, and gene expression was investigated. Our study also helped 

us determine how other factors are involved in protection status 
and which genes are significantly expressed in protected samples 
[21]. 

Gene enrichment analysis 
To understand how the significant genes are related to protection, 
we assessed the biological and molecular functions of the signifi-
cant genes with the help of annotation. We used Database for An-
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Fig. 3. Enhanced volcano plot for control and controlled human malaria infection (CHMI) samples for all annotated genes in R. FC, fold 
change.

notation, Visualization, and Integrated Discovery (DAVID) for 
annotation [22]. Additionally, we used the Kyoto Encyclopedia of 
Genes and Genomes (KEGG) and Bioplanet for pathway analysis 
[23,24]. Literature search was done for the top significant genes, 
and cytokine or inflammation-associated genes provided a better 
understanding. 

Results 

Detection and visualization of variation in data 
The exploratory data analysis based on the PCA plot revealed the 
separate clusters for various sample groups. Principal component 1 
(PC1) represents 28.9% variance and PC2 represents 15.0% vari-
ance of the data (Fig. 2A). The figure illustrates how various sam-
ples fall in different clusters and overlaps as well. Interestingly, here, 
we observed day 14 samples forming a distinct cluster. Day 1 and 
day 3 post 3rd vaccination samples remain together in a cluster as 
they indicate the early expression of genes after the dose. The 
CHMI (day of the challenge) and control (pre-vaccination) sam-
ples also form distinct clusters. So, it is most likely that the gene ex-
pression pattern after malaria vaccine doses can indicate how the 
patient responds to the vaccine. However, the CHMI and pre-vac-
cination samples do not form distinct clusters like others. While 

two-thirds of the pre-vaccination samples were taken more than 7 
months before CHMI samples, the other one-third was taken 2 
months prior. This long gap between samples for these two groups, 
unlike other groups, might be the reason for not forming distinct 
clusters. Furthermore, as CHMI occurs more than two months af-
ter the first vaccination, the body's immune system was already 
stronger. It might have contributed to not forming distinct clusters 
too [25]. Finally, PC1 represents 35.38% variance, and PC2 rep-
resents 13.73% variance of the data in control vs. CHMI samples 
only and falls into different clusters (Fig. 2B). 

Identification of differentially expressed significant gene 
Since the PCA plot showed clear, distinct clusters for control and 
CHMI samples, we next identified 219 significantly differentially 
expressed genes between control and CHMI samples based on 
EdgeR. Among them, 158 genes were found to be downregulated, 
and 61 genes were found to be upregulated in control vs. CHMI 
samples. Further, we generated a volcano plot that included all the 
genes (Fig. 3). The volcano plot represents significant genes be-
tween control and CHMI groups. Furthermore, to identify a man-
ageable subset of genes, we selected only the top 50 differentially 
expressed genes, including the top 25 upregulated and top 25 
downregulated in control vs. CHMI samples (Table 2). Notably, 
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here we have selected only protein-coding and excluded the 
non-protein-coding genes. However, non-coding RNA genes have 
been found to help evade human immune attacks by switching ex-
pression between variants of var family genes and increasing the 
severity of malaria infection. but not in inflammation and protec-
tion [26,27]. Since our study primarily focused on the human in-
flammatory gene expression and its association with protection or 
elevated severity of malaria infection; therefore, we excluded the 
non-coding genes.  

PCA plot based on only significant genes  
Next, the PCA plot based on only significant genes between con-
trol and CHMI shows a clear distinction among the samples of 
these groups. PC1 represents 78.74% variance, and PC2 represents 
3.64% variance of the data (Supplementary Fig. 3). 

Hierarchical clustering and Heatmap for top 50 genes show 
clear distinctive pattern 
Among the significantly expressed genes after the 1st and 2nd 
dose of vaccination, we identified the same cytokine and inflam-
mation-related genes that were also significantly expressed after 
the 3rd dose. In order to derive their correlation and visualize the 
expression pattern, we plotted a line chart (Fig. 4A and 4B). After 
giving the first dose, there is upregulation of the inflammatory 
genes and both up and downregulation after the second dose (Fig. 
4A). Interestingly, significant downregulation occurs to those 
same genes after applying the third vaccination dose (Fig. 4B). 
The gene expression pattern changed through various doses of 
vaccination. 

Next, to assess the capability of the top 50 significant genes in 
distinguishing control and CHMI samples, we performed H-Clus-
tering with this set of genes. The dendrogram represents the two 
clear, distinct clusters of control and CHMI samples (Fig. 5B). 

Table 2. Top 50 significantly expressed protein-coding genes (p < 0.05, FDR < 0.005, and log2 FC > ±1)

Downregulated genes Upregulated genes
Gene symbol logFC FDR Gene symbol logFC FDR

IL12B –2.87295 9.85E–45 DRGX 1.798081 1.35E–19
FRMD7 –2.27791 4.06E–27 CHST3 1.743642 4.84E–14
IFNB1 –2.20904 2.05E–22 KIAA1644 1.674141 2.76E–16
IL36G –2.1776 2.89E–18 CACNA1G 1.669566 1.44E–13
CXCL11 –2.13596 1.78E–24 TNFAIP8L3 1.65029 1.80E–13
CCL8 –2.13175 9.23E–20 NECTIN4 1.627141 2.36E–16
RANBP3L –1.86129 6.74E–13 RHBDL3 1.590967 4.04E–14
IL22 –1.80012 1.40E–11 SMAD6 1.567576 2.30E–17
BHLHE22 –1.73922 1.23E–11 A4GALT 1.565569 4.01E–13
ACOD1 –1.67863 1.28E–20 GNG4 1.553002 2.61E–11
CSF3 –1.64862 6.61E–23 HR 1.550488 4.74E–13
CCDC129 –1.59496 7.71E–08 MAFA 1.526466 9.91E–12
UNC5C –1.589 8.93E–10 LMX1B 1.483051 9.46E–10
IFNE –1.58164 3.03E–08 SEMA3F 1.466303 3.83E–16
C1QTNF1 –1.55235 8.45E–12 CBARP 1.452397 6.85E–10
PLA1A –1.539 3.60E–16 HOXB6 1.435488 1.08E–11
GXYLT2 –1.52936 3.14E–10 RASAL1 1.431945 8.37E–15
HSD11B1 –1.52447 2.82E–08 UBE2QL1 1.383004 4.92E–11
CXCL10 –1.51384 2.10E–23 CA12 1.378161 4.43E–08
RHCG –1.48479 2.99E–10 NCMAP 1.351544 3.31E–08
KCNJ2 –1.45138 7.38E–23 FAM124A 1.34904 7.86E–13
SLC6A7 –1.45109 6.99E–08 MMP2 1.333238 2.41E–11
CH25H –1.45018 4.82E–17 GAD1 1.325456 3.36E–10
OR52W1 –1.40885 1.71E–06 TUBB3 1.324794 5.41E–10
IL27 –1.39053 5.41E–10 RGMA 1.307805 2.88E–11

FDR, false discovery rate; FC, fold change.
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Fig. 4. Inflammatory or cytokine gene expression pattern in 1st and 2nd dose (A) and 3rd dose (B) distinct upregulation or downregulation. 
Pre/PV, pre-vaccination; D1, day of the first dose; D2/D6/D14/D28/D29/D34, 2/6/14/28/29/34 days after first vaccination where the second 
dose is given on 28th day after the first dose; DV, day of 3rd dose of vaccination; DV+1/DV+3/DV+14, 1/3/14 days after the 3rd dose; CHMI, 
controlled human malaria infection; FC, fold change.
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Fig. 5. Heatmap (A) and dendrogram (B) generated by Hierarchical clustering based on top 50 significantly differentially expressed genes, 
illustrating the distinct clusters of control and controlled human malaria infection day samples.
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Heatmap represents the expression pattern of the top 50 top genes 
between control vs. CHMI samples (Fig. 5A), illustrating variation 
in expression. 

Expression of inflammatory cytokine genes in all doses 
Cytokines are the key players of the immune system. Next, to un-
derstand the expression pattern of the cytokines during different 
doses, we investigated the expression pattern for significantly ex-
pressed genes with cytokine G.O. function in control vs. CHMI 
samples. We identified 13 significantly differentially expressed cy-
tokine genes that were expressed after all three doses. These cyto-
kine genes showed a distinctive expression pattern after different 
doses (Fig. 4A and 4B). 

Correlational with other factors of interests 
Next, we wanted to see whether the gender of the samples is a sig-
nificant factor in gene expression regulation. Here, we identified 
10 protein-coding genes that were indeed significantly associated 
with the gender (males and females) on control vs. CHMI com-
parison (Supplementary Table 1). A PCA plot was also generated 
to visualize the differences (Supplementary Fig. 4). We further 
looked for evidence if gender was correlated with protection. No 
significant genes were found to provide any evidence of gender to 
be related to protection. Subsequently, we identified13 coding 
genes significantly differentially expressed in protected vs. 
non-protected samples on the 3rd vaccination day vs. CHMI sam-
ples (Supplementary Table 2). The exploratory data analysis failed 
to show enough differences between samples while comparing 3rd 
vaccination vs. CHMI samples, but further analysis is necessary 
for identifying the importance of the significantly expressed genes 
after 3rd dose on protected vs. non-protected samples. 

Gene set enrichment analysis 
As malaria severity is often associated with the overexpression of 
inflammatory genes, their expression patterns and changes were a 
major point of interest in our study as we wanted to find out how 
vaccination doses affect them. Gene set enrichment analysis was 
performed for 158 upregulated, 61 downregulated significant 
genes in CHMI vs. control samples of the 3rd dose on DAVID. 
Also, functional annotation and clustering for these significantly 
expressed genes were performed. Top hits with the downregulated 
genes indicate the enrichment in gene ontology terms associated 
with inflammatory response, cellular response to lipopolysaccha-
ride, cytokine, chemokine mediated signaling pathway, cell-cell 
signaling, positive regulation of leukocyte chemotaxis, etc. Func-
tional clustering showed nine clusters with 83 DAVID IDs. The 

top three clusters were all involved in cytokine activity and had en-
richment scores of 4.42, 3.19, and 3.15, respectively.  

These enrichment scores are measured by the geometric mean 
of the EASE Scores (modified Fisher Exact) [28]. Here, a higher 
score for a group is an indication of their more critical (enriched) 
roles [29]. Similarly, gene enrichment analysis with the upregulat-
ed genes for CHMI vs. control showed the gene ontology enriched 
terms were associated with intramembranous ossification, nega-
tive-regulation of calcium ion-dependent exocytosis, epidermis de-
velopment, angiogenesis, chemical synaptic transmission, positive 
regulation of calcium ion-dependent exocytosis, cell-cell signaling, 
etc. Also, functional clustering indicated nine clusters with 68 DA-
VID IDs, where top ones were associated with glycoprotein, glyco-
sylation site: N linked, and pathways in cancer. Enrichment scores 
were 1.88, 1.62, and 1.39 for the top three clusters. We also analyzed 
a dataset from the 1st dose, which showed association with inflam-
matory response, cytokine, and chemotaxis. Interestingly, CCL7, 
CXCL1, CXCL11, etc. cytokine genes were upregulated in this case 
whether they were downregulated after the 3rd dose. 

Besides, gene enrichment analysis of significantly differentially 
expressed genes in protected vs. non-protected showed the enrich-
ment in gene ontology terms, including cell-matrix adhesion and 
association of signal and glycoprotein [30]. 

KEGG pathway analysis 
KEGG pathway analysis revealed genes, such as CCL8, CXCL10, 
CXCL11, XCR1, CSF3, IFNB1, IFNE, IL12B, IL22, IL6, IL36G, 
IL27, etc. were involved in cytokine-cytokine receptor interaction 
(Fig. 6). Moreover, CSFE, IFNB1, IFNE, IL12B, IL22, IL6 genes 
were associated with the JAK-STAT signaling pathway (Supple-
mentary Fig. 5). 

On the other hand, the upregulated genes, such as GNG12, 
GNG4, WNT9A, EDNRB, FGF18, LAMA3, MMP2, etc., were 
found in pathways in cancer (Supplementary Fig. 6). 

Discussion 

There are two main determinants of severe malaria: sequestration 
of parasitized red blood cell and surge of pro-inflammatory re-
sponse [31]. Imbalanced pro and anti-inflammatory immune re-
sponses have been found to trigger immune-induced pathology 
and remain one of the leading causes of cerebral malaria pathogen-
esis, which might be further amplified by sequestration [32]. 
Moreover, systemic cytokine levels are correlated with disease se-
verity in malaria as well as sepsis [33]. Thus, it is necessary to ex-
amine how multiple vaccination doses change the pattern of in-
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flammatory responses and induce protection upon challenge. De-
tailed studies in this regard can help increase the efficacy of the 
vaccine and might be implied to other vaccinations as well. Here, 
anti-CSP titer levels were analyzed to identify RTS,S/AS01 immu-
nized people who developed protective immunity. It also suggest-
ed a role for interferon signaling in the RTS,S mode of action [17]. 

Towards this end, in the current study, we investigated transcrip-
tomics profiles of pre-and post-vaccination patients after the 1st, 
2nd, and 3rd vaccination dose of RTS,S using various bioinformat-
ics techniques, i.e., PCA, differential gene expression analysis, Hi-
erarchical clustering, etc. Exploratory data analysis based on the 
PCA clearly shows distinct clusters of samples of control and 
CHMI. Subsequently, differential gene expression analysis using 
the edgeR scrutinized 219 significantly differentially expressed 
genes (FDR < 0.005). Eventually, the biological role of significant 
genes was delineated using gene enrichment analysis.; which re-
veals the regulation status of chemokines and cytokines in pre-vac-
cinated and post-vaccinated samples at different doses. Gene en-
richment analysis showed that CCL8, CXCL10, CXCL11, XCR1, 

CSF3, IFNB1, IFNE, IL12B, IL22, IL6, and IL27 were involved in 
cytokine-chemokine pathways and upregulated after earlier doses 
but downregulated after the 3rd dose. Analysis of downregulated 
genes in DAVID and KEGG pathway illustrated how significantly 
downregulated genes after 3rd vaccination on CHMI is primarily 
associated with cytokine and inflammation. Overexpression of 
those inflammation and cytokine gene has been one of the driving 
forces of death and contribute to pathogenicity [34]. In fact, che-
moattractant cytokines or chemokines have proven to be regula-
tors of leukocyte trafficking and potentially contribute to severe 
malaria [31,35]. Our analysis suggested repeated doses of malaria 
vaccination help in protection because it is associated with the bal-
anced expression of pro and anti-inflammatory cytokines. SYT4, 
CBARP, NCS1, CACN1G, RHBDL3, CBARP, etc., significant 
genes in our analysis have shown functions for calcium ion recep-
tors, calcium gated ion channels, or calcium ion-dependent exocy-
tosis according to gene ontology studies [36-39]. It has been ob-
served that antibody levels to the voltage-gated calcium channels, 
but not to other ion channels, increase with the severity of malaria 

Fig. 6. Kyoto Encyclopedia of Genes and Genomes cytokine-cytokine receptor interaction pathway involving significant genes in control and 
controlled human malaria infection samples.
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infection [40]. 
Significantly elevated pro-inflammatory IL-6, IL-12 have been 

observed in the severe-malaria group compared to age-matched 
healthy children [41]. Also, IL-12 has been found to induce IFN-γ, 
a key mediator of inflammatory immune responses [42]. IL-12 
has shown evidence to play an essential role in the pathogenesis of 
malaria [42]. Furthermore, levels of IL-6 are elevated in malaria 
disease and contribute to disease severity [43-45]. Moreover, IF-
NB1-regulated genes were observed in severe cerebral malaria 
[46]. IL-12B was the most downregulated gene after the 3rd dose 
in our study. Furthermore, TNF, IL-1, IL-6, etc., inflammatory 
genes are over-expressed in falciparum malaria [43,47]. These 
genes are associated with cardiac insufficiency and myocardial 
dysfunction [48-50]. Additionally, inflammatory/inducible 
chemokines CXCL10, CXCL11, and CCL8 suggest involvement 
in response to the malaria infection [51]. Relative involvement of 
CXCL10 and CXCL11 has been found to recruit inflammatory 
leukocytes of malaria-infected mice [31]. Again, studies have indi-
cated that the concentration of CXCL11 was greater in symptom-
atic than asymptomatic malaria and was upregulated among the 
fever-positive groups, which identified CXCL11 as a possible bio-
marker for malarial fever [52]. The activity and capacity of cyto-
kines through directing sequestration and driving anemia restrict 
oxygen supply to mitochondria and make falciparum malaria pri-
marily a cytokine-driven inflammatory disease [34,52]. 

Surprisingly, one of the pathways involved with the significant 
genes in control vs. CHMI samples was the cancer pathway. In Af-
rica, malaria is known to influence genetic variation at several loci 
in the human genome [53], which might be involved in cancer 
and impact the biology and epidemiology of both diseases [54]. 
Moreover, recent evidence suggested that inflammatory cytokines 
might implicate several cancers [55]. Additionally, cancer–malaria 
interactions have been reported in the human liver, where malaria 
parasites attack its life cycle [54]. p53 protein has been observed 
to play a crucial role in hepatocyte infection by malaria parasite 
sporozoites. p53 is also the most highly mutated gene in several 
cancers [55]. This area needs further investigation for better un-
derstanding as there is an excellent potential for new novel an-
ti-cancer therapies using anti-malarial drugs [56]. Malaria vaccina-
tion can bring new scopes for cancer research and control pro-
to-oncogenes' abnormal expression, thus reducing the risk of can-
cers [57]. 

Further, many critical events in the Plasmodium life cycle are reg-
ulated by changes in the cellular levels of Ca2+ [58]. Moreover, lev-
els of antibodies to the voltage-gated calcium channels correlate 
with the increased severity of malaria infection [40]. SYT4, CBARP, 

NCS1, CACN1G, RHBDL3, CBARP, etc., significant genes in our 
analysis have shown functions for calcium ion receptors, calcium 
gated ion channels, or calcium ion-dependent exocytosis according 
to literature study or gene ontology [36-39]. It has been observed 
that antibody levels to the voltage-gated calcium channels, but not 
to other ion channels, increase with the severity of malaria infection 
[40]. Moreover, P. falciparum protein PfRH1is found to trigger the 
release of calcium ions. Extensive involvement of calcium signaling 
has been observed in various crucial pathways of the parasite. 
Therefore, any interruption would be deleterious for invasion and, 
ultimately, the growth of the malaria parasite. So, components of 
calcium signaling are considered for therapeutic interventions [59]. 

The malaria RTS,S/AS01 vaccine uses the CSP protein as a tar-
get antigen against malaria [60]. In earlier stages of vaccine devel-
opment, higher concentrations of antibodies against CSP were ob-
served on the day of the challenge [61]. Moreover, the control 
group without vaccination developed malaria earlier than the test 
group with three doses of vaccination, in which a strong humoral 
response against CSP was shown [62]. After the initial dose, there 
are low titers of antibodies against CSP protein. But after later dos-
es, high antibody titers are present, and antibody feedback can fur-
ther block immunodominant response [56]. Although inflamma-
tory mediators have been repeatedly found to be implicated in the 
severity of the disease, this evidence gave rise to the widely held 
belief that severe malaria might be an immune-mediated disease 
[5,63]. Also, parallels between sepsis and malaria are associated 
with functionally crucial inflammatory cytokines present in both 
conditions [34]. Malaria-induced sepsis is related to an intense 
pro-inflammatory cytokinemia, though the mechanisms behind it 
are poorly understood [64]. Additionally, a critical illness associat-
ed with an inflammatory response is a cause of multifactorial ane-
mia [65]. Anemia could contribute to poor oxygenation of tissues 
in malaria patients [66]. 

One of the adverse side effects of this is the overexpression of in-
flammatory genes, which often have the role of a double-edged 
sword [67]. As our study suggested, cell-mediated cytokines are 
less expressed after the 3rd dose, which was not the case after the 
1st or 2nd dose, confirming that multiple doses of malaria RTS,S 
vaccination are crucial in gene expression and control of inflamma-
tion in malaria infection. Downregulation of cytokine and inflam-
mation-related genes helps decrease the negative side effects of cy-
tokine storms in malaria as excessive pro-inflammation increases 
the severity of malaria [34]. Therefore, cytokine overexpression as 
a part of humoral immunity was reduced after repeated vaccina-
tion doses, resulting in protection by reducing the complexities of 
malaria infection. Additionally, a fractional booster dose initiates 
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high protection upon challenge by increasing antibody somatic 
hypermutation [13]. Moreover, exploratory data analysis showed 
evidence that protected-day 14 samples were distinct from other 
groups, which needs further investigation for early detection of 
malaria vaccination efficacy before the challenge (Supplementary 
Fig. 7). Our study also suggests the necessity to further explore 
passive immunization with monoclonal antibodies as a new ap-
proach to prevent and eliminate malaria [47]. As cytokines are as-
sociated with various inflammatory diseases, the study of malaria 
vaccination's control over inflammatory cytokine gene expression 
might become helpful in other diseases too, where they play a sig-
nificant role in pathogenesis [68]. 

This study was able to identify 13 inflammatory genes whose ex-
pression in malaria vaccination played a significant role in the cyto-
kine-cytokine receptor interaction pathway, JAK-STAT signaling 
pathway, and pathways in cancer. Furthermore, we demonstrated a 
comparatively less focused protection mechanism after vaccination 
and discussed the gene expression pattern of various vaccination 
doses. We analyzed the dual role of protection and pathogenicity of 
cytokines in malaria infection and how multiple doses of vaccina-
tion increase protection by influencing these cytokine levels and 
producing antibodies against the malaria CSP antigen. 
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Introduction 

Viral nervous necrosis (VNN) disease, also called viral encephalopathy and rectinopathy, 
viral vacuolating, encephalopathy and rectinopathy or piscine neuropathy. Nervous ne-
crosis virus (NNV) of the genus Betanodavirus (25–30 nm) is the causative agent of 
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Nervous necrosis virus (NNV) is a deadly infectious disease that affects several fish species. 
It has been found that the NNV utilizes grouper heat shock cognate protein 70 (GHSC70) 
to enter the host cell. Thus, blocking the virus entry by targeting the responsible protein 
can protect the fishes from disease. The main objective of the study was to evaluate the 
inhibitory potentiality of 70 compounds of Azadirachta indica (Neem plant) which has 
been reported to show potential antiviral activity against various pathogens, but activity 
against the NNV has not yet been reported. The binding affinity of 70 compounds was cal-
culated against the GHSC70 with the docking and molecular dynamics (MD) simulation 
approaches. Both the docking and MD methods predict 4 (PubChem CID: 14492795, 
10134, 5280863, and 11119228) inhibitory compounds that bind strongly with the GHSC70 
protein with a binding affinity of –9.7, –9.5, –9.1, and –9.0 kcal/mol, respectively. Also, the 
ADMET (absorption, distribution, metabolism, excretion, and toxicity) properties of the 
compounds confirmed the drug-likeness properties. As a result of the investigation, it may 
be inferred that Neem plant compounds may act as significant inhibitors of viral entry into 
the host cell. More in-vitro testing is needed to establish their effectiveness. 

Keywords: Azadirachta indica, dynamic simulation, grouper heat shock cognate protein 70, 
molecular docking and ADMET, nervous necrosis virus  



VNN and it consists of four genotypes: among them, the red spot-
ted grouper nervous necrosis virus genotype shows comprehen-
sive host range [1]. All growth stages of fish are affected heavily by 
NNV but mass mortalities were reported in marine fin fishes, es-
pecially among larvae less than 20 days old [2,3]. There are at least 
five orders of fish that may be affected by this virus which means it 
can infect 16 different families of fish. Since the virus is spread by 
water, it can affect healthy and sick fish in the same area [3] and 
when this virus examined under light microscopy the target organ 
of NNV, is the spinal cord mainly the central nervous system of the 
infected fish and marked vacuolations in the eye retina and brain 
of fish [4]. Japan is probably the first country where nodavirus in-
fection was detected in Japanese parrotfish (Oplegnathus fasciatus) 
[5] and afterwards infection from nodavirus has recorded in about 
40 species till date, causes mass mortality and resulted tremendous 
economic damages globally in last two decades. 

Two-single-stranded positive-sense RNAs are the main com-
pound for NNV genome structure [6]. RNA-1 is responsible for 
RNA-dependent RNA polymerase encode and viral capsid pro-
tein encoded by RNA-2 [7]. Additionally, B-1 and B-2 proteins 
which are the function of a small nonstructural protein are encod-
ed by a sub genome of RNA-1 named RNA-3 of betanodaviruses. 
B-1 and B-2 proteins are encoded by a sub genome of RNA-1 
named RNA-3 [8]. The B-1 protein shows early stage of infection, 
representing an anti-necrotic cell demise function by reducing mi-
tochondrial membrane protein loss and thus, enhancing cell via-
bility [9]. RNAi-mediated cleavage by a host, on the other hand, is 
inhibited by the B-2 protein, which functions as a binder between 
intermediate double-stranded RNA and NNV [10]. The only 
structural protein of the virion is the NNV coat protein and has 
been tested to fix the host range [11]. Monoclonal antibodies spe-
cific for NNV with high neutralizing titers have been produced 
[12], indicating that NNV-specific receptors are present in host 
cells. Virus infection by NNV occurs through receptor-mediated 
endocytosis and macro pinocytosis. Since susceptible SSN-1 cells 
(derived from striped snakehead) contain sialic acid residues that 
are compatible with virus, these are the sites where the virus at-
taches [13]. 

All the knowledge and information related to NNV invasion 
into the host cell remains limited till now. Grouper heat shock cog-
nate protein 70 (GHSC70) and grouper voltage-dependent an ion 
selective channel protein 2 were examined as NNV receptor pro-
tein candidates utilizing the grouper fin cell line GF-1 and purified 
NNV capsid protein in a viral over lay protein binding assay. The 
GHSC70 protein acts as a NNV receptor or coreceptor in GF-1 
cells, most likely acting as a receptor [14]. 

Medicinal plants can play a critical role in the treatment of a vari-
ety of ailments, particularly in areas where resources are scarce. 
Traditional remedies are mostly advocated given the abundance of 
these plants all over the world [15]. Before anything, traditional 
drugs have less detrimental consequences than modern drugs, 
which is one of the main reasons why essential chemicals are ex-
tracted and produced from plants [16]. Azadirachta indica is a typ-
ical medicinal plant whose importance has risen steadily in recent 
years around the world. It contains a large number of biologically 
active compounds with a variety of structures. Well over 140 effec-
tive chemical compounds have been reported and extracted from 
various components of this plant, which include leaves, flowers, 
seeds, roots, fruits, and bark have been used traditionally as a treat-
ment for a variety of diseases, as shown in a research. Anti-inflam-
matory, immune-modulator, anti-mutagenic, anti-carcinogenic, 
anti-oxidant, and anti-viral medicines have all been found in these 
potent molecules [17]. 

A. indica components are divided into two categories: non-iso-
prenoids and isoprenoids. Proteins, sulphurous molecules, carbo-
hydrates, and polyphenolics such as dihydrochalcone, flavonoids, 
coumarin, and aliphatic molecules are all examples of non-iso-
prenoid. Azadirone, protomeliacins, limonoids, and some deriva-
tives including nimbin, vilasinin, salanin, and azadirachtin are 
among the di-terpenoids and tri-terpenoids used to make iso-
prenoids [15]. 

To introduce effective medicines in a conventional or standard 
manner can take a long time, be expensive, and require a signifi-
cant amount of effort [18]. For example, high-throughput screen-
ing (HTS) is a technique that integrates multiple-well microplate 
with automated processing to improve drug development by as-
saying a large number of putative drug-like molecules [19]. Addi-
tionally, HTS should have abundant resources, as processing a par-
ticular HTS program is expensive and involves the use of robotic 
devices [20]. On the contrary, computer-aided drug design, also 
known as in silico drug design, is a relatively new technology for 
screening a large database of compounds using a high-throughput 
approach [21]. The in silico virtual screening approach aids in the 
discovery of novel medicines by generating hits for lead com-
pounds in a shorter period and at a cheaper cost [22]. As a result, 
improved in silico drug design reduces the time required to devel-
op, design, and optimize a novel drug. The virtual screening ap-
proach has been used for decades to find the best lead compounds 
with various structural properties for use with a given biological 
target [23]. Furthermore, computer-aided drug design has been 
used to find a wide variety of interesting drug applications and hits 
utilizing virtual screening, molecular docking, and dynamics simu-
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lation techniques [24]. In light of the above-mentioned A. indica 
drugs, the goal of this study is to use molecular docking to screen 
active compounds of A. indica against the GHSC70 and investigate 
their interaction pattern. As a result, the goal of this work was to 
combine virtual screening, molecular docking, and ADMET (ab-
sorption, distribution, metabolism, excretion, and toxicity) fea-
tures strategies to screen potential natural anti-fish drugs. 

Methods 

Retrieving the sequence 
The UniProtKb database (https://www.uniprot.org/) was used to 
retrieve the amino acid (aa) sequence of the GHSC70 protein 
(UniProtKb ID: A0A096VJY) found in NNV and downloaded in 
FASTA format. 

Assessment of secondary structure 
The secondary structural elements of the protein GHSC70 were 
predicted through the SOPMA tool [25] using the default param-
eters (window width of 17, number of states of 4, and similarity 
threshold of 8). 

Prediction, refinement, and validation of three-
dimensional structures 
The three-dimensional structure of the target protein was predict-
ed using the Raptorx server (http://raptorx.uchicago.edu/) [26]. 
The protein 3D structure was refined by GalaxyWeb server 
(https://galaxy.seoklab.org). The structure validity is a crucial 
stage in homology modeling, which is based on experimentally 
validated the structure of 3D proteins. A 3D model of the target 
protein is developed based on a sequence alignment between the 
target protein and the template structure [27]. The protein 3D 
structure was refined by GalaxyWeb server. The structure's validity 
is a crucial stage in homology modeling, which is based on experi-
mentally validated the structure of 3D proteins. The proposed 
GHSC70 protein model was uploaded to ProSA-web for basic 
confirmation [28]. The server foresaw the overall character of the 
model, which is represented by the z-score. If the expected model's 
z-scores are outside the scale of the property for local proteins, it 
indicates that the structure is erroneous [28]. To determine the 
overall quality of the suggested drug, a Ramachandran plot analy-
sis was performed using the Ramachandran Plot Server (https://
zlab.umassmed.edu/bu/rama/) [29]. 

Preparation of protein 
The protein's 3D structure was modelled and developed using the 

following criteria: water, metal ions, and cofactors were removed, 
polar hydrogen atoms were introduced, nonpolar hydrogen was 
combined, and gasteiger charges were calculated using AutoDock-
Tools [30]. 

Retrieval and preparation of compounds 
Phytochemicals derived from naturally occurring medicinal plants 
cover a wide range of chemical spaces that can be used in drug de-
velopment and discovery. IMPPAT stands for Indian Medicinal 
Plants, Phytochemistry, and Therapeutics, a manually curated da-
tabase of over 1,742 Indian medicinal plants and over 9,500 phyto-
chemical compounds that uses cheminformatic methodologies to 
improve natural product-based drug discovery [31]. Because of 
virtual screening, the phytochemical of the neem plant (A. indica) 
has been discovered and obtained from the database. The com-
pounds found from the database were created by assigning accu-
rate AutoDock 4 atom types, merging nonpolar hydrogens, detect-
ing aromatic carbons, and establishing a ‘torsion tree. It has been 
discovered that the AD4 atom type is the same as the compound's 
elements for the majority of atoms. 

Molecular docking and receptor grid generation 
The PyRx virtual screening tool AutoDock Vina was used to create 
a protein receptor grid [32]. The molecular docking investigation 
was carried out using the PyRx virtual screening program AutoDo-
ck Vina to find the binding mechanism of the required protein 
with chosen phytochemicals. PyRx is an open-source virtual 
screening application that can screen libraries of compounds 
against a given therapeutic target and is primarily used in Comput-
er-Aided Drug Design (CADD) techniques. PyRx integrates Aut-
oDock 4 and AutoDock Vina as docking wizards with an intuitive 
user interface, making it a more trustworthy CADD tool. This ex-
periment used PyRx's AutoDock Vina wizard for molecular dock-
ing to find the optimum protein and ligand binding poses. For 
docking objectives, the default configuration parameters of the 
PyRx virtual screening tools were utilized, and the highest binding 
energy (kcal/mol) with the negative sign was chosen for further 
investigation. Subsequently, using the BIOVIA Discovery Studio 
Visualizer v19.1.0.18287, the binding interaction of the protein–li-
gands complex was seen. 

Predicted pharmacology 
The physicochemical, pharmacokinetics, metabolism, and excre-
tion properties of molecules into urine and feces are all listed in the 
ADME of a substance [33]. The Swiss-ADME server (http://
www.swissadme.ch/) was used to forecast the various pharmaco-
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kinetic and pharmacodynamic parameters for the experiments 
[34]. In the area of drug discovery and development, initial analy-
sis of a compound's toxicity is critical [35]. Toxicology profiles of 
drug candidates provide information about the hazards to human 
health and the environment, as well as the safety and toxicity of 
chemical constituents. Chemical toxicity is now assessed using 
computer-assisted in-silico testing without the need for animal ex-
periments. As a result, the ProTox-II (http://tox.charite.de/protox 
II) website was used to assess the early-stage toxicity of the chosen 
medication candidates. With ProTox-II, you can identify com-
pounds that are acutely toxic, hepatotoxic, cytotoxic, carcinogenic, 
mutagenic, and immunotoxic [36]. Using quantitative struc-
ture-activity relationships techniques, the software estimates the 
toxicity of specified compounds. 

Quantum mechanics‒based calculation 
When it comes to determining possible active conformation, bind-
ing affinity, and strain discipline within a binding process, there is a 
requirement for conformation analysis of the ligand to the binding 
site. In such an instance, structural optimization and lowest energy 
conformations can be used, which require gas-phase energy and 
the solution phase. A ligand-protein complex system with metal 
ions does not lend itself to the conventional molecular mechanics 
mechanism [37]. Using quantum mechanical calculations, scoring 
functions have been developed that explain electronic structure 
and electronic changes, as well as system-specific charges during a 
system's reaction. A surprising amount of quantum mechanics 
(QM) based computations are currently based on density func-
tional theory (DFT). As a result, the DFT methods-based QM 
calculations of three substances were done in this work. Initially, 
the bond lengths, bond angles, and dihedral angles for potential 
compounds were optimized, then the DFT of the compounds has 
been calculated by using the ORCA quantum chemistry program 
package (version 4.1.1) [38,39]. The dispersion correction energy 
term D3 was used with  

Becke's three parameters (B3LYP) and Lee-Yang-Parr function-
als (B3LYP-D3) to calculate DFT. The conventional combination 
of functionalities B3LYP-D3 was chosen for this investigation be-
cause it does not directly affect the wavefunction or any other mo-
lecular characteristic, and 6-31G**, also known as 6-31G (d, p), 
was chosen as a basis set to describe the molecules electronic wave 
function. 

Frontier molecular orbital HOMO/LUMO calculation 
Based on Kenichi Fukui's frontier molecular orbital (1950s FMO) 
hypothesis, Fukui functions, are the highest energy occupied 

(HOMO) and lowest energy unoccupied (LUMO) orbitals. 
FMOs are electron frontier that help determine the energy differ-
ence between HOMO and LUMO orbitals. In nature, HOMO is 
primarily an electron donor (nucleophilic) and LUMO is primari-
ly an electron acceptor (electrophilic), and the interaction between 
the electron donor and electron acceptor pair can influence other 
chemical reactivity of a molecule [40]. Electrons from the HOMO 
jump to the LUMO during the electrophilic-nucleophilic process, 
resulting in an energy differential between two molecular orbitals. 
The HOMO-LUMO gap is the difference in energy between two 
molecular orbitals, that illustrates photochemistry as well as the 
strength and stability of organic transition metal complexes. To get 
a better understanding of atom susceptibility to electrophilic and 
nucleophilic assaults, the HOMO and LUMO energy were calcu-
lated by using the Avogadro software and visualize by Avogadro 
and Chemcraft software [39], and the energy difference between 
two molecular orbital HOMO-LUMO gaps was calculated from 
the following Eq. (3). 

(1) 
∆E(gap) = ELUMO – EHOMO

here, ∆E is the HOMO-LUMO gaps, ELUMO is the lowest energy 
unoccupied molecular orbital energy, and EHOMO is the highest en-
ergy occupied molecular orbital energy. 

Molecular dynamics simulation 
The binding stability of the selected candidate compounds to the 
desired protein to the active site cavity of the protein was assessed 
using 50 ns molecular dynamic simulations (MDS) [41]. The 
MDS of the receptor-ligand complex was carried out using the 
'Desmond v6.3 Program' in Schrödinger 2020-3 under the Linux 
framework to assess the receptor-ligand complex's thermodynam-
ic stability [42]. A preset TIP3P water model was utilized to solve 
the system, with an orthorhombic periodic boundary box shape 
with a box distance of 10 Å to both sides to maintain a certain vol-
ume. Appropriate ions, such as Na+ and Cl‒, with a salt concentra-
tion of 0.15 M, were chosen and inserted randomly in the solvated 
system to electrically neutralize the state. The system was reduced 
and relaxed using the default protocol introduced within the Des-
mond module with OPLS 2005 force field settings after generating 
the solvated system comprising protein in complex with the ligand 
[41]. NPT ensembles were kept at 300 K and one atmospheric 
(1.01325 bar) pressure using the Nose-Hoover temperature cou-
pling and isotropic scaling approach, followed by 150 PS recording 
intervals with an energy of 1.2. All MDS pictures were taken with 
Maestro v-12.5. Using the Simulation Interaction Diagram (SID) 
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of Desmond module v6.3, the root-mean-square deviation 
(RMSD) and root-mean-square fluctuation (RMSF) were utilized 
to evaluate the stability of the complex structure based on the 150 
ns trajectory performance. 

Results 

Sequence retrieval and secondary structure inquiry 
The amino acid (aa) sequence of the NNV protein (UniProtKb 
ID: A0A096VJY) was obtained from the NCBI database. There 
are 650 amino acids in the protein. Fig. 1 provides additional infor-
mation on the protein (UniProtKb ID: A0A096VJY). The alpha 
helix (Hh), extended strand (Ee), beta turn (Tt), and random coil 
(Cc) of the protein (A0A096VJY) were predicted by the SOPMA 
software to be 272 (41.85%), 118 (18.15%), 46 (7.08%), and 214 
(32.92%) (Fig. 2). Most proteins contain the α-helix, which is a 
fundamental structural element. Α-helices are formed by hydrogen 
bonds between the carbonyl oxygen of one peptide bond and the 
amino acid located three amino acids away. β-strands are also im-
portant structural elements of proteins. The protein chains are 
predominantly linear when β-strands are present. Furthermore, 
some portions of the protein chain do not form a regular second-
ary structure or have a consistent hydrogen-bonding pattern. 
These regions are known as random coils and are found in two lo-
cations in proteins: (a) terminal arms and (b) loops. 

Three-dimensional structure prediction, refinement, and 
validation 
The 3D structure of the protein model predicted using the Rap-
torX server (http://raptorx.uchicago.edu/). The Galaxy Refine 
server was used to refine the predicted protein tertiary structure, 

yielding five refined models and increasing the amount of amino 
acid residues in the favored location. When compared to the other 
models, the scores listed above indicate the improved model's cali-
ber. Crude model and refine model 1 (RMSD value 0.409) were 
chosen and visualized in Pymol (Fig. 3). Ramachandran Plot Serv-
er and ProSA-Web online server were used to validate the before 
and after revised GHSC70 protein model. Ramachandran plot 
analysis of the before refine structure revealed that 96.649% of the 
structure was in the favorable zone, as per Ramachandran plot 
server. After refining, the rampage server produced a better result, 
with 98.765% of residues in the preferred regions (Table 1). The 
validation quality and potential faults in a basic tertiary structure 
model are assessed using the ProSA-web server. Validation of the 
final GHSC70 protein model reveals a Z-score of –11.24 (Table 1, 
Supplementary Fig. 4). 

Fig. 1. The amino acid (aa) sequence of the protein of nervous necrosis virus.

Fig. 2. Secondary structural elements predicted by SOPMA server.
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Retrieval and preparation of phytochemicals 
The Indian natural and medicinal phytochemical compound li-
brary (IMPPAT database) was used to find the accessible com-
pounds of the required plant. A list of 70 chemicals was discovered 
in the database from the Neem (A. indica) plant (Supplementary 
Fig. 5). The phytochemical components found in neem plants 
were extracted and recorded in a 2D (SDF) file format. During the 
ligand preparation procedures, the compounds were produced 
and optimized, then converted to pdbqt file format for further as-
sessment. 

Molecular docking analysis 
A molecular docking study was first conducted to screen and iden-
tify the optimal intermolecular interaction among the desired pro-
tein and phytochemical substances. PyRx tools AutoDock Vina 
wizard was used to perform molecular docking between 70 phyto-

chemical compounds and their proteins of choice. The binding af-
finities discovered during molecular docking of the phytochemical 
molecule reported in Supplementary Fig. 5. Based on the binding 
affinity top 4 of 70 phytochemical (total 4) compounds have been 
chosen (Fig. 4). The docking methods predict 4 (PubChem CID: 
14492795, CID: 10134, CID: 5280863, and CID: 11119228) in-
hibitory compounds that bind strongly with the GHSC70 protein 
with a binding affinity of –9.7, –9.5, –9.1, and –9.0 kcal/mol, re-
spectively (Fig. 4). 

Predictive pharmacology 
The ADME characteristics of chemical compounds are crucial in 
determining a drug's effectiveness. Pharmacokinetics-related fail-
ure in clinical stages can be reduced by optimizing ADME charac-
teristics, which is complex and demanding in the drug design and 
trial process [34]. It has been discovered that assessing ADME at 
an early stage in the clinical drug development process can lower 
attrition rates. As a result, the SwissADME online tool was used to 
conduct an early-stage evaluation of ADME characteristics for four 
drugs. Focusing on hydrophilic nature, solubility, pharmacokinet-
ics, medicinal chemistry, and drug-likeness characteristics, the 
server assessed the ADME qualities of four compounds (CID: 
14492795, CID: 10134, CID: 5280863, and CID: 11119228). All 
the compounds have maintained an optimum pharmacokinetics 
property (Table 2). Toxicity testing is an essential and crucial 
phase in pharmaceutical development that aids in determining the 

Fig. 3. (A) 3D structure of crude model. (B) 3D structure of refine model.

Table 1. Validation of selected protein model by Ramachandran and 
z-score studies

Parameter Initial model Refine model Remarks
Ramachandran
 Highly preferred 0.96649 0.98765 Significant
 Preferred 0.02822 0.01058 Significant
 Questionable 0.00529 0.00176 Significant
ProSA Web
 Z-score –11.01 –11.24 Significant

Crude model Rifine modelAA BB
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Fig. 4. The top 4 compounds' molecular docking score and ligand 
structure.

Table 2. List of absorption, distribution, metabolism, and excretion (ADME) and toxicity of compounds

Property CID: 14492795 CID: 10134 CID: 11119228 CID: 5280863
Physiochemical properties
 MW (g/mol) 422.51 400.68 274.35 286.24
 Heavy atoms 31 29 20 21
 Aro. atoms 12 0 6 16
 Rotable bonds 6 5 0 1
 H-bond acceptors 5 1 3 6
 H-bond donors 2 1 2 4
 TPSA (Å2) 75.99 20.23 57.53 111.13
Lipophilicity
 Log Po/w (Cons) 5.11 6.88 3.25 1.58
Water solubility
 Log S (ESOL) Soluble Moderately soluble Moderately soluble Soluble
Pharmacokinetics
 GI absorption High Low High High
 BBB permeant No No Yes No
 P-GP substrate No No Yes No
Drug likeness
 Lipinski violations 0 1 0 0
Medi. chemistry
 Synth. accessibility Very easy Easy Medium Easy

MW, molecular weight; Aro., aromatic; TPSA, topological polar surface area; GI, gastrointestinal; BBB, BOILED-egg; P-GP, P-glycoprotein.

adverse levels of toxic compounds on people, wildlife, plants, and 
the surroundings. Traditional toxicity testing of chemicals necessi-
tates the use of an in vivo animal model, that is time-consuming, 
costly, and fraught with ethical issues [36]. As a result, comput-
er-aided in silico toxicity measurements of chemical compounds 
might be regarded beneficial in the drug development phase. The 
study used the ProTox-II web server to compute the toxicity of the 
chemical since it is quick, inexpensive, and does not need any ethi-
cal concerns. The four compounds (CID: 14492795, CID: 10134, 
CID: 5280863, and CID: 11119228) selected previously through 
different screening process have been submitted in the ProTox-II 
web server that determines the acute toxicity, hepatotoxicity, cyto-
toxicity, carcinogenicity, and mutagenicity of the compounds list-
ed in Table 3. All the compounds have shown no oral toxicity or 
organ toxicity effect. 

Geometry optimization 
Most computational biologists, chemists, academicians, and re-
searchers utilize geometry optimization, a quantum chemical ap-
proach, to discover the configuration of least energy with the most 
stable form of a chemical properties. This is a technique for taking 
crude geometric approximations and perfecting them [42]. Be-
cause molecules in the lowest energy state naturally lower their en-
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ergy by emitting, the geometry with the lowest energy is the most 
stable. Using the default basis set 6-31G (d,p) in Avogadro, the 
most optimized molecular shape with the lowest energy value has 
been established. The 2D structures and 3D optimized geometries 
of the compounds CID: 14492795, CID: 10134, CID: 5280863 
and CID: 11119228 have been plotted in Fig. 5. 

Frontier molecular orbital HOMO/LUMO calculation 
In organic chemistry, the FMO is increasingly widely utilized to 
describe the structure and reactivity of molecules. HOMO-LU-
MO bandgap energy is used in the theory to describe the electrical 
and optical characteristics of molecules. The energy gap between 
the two orbitals HOMO and LUMO also helps to determine the 
sensitivity of atoms toward electrophilic and nucleophilic attacks, 
chemical kinetic stability, chemical hardness, and softness of a 
molecule. The electrons in the HOMO orbital are the freest to en-
gage in nucleophilic reactions, whereas the electrons in the LUMO 
orbital participate in electrophilic reactions. A soft molecule is one 
that has a low HOMO-LUMO gap energy and a high chemical re-
activity while also having a poor kinetic stability. A molecule with a 
high frontier (HOMO-LUMO) orbital gap should have low chem 
reactivity or bioactivity and high kinetic stability in this process due 
to the limited likelihood of attaching an electron to the high-energy 
LUMO. When compared to a molecule with a low FMO energy 
gap, molecules with a large FMO energy gap are energetically stable 
due to low chemical reactivity and high kinetic stability [42]. 
Therefore, to evaluate the chemical reactivity and kinetic stability 
of the selected three compounds the HOMO, LUMO, and HO-
MO-LUMO, gap energy was calculated from Eq. (1) and shown in 
Fig. 6. The calculated FMO energy band gap values found for the 
compounds CID: 14492795, CID: 10134, CID: 5280863 and 
CID: 11119228 was 3.786 eV, 3.919 eV, 3.712 eV, and 3.855 eV, re-
spectively, which was considerably higher, indicating kinetic stabili-
ty and low chemical reactivity of the molecules. 

Re-docking and interaction 
Redocking score 
The re-docking procedure was used to find potential docking pos-
es in a limited area by utilizing previously acquired protein binding 
sites. The geometry optimized structure has been docked and the 
score found for the selected three compounds CID: 14492795, 
CID: 10134, CID: 5280863, and CID: 11119228 were −10.4 
kcal/mol, −9.9 kcal/mol, −9.9 kcal/mol, and −9.5 kcal/mol re-
spectively, which was better than the previously obtained binding 
score (Fig. 4). As a result, it can be concluded that the QM-based 
compound optimization was successful for the three compounds 
chosen. 

Protein-ligands interaction interpretation 
With the desired GHSC70 protein model, the compound CID: 
10134 produced two Pi-Alkyl interactions with ARG76 (4.83) and 
ARG76 (5.11), where two Alkyl bonds was discovered to form at the 
positions ARG72 (4.32) and PHE150 (4.56) (Table 4, Fig. 7). 

The interaction investigation of the compound CID: 5280863 
revealed two Pi-Alkyl bonds at the location of ARG72 (4.46) and 
VAL82 (5.16) and one Pi-Anion bonds at the residual positions of 
ARG76 (4.01) and one Pi-Cation at the residual positions of 
ASP80 (4.47). One conventional hydrogen bond interaction at 
the position of THR226 (2.89) and one carbon hydrogen bond 
formed at the position of THR216 (3.12) (Table 4, Fig. 7). 

With the target protein, compound CID: 11119228 has been 
found to create single conventional hydrogen bonds at the posi-
tions GLY437 (2.15) and 2 Pi-Alkyl bonds at the positions 
ALA406 (5.05) and ALA406 (5.35) (Table 4, Fig. 7). 

Conventional hydrogen bonds were observed to form exclusively 
at the TYR15 (2.8579) position of the molecule CID: 14492795, 
where pi–anion and alkyl bonds have been observed at the posi-
tions of GLU268 and VAL369, where the distance for the Pi-Alkyl 
bond was 4.6868 and the distance for Alkyl bonds was 5.4303 as 
shown in Table 4 and Fig. 7. 

Table 3. The toxicity endpoints of chosen four chemicals include acute toxicity, hepatotoxicity, cytotoxicity, carcinogenicity, and mutagenicity

Classification Target CID: 14492795 CID: 10134 CID: 11119228 CID: 5280863
Oral toxicity LD50 (mg/kg) 2,000 890 760 1190

Toxicity class 4 4 4 4
Organ toxicity Hepatotoxicity Inactive Inactive Inactive Inactive
Toxicity Carcinogenicity Inactive Inactive Inactive Inactive

endpoints Mutagenicity Inactive Inactive Inactive Inactive
Cytotoxicity Inactive Inactive Inactive Inactive
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RMSD of protein 
The RMSD of the three compounds chosen was used to deter-
mine the differences in protein structure when compared to the 
beginning point. It also aids in determining the protein's equilibra-
tion status, which is defined by the flattening of the RMSD curve. 

The protein frames and the backbone of the reference frame were 
initially aligned. The RMSD of the system was determined based 
on the atom selection during the MDS. The complex system with 
a time frame x should have the RMSD that can be calculated from 
the following Eq. (2).  

Fig. 5. Geometry optimization of selected four compounds.
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Fig. 6. The molecular frontier orbital wave function is shown with negative and positive phases for selected four compounds, representing 
asymmetric HOMO, LUMO, and HOMO-LUMO gaps.
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(2)

<(ri'(tx) – ri (tref))2  RMSFx = ∑1
N

N
i=1

Here, the RMSDx is the calculation of RMSD for the specific 
number of frames, N is the number of selected atoms; tref is the ref-
erence or mentioned time, and r' is the selected atom in the frame 
x after superimposing on the reference frame, tx is the recording in-
tervals. 

RMSD has been determined for compounds CID: 10134 (sky 
blue), CID: 11119228 (orange), CID: 14492795 (gray) and CID: 
5280863 (yellow), and GHSC70 backbone or Apo (deep blue) 
based on the selection of the ligand fit protein atom shown in Fig. 
8. Except for the compound’s CID: 10134 and CID: 5280863, the 
RMSD data revealed that the two compounds were stable, but all 
compounds are more stable when compared to Apo protein. The 
average value change of the CID: 11119228 and CID: 14492795 
compounds was 0.0–0.3Å, with the value change for the com-
pound CID: 10134 and CID: 5280863 being >3.2Å, which was 
more over the required range, indicating the protein's substantial 
conformational shift (Fig. 8). 

RMSF analysis 
The RMSF is useful for observing local changes in a protein be-
cause it allows you to calculate the average change seen over a large 
number of atoms, which allows you to estimate the displacement 
of a single atom in comparison to the reference structure [43]. 
This is a numerical computation similar to RMSD that may be 
used to characterize a protein and determine the flexibility and 
fluctuation of the residues during simulation. The RMSF for resi-
due i has been calculated from the following Eq. (3).  

(3)

<(ri'(t) – ri (tref))2 >RMSFi = ∑1
T

T
t=1

where T is the overall trajectory time, ri'(t) is the residue loca-
tion, tref is the reference time, r' is the location of atoms in residue i 
after aligned on the reference, and the angle brackets (< >) are the 
average of the square distance. 

The significant peaks of variations for CID: 10134 were discov-
ered among 30 to 650 residues maximum, with a fluctuation of 
6.3Å, according to the RMSF graph (Fig. 9). The compound also 
showed a second round of maximum fluctuations with a range of 
about 5.8Å of apo protein. CID: 5280863 were discovered among 

Table 4. List of bonding interactions between four phytochemicals and the GHSC70 protein

Ligand ID Distance Category Types Binding site
CID: 14492795 2.25 Hydrogen bond Conventional hydrogen bond ASN454

3.64 Hydrophobic Pi-Alkyl VAL82
4.76 Hydrophobic Pi-Alkyl VAL82
3.95 Hydrophobic Pi-Alkyl HIS227
4.90 Hydrophobic Alkyl PHE150
5.45 Hydrophobic Alkyl LEU399

CID: 10134 2.8368 Hydrogen bond Conventional hydrogen bond THR13
4.83 Hydrophobic Pi-Alkyl ARG76
5.11 Hydrophobic Pi-Alkyl ARG76
4.32 Hydrophobic Alkyl ARG72
4.56 Hydrophobic Alkyl PHE150

CID: 11119228 2.15 Hydrogen bond Conventional hydrogen bond GLY437
5.05 Hydrophobic Pi-Alkyl ALA406
5.35 Hydrophobic Pi-Alkyl ALA406
5.47 Hydrophobic Alkyl LEU439

CID: 5280863 2.89 Hydrogen bond Conventional hydrogen bond THR226
3.12 Hydrogen bond Carbon hydrogen bond THR216
4.46 Hydrophobic Pi-Alkyl ARG72
5.16 Hydrophobic Pi-Alkyl VAL82
4.47 Electrostatic Pi-Cation ASP80
4.86 Hydrophobic Pi-Pi T-shaped PHE150
4.01 Electrostatic Pi-Anion ARG76

GHSC70, grouper heat shock cognate protein 70.
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30 to 650 residues maximum, with a fluctuation of 4.2Å. The re-
maining compounds were discovered to be quite stable, with varia-
tions of less than 3.8Å. Nevertheless, as compared to apo, the fluc-
tuations of the compound CID: 5280863 were always acceptable. 

Discussion 

Viral encephalopathy and retinopathy, also known as VNN, is a 
devastating disease that affects a variety of farmed and wild fish 
species, causing significant losses due to vacuolating lesions of the 

retina and central nervous system [44]. The virus's genome is 
made up of two single-stranded positive-sense RNA molecules 
that are bi-segmented [7]. This virus, which has been found in at 
least 120 cultured or wild marine and freshwater species, has al-
ready wreaked havoc on the aquaculture sector in recent decades, 
and we may expect it to worsen as a result of global warming [45]. 
There are currently no specific drugs or vaccines available to pre-
vent or treat infections caused by this deadly disease [45,46]. It has 
been discovered that the NNV utilizes GHSC70 to enter the host 
cell, and that inhibiting the virus's entry by targeting the protein 

Fig. 8. Root-mean-square deviation (RMSD) values retrieved from protein fit lig atoms of the complex structure, viz. CID: 10134 (sky blue), 
CID: 11119228 (orange), CID: 14492795 (gray), and CID: 5280863 (yellow), and grouper heat shock cognate protein 70 backbone or apo (deep 
blue) for a 50 ns simulation time.

Fig. 9. Root-mean-square fluctuation (RMSF) values retrieved from protein residues Cα atoms of the complex structure, viz. CID: 10134 (sky 
blue), CID: 11119228 (orange), CID: 14492795 (gray), and CID: 5280863 (yellow), and grouper heat shock cognate protein 70 backbone or 
apo (deep blue) for a 50 ns simulation time.
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which can lower the economic losses cause by the virus [47,48]. 
According to several studies, neem (Azadirachta indica) is the 

most beneficial traditional medicinal plant on the planet. From an-
tiquity, almost all components of the plant have medicinal charac-
teristics and have been utilized as traditional medicine or cures for 
a variety of diseases. It is now regarded as a valuable source of 
unique natural compounds for the creation of medications to treat 
a variety of illness [49-51]. Furthermore, phytochemicals found in 
plants may boost the innate immune system, have antibacterial 
properties, and are redox active molecules with antioxidant prop-
erties, all of which may aid in improving the fish's overall physio-
logical state. Many research have looked into the benefits of phyto-
chemicals in disease prevention [52]. 

CADD is one of most promising tool for selection of novel com-
pounds against a specific protein as its includes of different ad-
vance features and techniques [53]. The CADD approaches has 
minimized the required time and costs involved in entire drug dis-
covery process that make the virtual screening process includes 
molecular docking, molecular dynamic simulation, and ADMET 
etc. as integral parts of drug designing [42]. 

The 3D structure prediction, the identified models were refined 
and selected the best model (based on the lowest energy score). In 
the validation test of 3D structure, we found a good number of 
Z-score (–11.24) and the superior features of most favored, ac-
cepted, and disallowed regions for the Ramachandran plot. 

In this study, we identified potential drugs by molecular docking 
and other process. Initially, molecular docking process has used to 
screen the compounds, where the top 4 compounds has been se-
lected with the highest binding affinities of –9.7 to –9.0 kcal/mol 
have been chosen for further validation. The RO5 demonstrated 
the drug like properties of the for the selected compounds [54,55]. 
All the four compounds were found to follow the five Lipinski’s 
rules of drug likeness properties. The compound with good 
ADME properties has been further evaluated through the toxicity 
properties to measure the harmful effect on humans or animals 
[56]. Analysis of toxicity found no or less toxicity of the selected 
four compounds. 

The compounds were investigated and optimized by a compu-
tational DFT based QM simulation. We retrieved and re-docked 
the geometry optimized by DFT with the desired protein, and the 
docking energy was significantly above >9.00 kcal/mol. To deter-
mine the reactivity of the compounds, the HOMO-LUMO ener-
gy gap was calculated using a FMO model. The HOMO-LUMO 
gap energy found for all the four compounds were high >3.50 eV 
which confirms the low reactivity correspondence to the bioactivi-
ty of the compound. 

Molecular dynamics simulation is used to confirm the stability 
of a protein in complex with ligands [42,56]. Also, it can deter-
mine the stability and rigidity of protein-ligand complexes at a spe-
cific artificial environment like body [42]. The RMSD values of 
the complex systems indicate the best stability of the compounds 
and RMSF values measures mean fluctuation that determine the 
compactness of the protein-ligand complex [57]. Therefore, in this 
study after the molecular dynamic simulation all the four com-
pound PubChem CID: 14492795, 10134, 5280863, and 
11119228 showed stabilities against the GHSC70 protein. So, we 
can conclude that these compounds can be a potential inhibitor 
against the NNV in fish. 

To the best of our knowledge, this study offers the first compres-
sive in-silico approaches to identify potential natural antiviral drug 
candidates against NNV to target GHSC70 protein. An integrative 
molecular modelling, virtual screening, molecular docking, AD-
MET, and MDS approaches revealed CID: 11119228 and CID: 
14492795 as potential drug candidates that will help to inhibit the 
activity of the GHSC70 protein of the virus. Further evaluation 
through different lab-based experiment techniques can help to de-
termine the activity of the compound that will provide alternatives 
for NNV immunotherapy. 
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Introduction 

A multilevel model has gained popularity as a practical and essential analysis tool in vari-
ous fields such as epidemiological research, public health research, and social or educa-
tional research [1-6]. A specific study design involving multiple levels or nested structures 
results in a hierarchical structure and accompanies the application of multilevel modeling 
[1]. Multilevel data are often obtained as an incomplete dataset with missing components 
at any level of the data hierarchy. For example, in practice, a nesting of some hospitals and 
practices, which are also nested within larger health systems, can be ignored or unob-
served in the health care study [7]. 

In practice, researchers in the field ignore a hierarchy within the data and prefer an or-
dinary least square regression model (OLS) that treats all observations as if they are mea-
sured at the same level [8-12]. Alternatively, a two-level model is also commonly adopted 
by ignoring missing intermediate levels and accounting for only the top and bottom levels 
of hierarchy in multilevel data. However, the misleading hierarchy by ignoring intermedi-
ate or top levels may potentially impact the parameter estimation in multilevel analysis 
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and has gained attention among researchers in recent research [13-
17]. 

To handle the missing issues, several studies proposed imputa-
tion methods to fill in the missing and create a complete dataset 
[15-17]. However, imputation methods add more uncertainty to 
the parameter estimations and especially increase the complexity 
when the imputation is intertwined with the hierarchical structure 
of the data [15-18]. In particular, it is difficult to handle the miss-
ing when a cluster is entirely missing or the cluster size is very 
small, and especially the missing values are in the explanatory vari-
ables. Alternatively, a single imputation can be considered. It is be-
cause it handles the practical issues in multilevel imputation, is 
simple to adapt, and preserves the design hierarchy of the multilev-
el data. In this study, we consider a multilevel linear mixed effect 
model (LMM) with a single imputation that was introduced in 
Sanders’ study [19] for handling missing intermediate or top clus-
ters in multilevel data. An LMM has been widely accepted to mod-
el the hierarchical structure in multilevel data and can account for 
the correlation among units nested within clusters. The method 
uses a single imputation that replaces the missing clusters by its 
nesting lower-level unit’s measurements and considers as if each of 
the nesting lower-level unit’s measurements is a single observation 
for missing clusters. As a result, a missing intermediate-level cluster 
is filled in containing only a singleton, resulting in a complete data-
set [19]. However, to our best knowledge, no previous studies 
have examined and investigated the performance of an LMM with 
a single imputation and directly compared it with other models 
that ignore missing levels of nesting. 

This study aims to evaluate the performance of a model consid-
ering all hierarchies, such as an LMM with single imputation, in 
three-level data and demonstrate that it outperforms other models 
that do not match the hierarchy of multilevel data. To do so, we 
compare three models in three-level hierarchical data with missing 
intermediate-level clusters. The first model is an OLS regression 
model, which is a single-level model ignoring any hierarchy in the 
data and treats all observations measured at the same level. Sec-
ondly, we consider a two-level LMM considering only level-1 and 
level-3 and discarding missing intermediate levels. The third mod-
el is a three-level LMM with a single imputation that involves all 
levels of the data hierarchy, so we can assume that the multilevel 
model matches the design hierarchy in the data by filling in a miss-
ing level-2 unit. 

In this study, we apply and compare the three models to the 
Childhood to Adolescence Transition Study (CATS), a motivating 
case study of this work, in a three-level structure: school (level-3 
unit), individual (level-2 unit), and repeated measures observed 

per individual (level-1 unit) with missing level-2 and level-3 units 
[20,21]. We also conduct a thorough simulation study by compar-
ing the three models to examine the impact of ignorance of miss-
ing intermediate level on parameter estimation of three-level data 
analysis when the missing rate and the cluster sizes of level-2 and 
level-3 clusters vary. 

Methods 

Three-level linear mixed effect model 
In the context of multilevel data analysis, a LMM is considered as 
an analysis model that accounts for correlation due to the hierar-
chical structure of the data. To establish background information 
on the analysis model for hierarchical structure data, especially for 
a three-level data structure, we develop a general notation and in-
troduce a brief overview of a three-level model.  

Let i be the index of the level-3 unit with size L (i=1, …, L), j be 
the index of the level-2 unit with size Mi (j=1, …, Mi), and k be the 
index of the level-1 unit with size Nij (k=1, …, Nij). We consider a 
three-level model, where a level-1 unit is nested within a level-2 
unit that is also nested within a level-3 unit. Let yijk be the response 
variable for level-1 unit k in the level-2 unit j and level-3 unit i, xijk 
be the associated covariate variable observed at level-1, xij be the 
associated covariate variable at level-2, and xi be the associated co-
variate at level-3. Then a general three-level linear mixed effect 
model is:  

(1)
yijk = β0ij+β1ijxijk+eijk  

β0ij = α0i+α01xij+vij  

β1ij = α1i+α11xij+vʹij  
α0i = γ00+γ01xi+ui  

α1i = γ10+γ11xi+uʹi ,

where eijk~N(0, σe
2) are residuals at level-1 that are independent and 

identically distributed (iid) and capture within-cluster residual 
variations, vij=(vij,v′ij) are iid random effects at level-2 and captures 
between-cluster intercept differences at level-2, ui=(ui,u′i) are iid 
random effects at level-3 and captures between-cluster intercept 
differences at level-3. 

In this study, we assume that only the regression intercept varies 
across clusters and hence restrict our attention to a three-level ran-
dom effect model with a random intercept for each level. It is the 
simplest type of linear mixed model for multilevel study, although 
we note that an extended model including random slope can be 
considered. We revisit this in the discussion. Considering a ran-
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dom effect model with random intercepts only, α11=v′ij=γ11=u′i=0. 
Therefore, the model in Eq. (1) can be rewritten as 

(2) 
yijk=  0+ 1xi+ 2xij+ 3xijk+ui+vij+eijk ,

where β0(=γ00) is the intercept, and β1(=γ01),β2(=α01), and β3(=γ10) 
are the slope coefficients for the fixed effects at level-3, level-2, and 
level-1, respectively. Considering random intercepts only in the 
model, we assume that level-3 and level-2 residuals, ui and vij, re-
spectively, are multivariate normal with zero means and variances 
of σu

2 and σv
2, respectively, and the within-cluster residuals are nor-

mally distributed with mean zero and constant variance σe
2:  

ui~N(0, σu
2), vij~N(0, σv

2), eijk~N(0, σe
2) .

 

The covariance structure of the response vector y=(y111, y112, …, yL, 
ML, NLM) is a block-diagonal covariance matrix given by 

with an ith block-diagonal matrix of Gi=σe
2I(ni)+ σv

2J(ni), where I(ni is 
an ni×ni identity matrix, J(ni) is an ni×ni matrix of 1s, and and 
ni=Mi×NiMi is a size of a block-diagonal matrix associates with ith 
level-3 cluster. The off-diagonal elements are zero. 

Analysis of incomplete multilevel data using single 
imputation 
To handle the missing level-2 units in a three-level hierarchical 
data, we adopt a single imputation method introduced in Sanders’ 
study [19] that replaces the missing clusters by its nesting low-
er-level unit’s measurements and considers the imputed level-2 
unit as a cluster containing a single observation. Specifically, it con-
structs imaginary level-2 clusters for level-1 measurements whose 
level-2 clusters were missing entirely. As a result, the single imputa-
tion method adds level-2 clusters as many as the number of level-1 
units directly under the missing level-2 clusters. By applying the 
method, we can have a complete three-level dataset without any 
missing clusters at level-2 units, allowing us to apply a three-level 
model. The single imputation method allows us to preserve a hier-
archical data structure in multilevel data analysis. 

The motivating case study CATS has a three-level structure with 
the components of school, individual, and its repeated measures 
per individual, and some measurements at the individual level 
(level-2; academic numeracy score at baseline) were partially not 

observed and recorded as missing in the dataset. There were 
22.4% missing academic numeracy scores at baseline at level-2, 
and they were filled in by single imputation that impute a corre-
sponding academic numeracy score measured at level-1 to handle 
the components with missingness. In other words, we treated each 
level-1 unit within a missing level-2 unit is nested in a level-2 unit 
that only contains the level-1 unit itself [19]. 

Childhood to Adolescence Transition Study 
Motivated by the case study of CATS, we focus on an analysis of 
the simulated data mimicking the CATS data [21]. The CATS is a 
longitudinal cohort study collected through multiple waves, and it 
collects mental health to investigate the effect of early depressive 
symptoms on academic outcomes in children from puberty 
through adolescence. More details about the data collection and 
study protocol can be found in Mundy et al. [20]. 

The simulated data mimicking the CATS have a three-level hier-
archical structure. Individuals are nested within schools, and re-
peated measures within individuals were collected. The data con-
sist of demographic, educational, and social outcomes as well as 
mental health outcomes for the CATS study: depressive symp-
toms, National Assessment Programme – Literacy and Numeracy 
results (NAPLAN) academic numeracy score, socio-economic 
status, age, and sex are collected for the study [21]. 

The NAPLAN numeracy score is an outcome of interest and is 
observed at level 2 at wave 1 (potential baseline) and at level 1 in 
the following waves with missing cases. As we are interested in a 
case where missingness happens at level-2 only, we discard cases 
where the NAPLAN numeracy score has missingness at level-1, 
and the size of data that we used is N = 2,592. The data are unbal-
anced as the size of level-2 differs, and the number of level-1 units 
within a level-2 unit varies across individual. The dataset has 163 
schools; 54 of 163 schools have a single individual with a single 
measurement per individual, and the other 109 schools have multi-
ple individuals with a different number of repeated measures. There 
were 1,142 individuals in the data, and 256 of 1,142 (22.4%) NA-
PLAN numeracy scores at the individual level are missing. 

Simulation data 
We conducted a simulation study to evaluate the performance of a 
three-level LMM with single imputation. In the simulation, we 
considered complete three-level data sets and incomplete data 
with various missing rates of level-2 clusters (Table 1) and com-
pared the performance of the three-level LMM with single impu-
tation with those of a single-level model and 2-level LMM. 

We generated complete data sets without missing subjected to 

G1+ +σu
2J(n1) 

GL+ +σu
2J(nL) 

Cov(y) = 
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the model in Eq. (2), where we assumed the fixed coefficients of β0 
= 0.5, β1 = β2 = β3 = 0.3, the random effects at level-2 and level-3 of 
ui~N(0, σu

2) and vij~N(0, σv
2) with σu

⬚ = 1.4 and σv
⬚ = 1, respectively, 

and eijk~N(0, σe
2) with σe

⬚ = 1.4 for i = 1, …, L, j=0, 1, …, M⬚ and k 
= 1,…, Nij. We considered various cluster sizes at each level (Table 
1). The number of level-3 clusters varied as L=30,50, and 100. For 
each level-3 cluster, we assumed M=10,30 clusters. The number of 
level-1 clusters within each level-2 cluster was randomly deter-
mined as Nij~Unif [15,40]. For all cases, the covariates were gener-
ated as xi~N(0,1), xij~exp(1)+1, and xijk~N(1,1.22). Intraclass cor-
relations were set to 0.398 and 0.602 for level-3 and level-2, respec-
tively. For each case, we generated 500 replicates. 

To evaluate the performance of the three-level LMM in the pres-
ence of missingness at the level-2 units, we generated missingness 
from each of the complete 3-level data sets (Table 1). We set the 
complete data to be missing in M level-2 clusters and its related 
variables such as xij. The missing data rate in level-2 clusters was set 
to 10, 25, 50, and 75% of M level-2 clusters. 

Results 

Childhood to Adolescence Transition Study 
We use three analysis models to determine the effect of ignorance 
of hidden levels in the hierarchically structured CATS data: (1) a 
single-level model (ordinary least square regression) that com-
pletely ignores the structure of the hierarchy and treats the data 
collected at level-1 only (M1), (2) a two-level LMM with a ran-
dom effect for school (level-3) only and ignoring an individual 
(level-2) random effect (M2), and (3) a three-level LMM with 
single imputation considering all levels of hierarchy in the CATS 
study units (M3). The LMMs we fit for M2 and M3 only have 
random intercepts, and random slopes are not considered in the 
data analysis. Tables 2 and 3 report estimates of the fixed and ran-

dom effects, respectively, across the three models.  
Table 2 presents estimated coefficients of fixed effects in each 

model, and Table 3 presents the estimated variance components of 
random effects and residuals. Note that M2 has one random effect 
at school and M3 has two random effects at school and individual. 

Based on a significance level of 5%, depressive symptoms ap-
peared to be significantly meaningful in supporting the effect of 
mental health on academic outcomes in children from puberty 
through adolescence across the three models (p < 0.001). Age and 
NAPLAN numeracy scores observed at baseline were meaningful 
covariates for explaining the relationship with academic outcome 
in addition to the mental health outcome. That is, when children 
are young, have fewer depressive symptoms, and higher NAPLAN 
numeracy scores at baseline, academic outcomes are likely to be 
higher. Noticeably, the estimated coefficients of the important co-
variates do not differ much across the three analysis models. 

Table 3 presents the estimated variance components of random 
effects and residuals in the multilevel data across the three analy-
sis models with different hierarchy levels. The estimated residual 
variance quantifies the variation within repeated measures and 
decreases when random effects are included in the analysis model 
(M2 and M3). The estimated variance components of the ran-
dom effects explain variations across schools and individuals that 
were not explained by M1, and the sum of the estimated variance 
components in M3 is larger than in M2. This implies that M3 
captures more unexplained variation in the hierarchical structure 
data, especially the variation among individuals, which cannot be 
ignorable. Hence, the analysis without accounting for the variance 
among the unobserved level of nesting units in data analysis re-
sulted in a larger estimation of the residual variance as shown in 
Table 3. It might lead to an inaccurate estimation of the total vari-
ation in the multilevel data. 

Table 1. Simulation schemes to generate complete 3-level data and incomplete data with missing in level-2 units

Complete 3-level data sets
Given level-3 cluster size L (=30, 50, 100) and level-2 cluster size M (=10, 30),
Generate level-1 cluster size Nij~Unif [15,40].
Given Nij, generate a data set (yijk,xi,xij,xijk) from the model in Eq. (2).

Incomplete 3-level data sets with missing in the level-2 units
Given each complete data set and missing rate p (=10, 25, 50, 75%).
Randomly select and discard ×  pxij’s from the complete data set.
Then an incomplete data set consists of M ×  p observations of (yijk,xi,xijk) and M ×  (1−p) observations of (yijk,xi,xij,xijk).

We note that complete 3-level data sets can be considered as the case of a 0% missing rate. In total, we considered 30 simulation scenarios (three level-3 
cluster sizes × two level-2 cluster sizes × five missing rates with a range of 0%, 10%, 25%, 50%, and 75%).
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Simulation data 
Considering 30 scenarios (Table 1), we applied a single-level mod-
el (M1) and 2-level LMM (M2) and 3-level LMM with single im-
putation (M3). M1 and M2 estimate four fixed coefficients, and 
the standard deviation σe

2 of the error term but does not estimate 
some of the variances of the random effects, while M3 estimates all 
parameters described in Eq. (2). Since M1 ignores the hierarchical 
structure of the data, it does not contain the random effect terms of 
ui and vij. M2 considers level-1 and level-3 clusters by assuming that 
level-1 units are directly connected to level-3 clusters. Therefore, 
M2 does not include the random effect term of vij. In summary, M3 
only estimates σv

2, and M2 and M3 models estimates σu
2. The esti-

mates of all fixed parameters were compared to the true values of 
the parameters used to simulate the data. In particular, we calculat-
ed the mean squared error (MSE) across 500 replications, and the 
coverage probability was estimated by the proportion of replica-
tions with 95% confidence intervals containing the true value. 

We expected that M3 performed well in the presence of unob-
served level-2 clusters, whereas M2 would poorly estimate the co-
efficient β2 of the level-2 associated covariate with missing clusters 
since M2 ignored the level-2 clusters and partially incorporated 
the date structure of level-1 and level-3 clusters. Since the M1 did 

not consider the hierarchical data structure, we expected that it 
poorly estimated β1 and β2. 

In general, the M3 performed well and better estimated the fixed 
coefficients in Eq. (2) than the M1 and M2 models. As expected, 
in particular, we observed that the M1 and M2 models poorly esti-
mated the coefficient β2 of the level-2 associated covariate with 
missing clusters. Figs. 1 and 2 show the MSEs and the coverage 
probabilities for β2, respectively, and compared those values by the 
three models. The MSEs by the M3 ranged from 0.00039 to 
0.00557, while those by the M1 and M2 were 0.0011–0.0639 and 
0.0004–0.037, respectively (Fig. 1). The coverage probabilities for 
β2 by the M3 were approximately 0.814–0.964 (Fig. 2). The M1 
and M2 models did poorly estimate β2 and their coverage proba-
bilities low as 0.27–0.406 and 0.392–0.498, respectively (Fig. 2). 
The MSEs for β2 seemed to increase with the missing rate (Fig. 1); 
however, the coverage probabilities did not change as the missing 
rate increased.  

We observed MSEs for β0, β1, and β3 similar to Fig. 1. The differ-
ences in MSEs among the three models were small, but M3 per-
formed the best overall. Moreover, MSEs tended to increase with 
missing rates. Similar to Fig. 2, the coverage probabilities for β0 and 
β1 were around 0.95 from the M3, while we observed small cover-
age probabilities from M1 (e.g., 0.06–0.302 for β1) and compara-
ble coverage probabilities from M2 (e.g., 0.926–0.96 for β1). The 
three models yielded similar coverage probabilities for β3. 

The three models contain different variance components. M3 
can estimate the three standard deviations, σu

⬚, σv
⬚ and σe

⬚. However, 
M2 does not estimate the variance σv

2 among level-2 clusters, and 
M1 can estimate the variance σe

2 among individuals but not σu
⬚ 

and σv
⬚. We expected that the M1 and M2 models could overesti-

mate variance components by failing to explain the 3-level data 
structure. 

Table 2. Estimates of coefficients for CATS data inferred by the three models: single-level model (M1), two-level LMM (M2), and three-level 
LMM (M3)

M1 M2 M3
Coef SE p-value Coef SE p-value Coef SE p-value

(Intercept) 2.789 0.225 <0.001 2.744 0.212 <0.001 2.748 0.234 <0.001
Depressive symptoma −0.043 0.013 <0.001 −0.047 0.012 <0.001 −0.048 0.010 <0.001

Agea −0.173 0.023 <0.001 −0.172 0.022 <0.001 −0.173 0.025 <0.001
Sexa 0.037 0.041 0.371 0.018 0.038 0.633 0.021 0.044 0.901
SESa 0.019 0.021 0.360 0.011 0.019 0.579 0.006 0.022 0.764

NAPLAN at baselineb 0.677 0.021 <0.001 0.675 0.019 <0.001 0.676 0.021 <0.001

CATS, Childhood to Adolescence Transition Study; SE, standard error; SES, socio-economic status; NAPLAN, National Assessment Programme – Literacy and 
Numeracy results.
aCovariate at level-1.
bCovariate at level-2.

Table 3. Estimated variance components of random effects and 
residuals for CATS data inferred by the three models: single-level 
model (M1), two-level LMM (M2), and three-level LMM (M3)

Variance component M1 M2 M3
Level 3: school - 0.216 0.137
Level 2: individual - - 0.325
Residual 1.002 0.786 0.426

CATS, Childhood to Adolescence Transition Study; LMM, linear mixed 
effect model.
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Fig. 1. The MSEs for β2, the coefficient of the level-2 associated covariate, when estimated by the single-level model (···), 2-level LMM (---), 
or 3-level LMM (–). For each plot of L (=30, 50, 100) level-3 clusters and M (=10, 30) level-2 clusters, each point represents the MSE across 
500 simulated data sets over a range of missing rates in level-2 clusters. MSE, mean squared error; LMM, linear mixed effect model.
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Figs. 3 and 4 show that the MSEs and coverage probabilities for 
σv
⬚ from M3 worsened as the missing rate increased for each case of 

L and M values. At the same missing rate, the larger value of M, the 
better the coverage. However, more level-3 clusters did not im-
prove MSE and coverage probability. This is because each level-3 
cluster contains unobserved level-2 clusters, and hence the num-
ber of unobserved level-2 clusters increases as L increases. 

We observed that the estimates for σu
⬚ and σe

⬚ from M1 were unbi-
ased with small MSEs and their coverage probabilities were close 
to the nominal level of 95% (0.918–0.96 for σu

⬚; 0.936–0.974 for 
σe

⬚). However, the coverage probabilities of M1 and M2 models 
were very low (e.g., 0–0.344 for σu

⬚ and 0–0.006 for σe
⬚ from the 

2-level model), and σu
⬚ and σe were overestimated by M1 and M2 

models (see Fig. 5 for the average estimates for σe). 

Discussion 

In this study, we investigated the effect of missing intermediate lev-
el of the hierarchical structure data with varying missing rates, as 
well as the consequence of ignorance of the level of nesting on the 
parameter estimation of multilevel analysis. Since missing level-2 
units are imputed by the nested level-1 unit’s measurement, the in-
termediate-level unit has a single observation per unit, and the data 
can be considered sparse. We compared three models with differ-
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Fig. 2. The coverage probability for β2, the coefficient of the 2-level associated covariate, when estimated by the single-level model 
(···), 2-level LMM (---), or 3-level LMM (–). For each plot of L (=30, 50, 100) level-3 clusters and M (=10, 30) level-2 clusters, each point 
represents the coverage probability across 500 simulated data sets over a range of missing rates in level-2 clusters. LMM, linear mixed effect 
model.
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Fig. 3. The MSEs for σv from the 3-level LMM (M3) when the level-3 cluster size changes as L = 30 (···), L = 50 (---), or L = 100 (–). For each 
case of M = 10 or 30 level-2 cluster sizes, 500 datasets were simulated over a range of missing rates in level-2 clusters. MSE, mean squared 
error; LMM, linear mixed effect model.

Fig. 4. The coverage probability for σv from the 3-level LMM (M3) when the level-3 cluster size changes as L = 30 (···), L = 50 (---), or L = 
100 (–). For each case of M = 10 or 30 level-2 cluster sizes, 500 datasets were simulated over a range of missing rates in level-2 clusters. 
LMM, linear mixed effect model.
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ent levels of hierarchy across varying missing rates at the interme-
diate-level and various cluster sizes in the top- and intermedi-
ate-level clusters. We observed that the three-level LMM with sin-
gle imputation showed a better performance compared to the oth-
er two models, which ignore higher levels of nesting in terms of 
MSE and coverage. Moreover, lower-level variance components 
were overestimated, indicating that variance components are af-

fected by ignorance of the intermediate level. 
We considered a random effect model for the 2-level and 3-level 

linear mixed effect models in the simulation study and data appli-
cation for brevity, and it can be expanded to consider a random 
slope model and/or interaction terms. However, it requires cau-
tion to generalize the model analysis to be more complex because 
we have a large number of intermediate-level clusters with a single 
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Fig. 5. The average estimates for σe when estimated by the single-level model (···), 2-level LMM (---), or 3-level LMM (–). For each plot of 
L (=30, 50, 100) level-3 clusters and M (=10, 30) level-2 clusters, each point represents the mean of estimates across 500 replicates, and 
vertical lines indicate the standard errors. The true value σe is 1.4. LMM, linear mixed effect model.
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observation, and such sparse clusters might lead to biased esti-
mates in random slope estimation [22]. Also, we have incomplete 
variables for intermediate-level units. An imputation requires care-
ful caution when incomplete explanatory variables with a random 
slope and/or interaction terms exist in the model because they 
might lead to invalid estimates [10]. 

Furthermore, we used a three-level LMM with single imputa-
tion that replaces the missing by the nesting lower-level unit’s mea-
surements and considering that a single observation is measured 
per intermediate-level unit. As a future study, other imputation 
methods for multilevel data can be considered and compared their 
performances with an approach studied in this work. In practice, it 
is common that level-1 and level-2 units are both missing, and in 
such case, the imputation method, such as a multiple imputation 
handling multiple level’s missingness, should be considered. 
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Introduction 

Coronaviruses, first identified in the mid-1960s, are a group of RNA viruses that causes 
respiratory illness in mammals and birds; these constitute the subfamily Orthocoronaviri-
nae in the family Coronaviridae [1,2]. They have club-shaped spikes projecting from their 
surface, so the name has been derived from the Latin word "Corona", meaning crown. 
The term was first coined by June Almeida and David Tyrrell, who first observed and 
studied human coronaviruses. Coronavirus was accepted as a genus name in 1971 [3]. As 
the number of new species increased, the genus was split into four genera: Alphacorona-
virus, Betacoronavirus, Deltacoronavirus, and Gammacoronavirus. The seven commonly 
found coronaviruses, where the host is Homo sapiens are: 229E (alpha coronavirus), 
NL63 (alpha coronavirus), OC43 (beta coronavirus), and HKU1 (beta coronavirus); 
the rest uncommon viruses found are MERS-CoV (Middle East respiratory syndrome 
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Microsatellites or simple sequence repeats are motifs of 1 to 6 nucleotides in length pres-
ent in both coding and non-coding regions of DNA. These are found widely distributed in 
the whole genome of prokaryotes, eukaryotes, bacteria, and viruses and are used as molec-
ular markers in studying DNA variations, gene regulation, genetic diversity and evolution-
ary studies, etc. However, in vitro microsatellite identification proves to be time-consuming 
and expensive. Therefore, the present research has been focused on using an in-house built 
java pipeline to identify, analyse, design primers and find related statistics of perfect and 
compound microsatellites in the seven complete genome sequences of coronavirus, includ-
ing the genome of coronavirus disease 2019, where the host is Homo sapiens. Based on 
search criteria among seven genomic sequences, it was revealed that the total number of 
perfect simple sequence repeats (SSRs) found to be in the range of 76 to 118 and com-
pound SSRs from 01 to10, thus reflecting the low conversion of perfect simple sequence to 
compound repeats. Furthermore, the incidence of SSRs was insignificant but positively cor-
related with genome size (R2 = 0.45, p > 0.05), with simple sequence repeats relative abun-
dance (R2 = 0.18, p > 0.05) and relative density (R2 = 0.23, p > 0.05). Dinucleotide repeats 
were the most abundant in the coding region of the genome, followed by tri, mono, and 
tetra. This comparative study would help us understand the evolutionary relationship, ge-
netic diversity, and hypervariability in minimal time and cost. 

Keywords: compound simple sequence repeats, human coronavirus, MISA, perfect simple 
sequence repeats, primer design, relative abundance, relative density  
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coronavirus; the beta coronavirus that caused Middle East respira-
tory syndrome or MERS), SARS-CoV (severe acute respiratory 
syndrome coronavirus; the beta coronavirus that caused severe 
acute respiratory syndrome or SARS), and SARS-CoV-2 (severe 
acute respiratory syndrome coronavirus 2; the novel coronavirus 
that causes coronavirus disease 2019 or coronavirus disease 2019 
[COVID-19]). People commonly get infected with human coro-
naviruses 229E, NL63, OC43, and HKU1. Although significant 
genetic diversity of coronaviruses was detected from Shenzhen in 
Mainland China and Hong Kong ports, all the strains had a high 
homology compared with the published strains; several novel mu-
tations, including nucleotides substitution and the insertion of the 
spike of the glycoprotein on the viral surface, were discovered [4]. 
Sometimes coronaviruses that infect animals can evolve and make 
people sick and become a new human coronavirus. Three recent 
examples of these are SARS-CoV-2, SARS-CoV, and MERS-CoV. 
SARS-CoV-2 is a strain of coronavirus that causes COVID-19 and 
is responsible for respiratory illness in human beings; this was first 
identified in Wuhan city of, China, in January 2020 (NCBI Gen-
Bank No. MN908947.3). Coronavirus contains a positive-sense, 
single-stranded RNA genome; their genome size ranges from ap-
proximately 26 to 32 kb. The treatment of coronavirus is symp-
tomatic; the transmission can be reduced by practising hygienic 
measures and getting the vaccination. Currently, three major ap-
proaches are being followed for designing vaccines: the whole mi-
crobe approach, the subunit approach, and the genetic approach. 
The mRNA and viral vector vaccines were rapidly developed using 
the genetic and whole microbe approaches. Also, at least nine dif-
ferent technology platforms are under research and development 
to design an effective vaccine against COVID-19. 

The viral genome research will contribute to understanding and 
solving numerous problems, including their origin, evolution, in-
fection mechanism, disease treatment, etc. [5]. The origin and 
evolution of viruses can be better understood by investigating 
them at the molecular level [6-9]. Accumulation of transposable 
elements [10,11] and tandem repeats [12] are considered for 
changes in genome size. Ninety-two genome sequences of severe 
acute respiratory syndrome coronavirus 2 have been uncovered 
with the SARS-CoV-2 reference genome (NC_045512.2) [13]. 
The hypervariability and the hotspots of mutations in coronavirus 
genome sequences can be discovered by studying simple sequence 
repeats (SSRs). 

"Microsatellites" or SSRs [14] are short tandem repeats (motifs) 
of lengths 1–6 nucleotides [15] and are found in the genomes of 
both prokaryotes and eukaryotes [16]. SSRs can be categorized as 
perfect [without interruptions, or we can say a continuous repeat 

of a single motif; (AGA) 15], imperfect [with interruptions by 
non-repeat nucleotide or with a base pair disruption between re-
peats; (AGA) 7 A (AGA) 8] and compound [two or more SSRs are 
found adjacent to one another; (GTG) 8 (AT) 16] [17], also known 
as compound simple sequence repeats (cSSR). For a microsatellite 
to be categorized as a compound, the maximum permissible dis-
tance between two adjacent microsatellites is known as dMAX 
[18]. The dMAX value can be set only from 0 to 50 for IMEx [19]. 
These are present in the genome's coding and non-coding regions 
[20,21]. The SSRs found in the coding region affect gene activa-
tion, resulting in protein expression and lesser polymorphism in 
the coding part [22]. SSRs present in the non-coding area affects 
gene regulation [23]. These repeats may be generated due to the 
slippage mechanism during replication [24]. These microsatellites 
promote the development of markers widely used by researchers 
in DNA-based genetic analyses for the past 25 years, which show 
locus specificity, high reproducibility, co-dominance inheritance 
and hypervariability [25]. The flanking sequences of SSRs help 
select polymerase chain reaction primers that amplify the repeat 
sequence [26]. SSRs are essential in studying genetic variation, 
gene tagging, linkage mapping [27-29], and evolutionary studies 
[30]. Many researchers have reported the involvement of SSRs in 
transcription, translation, regulation of promoters [31,32] and cer-
tain neurodegenerative diseases [33]. 

Due to the importance of microsatellite applications in genomic 
research, various studies have been made to identify and character-
ise them in the laboratory. However, developing microsatellite 
markers in vitro is intensive and time-consuming [34]. The increas-
ing availability of next-generation sequencing tools and genome se-
quences of various organisms in biological databases are providing 
a simple, fast and inexpensive way for in silico mining of SSRs [35]. 

In the present study, seven complete genome sequences of hu-
man coronavirus were mined and analyzed for perfect and com-
pound SSRs occurrence and abundance by an in-house Java pipe-
line. Similar strains with sequence identity above 99.97% from dif-
ferent regions indicative of very recent emergence were not con-
sidered.  

Because of the pandemic outbreak and loss to human health and 
the economy, it is essential to explore the virus genome to study 
and analyze the SSRs pattern to help establish an evolutionary re-
lationship, genetic diversity, and genetic similarity/dissimilarity. 
Furthermore, analysis of perfect repeats would also help study the 
polymorphic nature and suitability for marker developments by 
using computing methods in less time and at no cost within the 
two genera Alphacoronvirus and Betacoronavirus. 
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Methods 

Input files 
Complete genome sequences in Genbank and FASTA format were 
downloaded from NCBI GenBank (https://www.ncbi.nlm.nih.
gov/genbank/) with accession numbers (human coronavirus 
229E: NC_002645.1, human coronavirus NL63: NC_005831.2, 
human coronavirus OC43: NC_006213.1, human coronavirus 
HKU1: NC_006577.2, SARS coronavirus: NC_004718.3, MERS-
CoV/THA/CU/17_06_2015: KT225476.2, and severe_acute_
respiratory_syndrome_coronavirus_2_isolate_Wuhan-Hu-1: 
NC_045512.2). 

The technology used for identification and analysis 
Batch processing of Input files was performed through the in-
house standalone tool with an interactive, user-friendly graphical 
user interface designed using Java Net Beans IDE 8.0.2; it is a ro-
bust and platform-independent technology. Strawberry Perl ver-
sion 5.20.1.1 was used for the implementation of the Perl script. 
Misa.ini, a configuration file, was used to set the number of inter-
ruptions and repeat size. In this study, parameters for repeat num-
bers were set as 6, 3, 3, 3, 3, and 3 for mono to hexanucleotides re-

peats, respectively, with zero interruptions.Misa.pl [36], a Perl 
script that was used for mining perfect SSR and cSSR. The algo-
rithm has been written using Java programming language that per-
forms a call to misa.ini, misa.pl and Primer3 software [37] with 
default parameters (Fig. 1). The flanking regions of 200 nucleo-
tides were fetched in the pipeline to design batch primers for the 
identified microsatellites. Outputs written in tab-delimited text 
files were imported into MS Excel 2007 for further downstream 
analysis. The workflow implemented via pipeline is demonstrated 
in Fig. 2. 

Compound microsatellites extraction was performed with Im-
perfect Microsatellite Extractor (IMEx) software with the same 
number of repeat sizes as for perfect SSRs but with dMAX 10. 

Results 

Identification and distribution perfect SSR and cSSR in the 
genome sequences under study 
Six hundred sixty-two SSRs were identified within the genome se-
quences under study. Perfect repeats ranged from 76 (human 
coronavirus 229E) to 118 (human coronavirus HKU1). In the 
present study, cSSR were extracted with dMAX set at value 10, and 

Fig. 1. Graphical user interface showing resetting repeat numbers and saving them to the configuration file. Upload, FASTA files button 
allows uploading files. In addition, the option to upload a GenBank file is available for fetching other genomic features. Mine simple 
sequence repeats button displays the alert box showing batch submission and processing of FASTA and GenBank files for mining simple 
sequence repeats and designing primers by fetching flanking regions.
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cSSR extracted were found to be in the range from 01 (SARS and 
MERS coronavirus) to 10 (human coronavirus HKU1), thus re-
flecting the low conversion of SSRs to cSSR. Of the total SSRs 
identified, dinucleotide repeat motifs (51 to 73) were predomi-
nant, followed by trinucleotide repeat motifs (13 to 21), mononu-
cleotide repeat motifs (07 to 49) and only rare tetranucleotide re-
peat motifs were observed in SARS coronavirus (Fig. 3). Penta 
and hexanucleotide repeats were found missing. For the mono, di 
and trinucleotide repeat motifs, the frequency is as high as 99.99%. 
The most abundant mononucleotide motif was T and A, account-
ing for 100% of mononucleotide motif repeats. In dinucleotide re-
peats, the most frequent motif was TG and GT, followed by AT 
and TA. Later one is represented with the approximate distribu-
tion of 12%–15%, which is an established platform for SSRs muta-
bility . A high incidence of AT/TA may lead to an unstable genome 
sequence. Of the trinucleotide repeats, TGT/TTG was observed 
to be the most abundant. The presence of different repeat motifs 
revealed that the number of SSRs with shorter length was much 
higher than that with longer motifs (Fig. 3). 

Relative abundance and relative density of SSRs and cSSR 
Values of relative abundance and relative density allow parallel 
comparison of different size genome sequences. Relative abun-
dance is calculated by dividing the total number of SSRs by ki-

lobase pair (kb) sequences. Relative density is calculated by divid-
ing the total SSRs sequence by kb of sequences. Relative abun-
dance ranged from 2.78 in human coronavirus 229E to 3.94 in hu-
man coronavirus HKU1, while in cSSR, it was found maximum at 
0.33 in human coronavirus HKU1. Relative density was found to 
be in the range of 19.54 (human coronavirus 229E) to 26.23 (hu-
man coronavirus HKU1), and in cSSRs, it was lowest in MERS 
and highest in human coronavirus HKU1 (Table 1). 

Comparative distribution across coding and non-coding 
regions 
The distribution of SSRs motifs among coding/non-coding re-
gions in the human coronavirus genomes under study revealed a 
high incidence of 64.47% (human coronavirus 229E) to 72.0% 
(human coronavirus HKU1) of repeats within coding regions as 
compared to the non-coding areas. In addition, dinucleotide re-
peats in the coding region were predominantly followed by tri and 
mono (Fig. 4). Similarly, dinucleotides were also predominant in 
the non-coding areas, followed by tri and mono repeats (Supple-
mentary Fig. 1). 

Statistical analysis 
The correlation coefficient was tested between genome size/GC 
content to perfect SSRs number, relative abundance, relative den-

Fig. 2. Workflow demonstration of in-built Java pipeline using misa.pl Perl script and Primer3 software with customized parameters.

Data imported to MS excel via tab delimited text files for downstream analysis

Batch PCR Primers designed using Primer3

Parsed for coding, non coding and coding-non coding regions

FASTA Files

Motiff mined files Genbank files

Total filesChecked for validations

Mined for perfect and compound microsatellites using Perl script MISA

Fetched flanking region of 200 nucleotides upstream and downstream both from corresponding FASTA Files
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sity, cSSR number, cSSR relative abundance, cSSR relative density, 
and cSSR percentage. The incidence of SSRs was insignificant but 
positively correlated with genome size (R2 = 0.45, p > 0.05). Simi-
larly, SSRs relative abundance R2 = 0.18, p > 0.05, SSRs relative 
density R2 = 0.23, and p > 0.05 were found to be insignificant but 
positively correlated with genome size; these results are in line 
with the study performed in deciphering the SSRs incidences 
across viral members of Coronaviridae family [38]. The cSSR 
number (R2 = 0.008, p > 0.05), cSSR relative abundance (R2 = 
0.004, p > 0.05), cSSR relative density (R2 = 0.002, p > 0.05) and 

cSSR % (R2 = 0.004, p > 0.05) were found to be insignificant but 
positively correlated with genome size. Similarly, the Incidence of 
SSRs was found to be negatively correlated with GC content (R2 = 
0.35, p < 0.05), also SSR relative abundance (R2 = 0.59, p < 0.05) 
and SSR relative density (R2 = 0.60, p < 0.05) were negatively cor-
related. The cSSR number (R2 = 0.85, p < 0.05), cSSR relative 
abundance (R2 = 0.87, p < 0.05), cSSR relative density (R2 = 0.83, 
p < 0.05), and cSSR % (R2 = 0.90, p < 0.05) were negatively cor-
related to GC content. 

Fig. 3. The distribution of repeat types from mono to tetranucleotides in coronavirus genome sequences with accession number’s mentioned on 
the horizontal axis. SSR, simple sequence repeat.

Table 1. Genome-wide analysis results of perfect and compound simple sequence repeat from genome sequences under study, showing relative 
abundance and density variations

S. No. Name Accession No. Genome 
size (bp)

GC 
(%) SSR RA RD cSSR cRA cRD cSSR 

(%)
1 Human coronavirus 229E NC_002645.1 27,317 38.3 76 2.78 19.54 3 0.1 1.86 3.94

2 Human coronavirus NL63 NC_005831.2 27,553 34.5 89 3.23 21.99 4 0.14 2.35 4.49

3 Human coronavirus OC43 NC_006213.1 30,741 36.8 101 3.28 22.93 4 0.13 1.91 3.96
4 Human coronavirus HKU1 NC_006577.2 29,926 32.1 118 3.94 26.23 10 0.33 5.94 8.47
5 SARS coronavirus NC_004718.3 29,751 40.8 90 3.02 21.44 1 0.03 0.43 1.11
6 MERS-CoV/THA/CU/17_06_2015 KT225476.2 29,809 41.2 93 3.11 20.39 1 0.03 0.36 1.07
7 Severe_acute_respiratory_syndrome_

coronavirus_2_isolate_Wuhan-Hu-1
MN908947.3/

NC_045512.2
29,903 38 95 3.17 22.53 3 0.1 2.4 3.15

GC (%), guanine-cytosine percentage; SSR, simple sequence repeats; RA, relative abundance; RD, relative density; cSSR, compound simple sequence repeats; 
cRA, the relative abundance of compound simple sequence repeats; cRD, the relative density of compound simple sequence repeats; cSSR (%), percentage 
occurrence of compound simple sequence repeats.
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Primer design for perfect repeats 
Among all seven genomic sequences, primer pairs were designed 
by fetching 200 nucleotides flanking regions both up and down-
stream of a motif by using custom settings as SEQUENCE_TEM-
PLATE=200[motif]200,SEQUENCE_TARGET=201,12,PRIM-
ER_TASK= pick_detection_primers,PRIMER_PICK_LEFT_
PRIMER=1,PRIMER_PICK_INTERNAL_OLIGO=1,PRIMER_
PICK_RIGHT_PRIMER=1,P RIMER_OPT_SIZE=18,PRIMER_
MIN_SIZE=15,PRIMER_MAX_SIZE=21,PRIMER_MAX_NS_
ACCE P T E D = 1 ,P R I M E R _ P RO D U CT _ SI Z E _ R  A N-
GE=75-100,P3_FILE_FLAG=1,SEQUENCE_INTERNAL_EX-
CLUDED_REGION=201, 12, PRIMER_EXPLAIN_FLAG=1. Ac-
cession number-wise, the number of motifs, the number of primers 
formed, and the total percentage are mentioned in Table 2. Motifs 
along with corresponding start-end position, length, coding-non 
coding region, forward/reverse primer pairs, primers length, GC 
content, product size, melting temperature (TM) and stability were 
recorded. A record of microsatellites for which primers were not 
formed due to insufficient flanking regions or poor melting tem-
perature was also maintained.  

In Fig. 5, bar graph is displayed showing the number of primers 
formed compared to the number of simple sequences repeats in 
the corresponding genome sequence mentioned with correspond-
ing accession numbers. 

Discussion 

The incidence of SSRs and cSSR distribution exhibits a similar 

pattern as reported in earlier studies in genomes of the Filoviridae 
family [34]. Of the total SSRs identified, dinucleotide repeat mo-
tifs (51 to 73) were predominant as found in Flavivirus genomes, 
and Mycobacteriophage genomes of the Siphoviridae family 
[35,36] may be unstable due to higher slippages rate [37]. The 
presence of poly (T/A) is in line with the prokaryotic and eukary-
otic genomes having abundant poly (T/A) tracts [14,39]. Mono-
nucleotide A was plentiful, and in plant viroids, it tends to form 
loops in secondary structure and a possibly higher number of re-
peats, making it more difficult to form stable base pairs [40]. The 
cSSR percentage increases with dMAX size nonlinearly; this con-
version of SSRs to cSSR in approximate similar size genomes sug-
gests a differential role of repeat sequences [39]. At least one cSSR 
in each human coronavirus genome may be responsible for varia-

Fig. 4. The distribution of mono, di, tri, and tetranucleotides simple sequence repeats (SSRs) frequency in the coding and non-coding regions 
of coronaviruses genome sequences with accession numbers mentioned on the horizontal axis.

Table 2. The accession ID of coronavirus genome sequences, total 
numbers of SSRs, number of primers formed, and the percentage

S. No. Accession ID Total SSRs 
obtained

Primers 
formed % Formed

1 NC_002645.1 76 22 28.9
2 NC_005831.2 89 9 10.1
3 NC_006213.1 101 23 22.8
4 NC_006577.2 118 6 5
5 NC_004718.3 90 39 43.3
6 KT225476.2 93 42 45.1
7 MN908947.3/

NC_045512.2
95 14 14.7

SSR, simple sequence repeat.
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tion and evolution [41]. Di and trinucleotide repeats were mainly 
present in the coding region [39,42]. As far as motif types and their 
distribution in the coding and non-coding area is concerned, the 
reference sequence of SARS-CoV-2 (accession No. NC_045512.2) 
is close to the SARS virus genome (accession No. NC_004718.3), 
levels of the genetic relationship were also suggested among Bat 
coronavirus RaTG13 and the prototype strain of SARS-CoV-2 
[43]. 

SSRs are insignificantly but positively correlated to genome size; 
the longer the genome size, the greater the number of SSRs 
[5,12,44] and repeat length. The study of the relationship between 
genome size and tandem repeat length in CoV HKU1 strains, a 
beta coronavirus, also provides evidence of a similar pattern to our 
findings [45]. 

The Insignificant correlation between genome size to relative 
abundance and density has also been found in the case of Esche-
richia coli and human Immunodeficiency virus type 1 (HIV-1) ge-
nome. These results reflect a slight effect of genome size on the 
relative abundance and density of SSRs in viral genomes [5,46]. 
As observed, the negative correlation of GC content with SSRs, 
relative abundance, relative density, and cSSR was also reported 
[39,41,42]. 

A literature survey observed that limited research had been done 
on identifying and analysing microsatellites in virus genomes. The 
study conducted on eukaryotic and prokaryotic genome sequenc-
es, including in-depth analysis of Flavivirus, Dengue virus, HIV, 
plant viroids, Ebolavirus, Filoviridae, and Siphoviridae family ge-

nomes, revealed the role of genome size in accumulation of num-
bers and length of SSRs also to particular extent host are also 
found responsible for variances as they may participate in recom-
bination and integration [47,48]. An increase in SSRs numbers 
may be due to the combination of partial sequences of the host 
during the infection [44]. All parameters under study were rele-
vant and matched with previous research [5]. The maximum 
primers were designed in MERS-CoV/THA/CU/17_06_2015 
with accession No. KT225476.2 followed by accession No. 
NC_004718.3 which is a SARS-CoV and least in human corona-
virus HKU1 with accession No. NC_006577.2. Overall, in our 
study, it has been observed that HKU1 is showing a slightly differ-
ent pattern in SSRs and cSSR abundance per kb and consequently 
in relative abundance, density and GC % content; such a pattern 
has also been highlighted in earlier studies in screening microsatel-
lites in 55 Coronaviridae genomes [38], and it is among the top 
four strains found to be infecting human beings. 

This study revealed the microsatellite identification, distribu-
tion, and analysis in seven genomic sequences of human coronavi-
rus strains, including the reference sequence of SARS-CoV-2. 
From computational and statistical data, it was observed that the 
greater the genome size more is the SSRs number/length of re-
peats. The presence of a minimum of one compound SSRs, poly T 
and A mononucleotides, and abundant presence of AT/TA dinu-
cleotides may be responsible for variation, instability, and evolu-
tion of the genome. It may contribute to understanding the genetic 
diversity and polymorphic nature of the genomes among alpha 

Fig. 5. Graph depicting the number of primers formed compared to the number of simple sequence repeats (SSRs) in the corresponding 
genome sequence mentioned with accession numbers.
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and beta-coronavirus genera. However, further study can elaborate 
on the mutable hotspots.  
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Introduction 

Over the years, modern sequencing platforms have been generating genome information 
exponentially, and the number of genes with annotated function is increasing very rapidly 
as the bioinformatics field advances. Next-generation sequencing technologies have al-
lowed researchers to obtain sequences from the whole genome or transcriptome easily in 
less time and in a cost-effective manner. Thus, effective bioinformatics tools are required 
to curate the obtained sequence data to match the annotated gene information in the 
public database. Since the introduction of the Basic Local Alignment Search Tool 
(BLAST) program in 1990 [1], this has been one of the most widely used bioinformatics 
programs. The algorithm of the BLAST program approximates sequence alignment by 
optimizing the local similarities between sequences by heuristic method. The BLAST al-
gorithm has been further implemented into more advanced programs, such as WU-
BLAST [2] and ScalaBLAST [3], but the most fundamental and earliest implementation 
of BLAST is by NCBI as a free web-based service, which is used by researchers world-
wide. However, researchers cannot use their own sequence data with the web-based NC-
BI-BLAST program if the data exceed a size limit during the query sequence upload pro-
cess, effectively precluding the analysis of large sequence data, such as whole transcrip-
tome data sets. If researchers want to run BLAST on their own sequences, they will have 
to create a BLAST database in advance. However, NCBI-BLAST does not support cus-
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tom database creation; hence, researchers must download the NC-
BI-BLAST program to analyze their own sequences. This intro-
duces another barrier to accessibility, as executing the downloaded 
program requires a fairly advanced computational skill entailing 
the use of the command line interface. 

The output of the BLAST program can be visualized using dot 
plots. A dot plot is a graphical representation of sequence similari-
ties between two biological samples of proteins or nucleotides [4]. 
Dot plot is very efficient for analyzing of structural variations, such 
as duplication, inversion, and deletion between two sequences, as 
the results are displayed in a dot plot matrix. Dozens of dot plot 
programs are available online, but not many are integrated into a 
BLAST program in a standalone environment. 

NBLAST program is a graphical user interface (GUI)‒based 
BLAST program and dot plot viewer for similarity analysis be-
tween two sequences. Researchers can create their own database 
for a BLAST analysis and dot plot visualization. Because databases 
can hold a massive amount of data, researchers can analyze their 
own whole genome or transcriptome sequences using the 
NBLAST program with ease. Moreover, this program employs a 
two-way system that allows the created database to be used as ei-
ther the ‘query’ or the ‘target’ sequence for BLAST analysis, which 
is not possible on the web-based NCBI-BLAST program. Prior to 
the current NBLAST program, Du et al. [5] reported a similar 
program, BlastGUI, that runs BLAST analysis using the two-way 
method. We improved the two-way BLAST analysis system by 

adding a dot plot viewing function in NBLAST, to enable re-
searchers to carry out BLAST analysis on multiple sequences and 
generate a dot plot between two sequences in a single program. 
The flowchart for NBLAST workflow is shown in Fig. 1. 

Implementation 

NBLAST is a GUI-based BLAST program. The user must input 
and directly execute the command on the nucleotide and protein 
sequence data. It is easy to run a BLAST analysis with simple 
mouse clicks. It also provides a built-in dot plot viewer to visualize 
the similarity analysis between two sequences. It also allows users 
to build custom databases to carry out BLAST analysis using their 
own sequences as queries. The program’s structure is shown in Fig. 
2. NBLAST can only be used in the Windows environment. It is 
available to access to the NBLAST with http://nbitglobal.com/
nblast. 

Creating database 
This is a function that allows users to create a custom BLAST da-
tabase using their own FASTA format sequences. Fig. 3 shows the 
procedure to create a new database. (1) Upload ‘FASTA’ file: Click 
the “Choose File” button and select the sequence(s) you want to 
use to create a database. (2) New database name: The database 
name must be provided, and the file name of the selected se-
quence(s) is assigned by default. (3) Data type: Select “Nucleo-

Fig. 1. Flowchart of the NBLAST workflow incorporating BLAST analysis and a dot plot viewer.
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tide” or “Protein”. (4) Create database: Click the “Create Database” 
button to perform the indexing process to create a database. (5) 
Nucleotide Database List or Protein Database List: If the indexing 
process is successful, the newly generated database will appear in 
the list of previously registered databases. 

Removing databases 
Deleting specific database(s) is not provided directly as a feature. 
To delete any specific database(s), access the “db” folder in Win-
dows Explorer/File Explorer and delete all the files related to the 
named database directly. For example, if the database to be re-
moved is a nucleotide sequence named “test’, the user must delete 

Fig. 2. Program structure.

Fig. 3. The procedure for creating a new database.
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all four files (test, test.nhr, test.nin, test.nsq) from the “db” folder. 
Following this step, the deleted database will no longer appear in 
the database list.  

BLAST analysis  
The main window of BLAST analysis is shown in Fig. 4. The main 
structure is as follows: (1) Program menu: You can choose five 
types of BLAST programs alongside the database creation menu. 
(2) The expiration date: This displays the expiration date of the 
user’s license. (3) Upload FASTA File: Click the “Choose File” 
button to select the sequence you want to analyze. (4) Options: 
The items are database selection, detailed option selection, and 
format selection for the result files. After every option is defined, 
click the “BLAST” button. (5) Open File: This “Open File” but-
ton appears when the analysis is run normally. Click the button to 

view on Notepad or WordPad. (6) Displaying the results: The 
bottom window shows the result. In order to obtain accurate re-
sults, it is necessary to proceed after confirming whether the query 
and database are nucleotides or protein sequences. 

Dot plot 
Fig. 5 shows the main window after selecting ‘Dotplot’ in the 
menu bar. There are two methods for data uploading. If you want 
to upload the data file directly, upload the FASTA file in the first 
sequence section in (1) and in the second sequence section in (3). 
Alternatively, if you want to upload the nucleotides or protein se-
quences, you can paste the sequences in (2) and (4). The options 
for the analysis can be set in (5). Depending on the type of se-
quences (nucleotides or protein), the filtering option of E-value 
and minimum match length can be set accordingly. 

Fig. 4. The structure of the main BLAST analysis window.

https://doi.org/10.5808/gi.220534 / 6

Choi BS et al. • NBLAST to subject with user PC data

https://doi.org/10.5808/gi.22053


Fig. 5. The structure of the main dot plot analysis window.

Dot plot view 
An example of a similarity match between two sequences is shown 
in Fig. 6. The x-axis (1) and y-axis (2) are the sequences of A and 
B subjected to BLAST similarity matching respectively. (3) and 
(4) are the length of the sequences of A and B respectively. If the 
two sequences match in the forward orientation, the matching is 
displayed as blue dots (5). If the two sequences match in the re-
verse orientation, the matching is displayed as red dots (6). Results 
can be retrieved in the Postscript file in (7). 

Conclusion 

NBLAST is a GUI-based BLAST program equipped with a dot 
plot viewer. Researchers often experience difficulty in the BLAST 
analysis of large data when using web-based BLAST programs and 
may want to create BLAST databases from transcriptomes or 

whole genome sequences. NBLAST is a two-system program that 
allows researchers to create custom databases for either ‘query’ or 
‘target’ sequences to be used in the BLAST search. NBLAST also 
includes a function of dot plot visualization in addition to the 
BLAST search. Thus, researchers can carry out the BLAST analy-
sis on multiple sequences as well as visualize similarity matches 
between two sequences as a dot plot in a single program. 
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Dear Editor, we found that the publication on “Genome characterization and mutation 
analysis of human influenza A virus in Thailand” in the journal [1] is very interesting. 
This study's findings indicated that 90 samples, including 44 H1N1 and 46 H3N2 virus-
es, were virally positive. Forty-three of these samples were successfully isolated, and 25 of 
those had their viral genomes entirely amplified. The genetic characterization of influen-
za viruses that are now in circulation is suggested as the final step in preparing for pan-
demic and epidemic outbreaks in the future. We all agree that the information is helpful. 
However, the most accurate laboratory analysis should be used to generate the results. 
There may be some clinical laboratory significance to the low isolatable rate in this report. 
The Madin-Darby canine kidney (MDCK) cells were used in the current study's meth-
ods for viral culture. According to a prior clinical investigation [2], MDCK-SIAT1 cells 
outperform conventional MDCK. Utilizing a better cell type for culture may aid in the 
virus's capacity to be isolated and provide accurate information on the molecular epide-
miology of influenza A. 
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