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ABSTRACT

In humans, the dimeric receptor complex IFNAR2-IFNAR1 accelerates cellular response triggered by
type | interferon (IFN) family proteins in response to viral infection including Coronavirus infection.
Studies have revealed the association of the IFNAR2 gene with severe illness in Coronavirus infection
and indicated the association of genomic variants, i.e. single nucleotide polymorphisms (SNPs).
However, comprehensive analysis of SNPs of the IFNAR2 gene has not been performed in both coding
and non-coding region to find the causes of loss of function of IFNAR2 in COVID-19 patients. In this
study, we have characterized coding SNPs (nsSNPs) of IFNAR2 gene using different bioinformatics tools
and identified deleterious SNPs. We found 9 nsSNPs as pathogenic and disease-causing along with a
decrease in protein stability. We employed molecular docking analysis that showed 5 nsSNPs to
decrease binding affinity to IFN. Later, MD simulations showed that P136R mutant may destabilize cru-
cial binding with the IFN molecule in response to COVID-19. Thus, P136R is likely to have a high
impact on disrupting the structure of the IFNAR2 protein. GTEx portal analysis predicted 14 sQTLs and
5 eQTLs SNPs in lung tissues hampering the post-transcriptional modification (splicing) and altering
the expression of the IFNAR2 gene. sQTLs and eQTLs SNPs potentially explain the reduced IFNAR2 pro-
duction leading to severe diseases. These mutants in the coding and non-coding region of the IFNAR2
gene can help to recognize severe illness due to COVID 19 and consequently assist to develop an
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effective drug against the infection.

1. Introduction

In December 2019, severe acute respiratory syndrome cor-
onavirus 2 (SARS-CoV-2) was first detected and quickly trans-
mitted through individuals (humans) to individuals (WHO.,
2020a, WHO., 2020b) in Wuhan, China. This outbreak of cor-
onavirus disease (COVID-19) was subsequently described as a
global pandemic by the World Health Organization (WHO.,
2020a, WHO., 2020b ). An unprecedented shift has occurred
in our lives due to COVID-19 disease. Sore throat, cough,
fever, runny nose and breathing difficulties continue to be
the significant symptoms, whereas some people are found to
be asymptotic, which in turn speeds up the spread of the
disease (Chen et al., 2020; Ren et al, 2020; Zhu et al., 2020).
SARS-CoV-2 is a member of a large respiratory virus family
that causes the severe acute respiratory syndrome (SARS)
(Drosten et al., 2003). SARS-CoV-2 triggers the infection of
lower respiratory tract along with extrapulmonary symptoms
leading to severe illness in COVID-19. The lack of appropriate
medications or treatments to fight effectively against this
virus has made this disease dangerous and life-threatening.
According to the COVID-19 Dashboard on March 29, 2021 by

the Center for Systems Science and Engineering (CSSE) at
Johns Hopkins University, over 127 million people in more
than 200 countries have been infected and more than 2,785,
365 people were reported dead (Jennings, 2021). The clinical
spectrum of this disease is very wide, as many individuals
may be asymptomatic (accounting for up to 40%), while
others suffer from severe COVID-19 disease with high fatality
rate (Oran & Topol, 2020). The determinants of this spectrum
need to be identified according to several studies (Bastard et
al.,, 2020; Beck & Aksentijevich, 2020; Q. Zhang et al., 2020),
where they emphasized to understand the mechanism and
the causes of this disease. The persisting question is why this
spectrum is so diverse and unpredictable.

Several studies revealed that the Type | interferon (IFN)
signaling pathway plays a critical role in facilitating innate
immune response against viral infections and protection
against COVID-19 (LoPresti et al., 2020; Van Der Made et al.,
2020). Genes of the Type | IFN pathway together with the
Interferon alpha/beta receptor 2 (IFNAR2) receptor have
been identified in some studies to elucidate the severity of
the disease. Moreover, many studies described that if Type |
IFN response is impaired, then severe COVID-19 infections
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arise (Arunachalam et al., 2020; Hadjadj et al., 2020; Lee &
Shin, 2020). But why the Type | IFN signaling pathway is
repressed remained unclear and actual determinants were
unknown. Recently, a study revealed some promising factors
in the IFN pathway and found out that IFNAR2 and TYK2
gene variants are associated with severe COVID-19 disease
symptoms. Pairo-Castineira et al. showed evidence of the
IFNAR2 gene association through a GWAS study. They found
evidence of a causal link with low expression of IFNAR2 with
the fatal condition of the disease using Mendelian random-
ization. Furthermore, researchers asserted that increased
expression of IFNAR2 can reduce the critical illness due to
COVID-19 (Pairo-Castineira et al., 2021). Thus, the study sup-
ported the protective role of IFNAR2 receptor in severely
ill patients.

Susceptibility to respiratory infections becomes life-threat-
ening and is found to be associated with specific genetic
variants (Clohisey & Baillie, 2019). During viral pathogenesis
including SARS-CoV-2, several genetic variants of the host
cause loss of function in proteins associated with crucial
immune responses that may lead to vigorous adverse symp-
toms in susceptible people (Pairo-Castineira et al, 2021).
Moreover, another study has pointed out that genetic var-
iants cause loss-of-function in the proteins of the Type | IFN
pathway leading to severe immunodeficiency that results in
life-threatening complications( Beck & Aksentijevich, 2020; Q.
Zhang et al., 2020 ). They examined the patients with severe
COVID-19 disease and found out rare pathogenic variants in
13 genes in the Type | IFN pathway including IFNAR2. Thus,
variants of IFNAR2 play a vital role in severe COVID-19 and
many other viral diseases.

In the human genome, the most widespread category of
genomic variations of a gene(s) are SNPs in the coding and
non-coding region. Coding SNPs particularly non-synonym-
ous (nsSNPs) replace amino acids in protein sequence and
have a larger effect on the protein solubility, structure, func-
tion, and stability (Hamosh et al., 1992). These are character-
ized as either damaging/pathogenic (i.e. triggering disease
attributes), or neutral/benign (i.e. no impact on protein struc-
ture and function) (Cargill et al., 1999; Czarny et al., 2018).
The genomic basis of COVID-19 severity can be identified by
distinguishing harmful nsSNPs from neutral nsSNPs in the
IFNAR2 gene. Consequently, this approach will assist in deter-
mining new medicinal target(s) to cure the disease.
Therefore, the identification of deleterious nsSNPs in IFNAR2
may recommend crucial information toward SARS-CoV-
2 prevention.

Various bioinformatics tools are widely used to evaluate
the damaging SNPs and the effect of these SNPs in the struc-
ture, stability, and function of a protein ( Desai & Chauhan,
2016; Divanshu et al., 2014; Nimir et al, 2017; M. Zhang et
al., 2020 ). In another study, researchers have applied several
computational tools along with molecular docking and MD
simulations to predict SNPs of the human STK77 gene (Islam
et al,, 2019). Utilizing in silico analysis, investigators projected
that nsSNPs of the human RASSF5 gene possess detrimental
impacts on protein function and structure (Hossain et al.,
2020). In addition, scientists completed a comprehensive

depiction of pathogenic coding and non-coding SNPs in the
TP63 gene and applied various in silico tools along with
docking and MD simulations (Akter et al., 2021). These inves-
tigations enhance the application efficiency of bioinformatics
tools examining and validating genetic modifications. Several
other studies also implemented different in silico tools along
with molecular docking and MD simulations to characterize
nsSNPs in different genes (Abdul Samad et al, 2016;
Chakraborty et al., 2018; Islam et al., 2019; Dash et al.,, 2020;
Havranek & lIslam, 2020; Owiji et al, 2020) and to design
drugs for COVID-19 (Bhardwaj et al., 2021; Ghosh et al,
2020a; Sharma et al., 2021).

Therefore, the objectives of the study include: (1) compre-
hensive characterization of numerous nsSNPs of the human
IFNAR2 gene by applying various bioinformatics algorithms
(in silico tools), (2) analysis of the molecular dynamics simula-
tion for significant nsSNPs of IFNAR2 gene, (3) analysis of the
Molecular docking to distinguish the consequence of nsSNPs
on binding affinity with other molecules/ligands using
Autodock-Vina/PyRx, Chimera 1.13, (4) visualization of the
impacts of nsSNPs by Chimera1.14, and (5) investigation of
noncoding SNPs in IFNAR2 gene utilizing GTEx portal,
PolymiRTS, and RegulomeDB. The flow diagram depicting dif-
ferent activities of the study is shown in Figure 1.

2. Methods
2.1. Retrieval of SNPs data

In our study, the Ensemble genome browser was selected to
examine and investigate the human IFNAR2 gene (Ensembl,
2021) and the SNP data were collected by selecting the tran-
script that codes for the full-length IFNAR2 protein (515 a.a)
(UniProt, 2021). Additionally, the dbSNP database (Sherry et
al.,, 2001) was used as the SNPs data source for both coding
and non-coding SNPs of IFNAR2 for all analysis.

2.2. Analysis of nsSNPs for functional consequences

SIFT (Sorting Intolerant From Tolerant), was employed to detect
the deleterious nsSNPs in IFNAR2. To predict polymorphisms
and mutants, SIFT can distinguish functional amino acids from
deleterious ones. This program assumes that major amino acids
are preserved and changes at some positions tend to be dele-
terious. Replacements are projected as deleterious or benign
based on the standardized probability score (0.05 or lower pre-
dicted as deleterious/harmful and higher than 0.05 projected as
tolerated/benign)(Sim et al., 2012). For SIFT prediction, individ-
ual amino acid replacements and rsID of each SNP of human
IFNAR2 gene were provided as the input.

To categorize and predict the functional effects of allele
variations (SNPs), PolyPhen2 (Polymorphism Phenotyping v2)
(Adzhubei et al, 2010) employs Naive Bayes. PolyPhen2
assesses the site-specific sequence conservation assisted by
the PSIC (position-specific independent count) and estimates
the difference between the native and mutating variants.
PolyPhen2 categorizes SNPs into three separate categories,
(1) probably damaging (2) possibly damaging or 3) benign.
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Figure 1. Schematic representation of in silico study of SNPs of human IFNAR2 gene.

Each amino acid change and FASTA sequence of the IFNAR2
protein were required as input for the PolyPhen2 web server.

Across organisms, PROVEAN (Protein Variation Effect
Analyzer)(Choi & Chan, 2015), which is an online tool, evalu-
ates the functional effects of amino acid replacements or
indel mutations on a protein. For human and mouse variants,
PROVEAN may provide high-performance genomic and pro-
tein analysis. PROVEAN measures the score from the homolo-
gous sequence alignment for each variant and takes into
consideration the score of —2.5 or lower than —2.5 to be
harmful. The FASTA sequence of IFNAR2 protein and list of
SNPs were entered as input into the PROVEAN Web server

To evaluate the consequence of amino acid replacements,
SNPs&GO applies functional protein annotations and predicts
the effect of SNPs based on the SVM (support vector
machine) algorithm. This tool provides results from the PhD-
SNP and PANTHER along with its own prediction (Capriotti et
al., 2013). The input contains the 3-D protein structure or the
UniProt ID, the identified SNPs/variants, and gene ontology
(GO) terms. The output presents the possibility of human dis-
eases associated with amino acid substitution.

MutPred2 increases the priority for pathogenic amino acid
substitution, predicts molecular pathways that potentially
cause diseases and return the distributions of the score of

pathogenicity in each genome that can be interpreted
(Pejaver et al., 2020). The FASTA sequence and change in the
single amino acid were entered as input on the MutPred2
web server. p-value cutoff was set to 0.05 as statistically
significant.

PMUT (Piezoelectric Micromachined Ultrasonic Transducers)
web tool assesses the pathology of mutations (Ferrer-Costa et
al., 2005). A list of mutations or SNPs on IFNAR2 protein along
with its sequence was submitted as input and we obtained
their score of pathology by employing the PMUT analyst.

PREDICT SNP is a consensus tool that classifies SNPs based
on whether they are disease-related or not. For predicting
disease-related alterations, PREDICT SNP utilizes six predic-
tion algorithms (SIFT, PhD-SNP, MAPP, SNAP, PolyPhen-1, and
PolyPhen-2)(Bendl et al., 2014).

InterPro and NCBI domain prediction tools employ protein
families to predict domains of protein by evaluating them
functionally. The Conserved Domain Search tool in NCBI
(Marchler-Bauer et al, 2015) and InterPro (Hunter et al,
2009) were used to identify the domains of the IFNAR2 pro-
tein and then SNPs were placed in different domains of it.
For both domain searching tools, the input query was the
FASTA amino acid sequence of the IFNAR2 protein. NCBI
domain search tool used Pfam super family classification and
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InterPro used different classification program such as Pfam,
InterPro, PHOBIUS and Fibronectin type Il superfamily to
identify the domains and regions in the IFNAR2.

To test the protein stability deviation for a single nucleotide,
I-Mutant2.0 was employed as an algorithm, which uses a sup-
port vector machine. For prediction and estimation of the
change in protein stability, either protein structure or protein
sequence is used by I-Mutant2.0 and the corresponding Delta
Delta G (DDG) values are predicted at the same time (Capriotti
et al, 2005). The input was given as the protein sequence of
IFNAR2 and the single amino acid replacements.

Mutation3D identifies alterations in amino acids in protein
structures and serves as a web server (Meyer et al, 2016).
Operational and non-operational variants can be detected by
Mutation3D. It can be viewable in a variety of popular for-
mats. It generates clusters of mutations from over 975,000
somatic mutations collected from the sequencing studies of
6,811 cancers.

To identify the evolutionarily conserved amino acid residues
(wild type) and to detect nsSNPs in each position, we per-
formed conservation analysis via the ConSurf web server
(Ashkenazy et al., 2010). Based on the evolutionary relatedness
between the user-submitted protein and its homologs, the
ConSurf server calculates the evolutionary conservation rate of
amino acid positions in that protein molecule. Consurf uses
empirical Bayesian method to conduct phylogenetic analysis
for calculating the conservation score. The conservation scores
are divided into a discrete scale of 9 bins where bin 9 repre-
sents the most conserved positions and bin 1 represents the
most variable positions. More specifically, conservation scores
ranging from 1-4, 5-6, and 7-9 indicate the low, intermediate,
and highly conserved amino acid, respectively. The FASTA
sequence of IFNAR2 protein was entered as input and the
pathogenic nsSNPs located in a particular conserved area were
identified to analyze further.

2.3. Structural effect analysis

Structural and functional effects due to point mutations were
estimated by HOPE. HOPE comprises data from a variety of
sources including 3D protein co-ordinate measurements
using WHAT IF web services, UniProt database annotations,
and DAS service predictions (Venselaar et al, 2010). Data
gathered from these sources are generally classified as the
impacts of mutations on three-dimensional structure and
function of proteins through decision-making systems. HOPE
generates a simple and straightforward report with text,
graphs, and animations.

2.3.1. Molecular docking

The binding interaction of interferon (IFN) molecules with
IFNAR2 is crucial for the functionality of various signaling
cascades. Molecular docking analysis was accomplished with
the PyRx virtual screening tool (Dallakyan & Olson, 2015) to
detect the alteration in the binding pattern of IFNAR2 with
IFN molecules due to the deleterious point mutations. We
obtained the crystallographic structure of the IFNAR2-IFN

protein complex (PDB ID: 2HYM) [ref 1] from Protein Data
Bank (PDB)(Berman et al., 2000) and prepared our targeted
protein using Discovery Studio72 (v4.5)(Wang et al.,, 2015).
UCSF Chimera 1.13rc (Pettersen et al., 2004) was assigned for
the preparation of the peptide sequences of IFNAR2 having
deleterious nsSNPs followed by the addition of polar hydro-
gens as well as energy minimization using Gasteiger charges.
We utilized the PDB format of the peptide sequences of
IFNAR2 containing nsSNPs as ligands. Docking was per-
formed with AutodockVina (Sanner, 1999; Trott & Olson,
2010) where we set the grid box parameters as follows:
X=41.1918, Y=52.1457, Z=49.8470. We incorporated UCSF
Chimera 1.13rc (Pettersen et al, 2004) which offered the
proper visualization of the binding interaction of ligands
with receptor protein in the docking complex. We used UCSF
Chimera 1.13rc to observe if the IFNAR2 protein has bound
to the active site of IFN protein. Moreover, a deep view in
the binding region of IFNAR2 and IFN was also performed by
UCSF Chimera 1.13rc to identify the inter-actors (amino acid
residues) participating in the binding.

2.3.2. Molecular dynamic (MD) simulation analysis

MD simulation was conducted using the YASARA Dynamics
(Land & Humble, 2018) to analyze the dynamic behavior of
the native and mutant IFNAR2-IFN complexes in different
time scales (Krieger et al., 2012). At the very first step of the
simulation, the structure of the protein-ligand complexes
was cleaned along with the H-bond network optimization.
Afterward, a cubic box with a periodic boundary condition
was set with the grid size of (96.9654 x 96.9654 x 96.9654) A.
AMBER14 force field (Krieger et al., 2006) was adopted in the
periodic cell boundary condition to simulate the system in
an explicit water environment. TIP3P (transferable intermo-
lecular interaction potential 3 points) was implemented for
the addition of Sodium (Na) and Chlorine (Cl) ions for neu-
tralizing the system. The energy minimization of the protein-
ligand complexes was carried out by the steepest descent
method. The cut-off radius was restricted to 8 A to measure
the short-range Coulomb and van der Waals interaction. The
long-range electrostatic interactions were calculated by the
PME (Particle Mesh Ewalds) method (Darden et al., 1993).
This measurement was done with a physiological condition
at 298K, pH 7.4, 0.9% NaCl. For each system, MD simulation
was run for 150 nanoseconds (ns) with a time step interval
of 2.5 femtoseconds (fs) at 298 K. Finally, all the trajectory
files were evaluated to obtain root mean square deviation
(RMSD), root mean square fluctuation (RMSF), radius of gyr-
ation (Rg), solvent-accessible surface area (SASA), and hydro-
gen bond analysis.

2.4. Functional consequences of non-coding SNPs on
IFNAR2 gene

An annotation of regulatory SNPs was described by
Regulome DB. Regulome DB combines the manual interpreta-
tions of ENCODE, materials from experimental datasets, com-
putational projections, and assign scores to variants for the



JOURNAL OF BIOMOLECULAR STRUCTURE AND DYNAMICS . 11177

Table 1. Estimation of 13 nsSNPs with SIFT, Polyphen2, PROVEAN, MutPred2, SNPs&GO, PMUT, PhD-SNP, and PANTHER, PredictSNP.
PMUT
SIFT PolyPhen2 POVEAN MutPred2  prediction =~ PANTHER  PhD-SNP ~ SNPs&GO  PredictSNP
SNP rsID Domain Prediction  Prediction  Prediction  Prediction Prediction Prediction Prediction Prediction  Deleterious
C207F  rs1332014803  Interfer-bind  Deleterious Damaging  Deleterious Disease Disease Disease Disease Disease Deleterious
€85G rs751841284 Tissue_fac Deleterious Damaging  Deleterious  Disease Disease Disease Disease Disease Deleterious
C85R rs751841284 Tissue_fac Deleterious Damaging  Deleterious  Disease Disease Disease Disease Disease Deleterious
D94G  rs1568885326  Tissue_fac Deleterious Damaging  Deleterious  Disease Disease Disease Disease Disease Deleterious
11485 rs1190725243 Interfer-bind  Deleterious Damaging Deleterious Disease Neutral Disease Disease Disease Deleterious
N2051  rs758825586 Interfer-bind  Deleterious Damaging  Deleterious  Disease Neutral Disease Disease Disease Deleterious
P136R  rs768348126 Interfer-bind  Deleterious Damaging  Deleterious  Disease Disease Disease Disease Disease Deleterious
P202L  rs1286287301 Interfer-bind  Deleterious Damaging Deleterious  Disease Neutral Disease Disease Disease Deleterious
T204R 5147496374 Interfer-bind  Deleterious Damaging  Deleterious  Disease Neutral Disease Disease Disease Deleterious
Y106F rs773793948  Tissue_fac Deleterious Damaging  Deleterious  Disease Disease Neutral Disease Neutral Deleterious
Y66C rs772583115 Tissue_fac Deleterious Damaging  Deleterious  Disease Disease Disease Disease Disease Deleterious
Y70C rs1265189745  Tissue_fac Deleterious Damaging  Deleterious  Disease Disease Disease Disease Disease Deleterious
P136S  rs746695388 Interfer-bind  Deleterious Damaging  Deleterious  Disease Disease Disease Disease Disease Deleterious
differentiation of SNPs from a wide pool (Boyle et al., 2012).
To evaluate the outcomes of non-coding SNPs through the Total nsSNPs
Regulome DB analysis, the individual variant rsIDs were used 386
as the input in the server.
To analyze miRNA-mRNA interactions, PolymiRTS database |¢——  Analysis using SIFT
3.0 integrates crosslink experimental data, ligation and v
hybrids sequence data (Bhattacharya et al., 2014). PolymiRTS Number of nsSNPs
examines the functional effects of SNPs in target sites of 130
miRNA in IFNAR2 mRNA and miRNA seeds. To evaluate the
outcomes of non-coding SNPs, the input was the individual <4— Analysis using Polyphen2
variant ID (rsIDs) in PolymiRTS database 3.0. v
In human tissues, GTEx (Genotype-Tissue Expression) pro- Number of nsSNPs
ject provides the relationship between chromosomal varia- 42
tions and gene expression. GTEx correlates the regulatory
processing mechanisms to traits and diseases (Lonsdale et <4—— Analysis using PROVEAN
al, 2013). To evaluate the effects of non-coding SNPs, the v
individual variants IDs (rsIDs) were listed as input in GTEx Number of nsSNPs ‘
34

portal. Figure 1 depicts the overall analysis for the study
using different computational tools and methods. All the
Web links for all in silico tools are presented in Table S7 (sup-
plementary material).

3. Results
3.1. IFNAR2 SNP data retrieval

We obtained a total of 9,777 SNPs for the human IFNAR2
gene (Transcript ID:

ENST00000342136.9) from Ensemble genome browser.
The number of SNPs in different types were as follows: 1)
386 non-synonymous or missense SNPs, 2) 163 synonymous
SNPs, 3) 34 frameshift SNPs, 4) 161 5prime SNPs, 5) 614 UTR
SNPs, 6) 8348 Intron SNPs, 7) 50 Splice region SNPs, and 8)30
others. Different types of SNPs are provided in Figure S1.

3.2. Functional analysis of nsSNPS

3.2.1. Determination of functionally important nsSNPs

To analyze the nsSNPs of the human IFNAR2 gene, initially,
we used SIFT and Polyphen-2. Among 386 nsSNPs, SIFT pre-
dicted 130 SNPs as deleterious which were further analyzed
with Polyphen-2. Then Polyphen-2 predicted 42 nsSNPs to
be probably damaging. Afterward, these 42 nsSNPs were

Analysis using PMUT, MutPred2,
<4—— SNPs&GOPhD-SNP, PANTHER, and
PredictSNP

Number of nsSNPs ‘
13

Figure 2. Schematic representation of the number of nsSNPs after subsequent
analysis with In silico tools.

considered for further analyses (Table S1, supplementary
material and Figure 2).

We used PROVEAN to predict pathogenicity for 42 SNPs
which were predicted as deleterious by SIFT and Polyphen-2.
Among them, 34 nsSNPs were predicted as deleterious.
Moreover, the nsSNPs were evaluated through the PMUT
web tool and 9 SNPs were detected as pathogenic that can
cause diseases and all the others were evaluated as neutral.
Additionally, PREDICT SNP analysis provided 39ns SNPs as
deleterious among 42 SNPs. Finally, out of 42 nsSNPs,
SNPs&GO predicted 20 nsSNPs as disease associated (Table
1). Furthermore, MutPred2 provided the structural and func-
tional effect (i.e. gain or loss) of a specific structure or pro-
tein function and 20 nsSNPs were identified as either having
loss or gain of a specific functional or structural part (Table
S2, supplementary material). All prediction analysis of nsSNPs
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using these tools is also provided (Figure S1, supplemen-
tary material).

We observed that there are various forms of gain or loss
of protein structure or function or modified function for
IFNAR2. Loss or gain of a strand, loss of disulfide linkage,
altered transmembrane protein, altered ordered interface, or
metal binding are notably found with significant p-value
along with a high probability score. Loss of disulfide linkage
is prominently found at C207F, also MutPred2 predicted
P136R for the altered ordered interface, altered metal bind-
ing, or transmembrane protein.

3.2.2. Determination of nsSNPs on IFNAR2 domain

The predicted domains using NCBI conserved domain search
tool are 1) Tissue_fac (10-110 a.a residues) described as tis-
sue factor domain usually binds the ligands such as
Interleukins, Cytokines, or Interferons and 2) Interfer-bind
(133-229 a.a) which is defined as interferon alpha/beta bind-
ing domain, according to the Pfam protein family (Figure S4,
supplementary material). InterPro defined these two domains
as FN3_dom (interleukins or cytokines binding) and
Interferon/Interleukin_rcp_dom (interferon alpha/beta bind-
ing), respectively. InterPro homologous superfamily detected
a domain of 30-238 a.a residues as FN3_sf which is also
detected as Ig-like_fold (34-232 a.a), also known as
Fibronectin type Ill superfamily domain. One region is identi-
fied as transmembrane region (12-29 a.a) and one domain
named cytoplasmic domain of 269-515 a.a residues is also

Table 2. Impact of nsSNPs on the stability of IFNAR2 protein through I-
mutant 2.0.

SNP DDG pH Temp Stability
C85R —0.87 7 37 Decrease
Y106F —0.11 7 37 Decrease
P136R —0.2 7 37 Decrease
C207F —0.35 7 37 Decrease
C85G —1.75 7 37 Decrease
D94G —0.93 7 37 Decrease
1148S —2.52 7 37 Decrease
P136S —0.44 7 37 Decrease
N205I 2.59 7 37 Increase
P202L —-1.92 7 37 Decrease
T204R 0.19 7 37 Increase
Y66C 0.76 7 37 Increase
Y70C 0.8 7 37 Increase

detected by PHOBIUS family (Figure S2, supplementary
material). 13 nsSNPs, predicted as deleterious by all Insilco
tools in this study were placed in the tissue_fac and interfer-
bind domains (Figure 3) and presented in Figures S3 and S4
(supplementary material) after analysis by Mutation 3D.

SIFT, PolyPhen-2, PROVEAN, MutPred2, SNPs&GO, PhD-
SNP, PANTHER, and Predict SNP identified 13 nsSNPs (Figure
2) as pathogenic/deleterious which are positioned in two
principal domains (tissue_fac and interfer-bind). Among
them, 9 nsSNPs were detected as disease-causing by PMUT.
Prioritizing the nsSNPs within the domain SNPs, 13 nsSNPs
were selected for further analysis (Table 1).

3.3. Structural analysis of nsSNPs

3.3.1. Evaluation of structural stability of protein

Using I-Mutant 2.0 server, 13 ns SNPs were subjected to per-
form the protein stability analysis at 37-degree temperature
and pH 7.0. It has been predicted that protein stability is
decreased due to point mutation for 9 out of 13 nsSNPs
(Table 2).

3.3.2. Analysis of evolutionarily conserved residues

The intensity of the evolutionary conservation for each resi-
due of IFNAR2 was determined using ConSurf web tool and
identified highly conserved structural and functional amino
acid residues. ConSurf analysis predicted C85, 1148, and Y106
residues as buried, structural, and highly conserved, also pre-
dicted P136, C207, D94, and P202 residues as exposed, func-
tional, and highly conserved with the highest conservation
score of 9 (Figure 4). Moreover, 1148 and Y106 residues are
conserved in the IFNAR2 sequence with a conservation score
of 8. Thus, changes of these wild type residues to different
residues due to nsSNPs were predicted as harmful for protein
structure and function.

3.3.3. Analysis of protein properties using hope

The structural effect of 9 nsSNPs on IFNAR2 protein was
determined through Project HOPE/HOPE server. Changes in
size (bigger or smaller), charge (neutral or positive or nega-
tive), and hydrophobicity were observed in the mutated resi-
due compared to the wild type (Table S3, supplementary

515

Figure 3. Predicted deleterious nsSNPs(13) are shown in two principles domain of IFNAR2.
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@ - An exposed residue according to the neural-network algorithm.
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f - A predicted functional residue (highly conserved and exposed).
S - A predicted structural residue (highly conserved and buried).
E- Insufficient data - the calculation for this site was performed on less than 10% of the sequences.

Figure 4. Evaluation of evolutionary conservation in human IFNAR2 using ConSurf; 85, D94, Y106, P136, 1148, P202, C207 are highlighted in oval red box.

the protein. C85G, C85R, and C207F caused loss of disulfide
bridge affecting the stability of IFNAR2 structure. Moreover,
Glycine (G) is very flexible, which causes the loss of flexibility
of the IFNAR2 structure. As Proline (P) represents special

material). HOPE predicted that these changes would impose
loss of interactions with other molecules (or domains). The
loss of hydrogen bonds as a result of increased or decreased
hydrophobicity enhances the disruption of correct folding of
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A -C85R,

B-C207F,

C- D94G,

D-1148S

E-PI36R,

F-P1368S,

G-P202L,

H-Y106F, and I-C85G.

Figure 5. A-F represents the 9 nsSNPs predicted as deleterious by all bioinformatics tools. Visualization of the altered structure of IFNAR2 protein was done using
Project HOPE. The wild type of residue is represented as green and mutated residue for each SNP is presented as red. Here, only the side chain of the residue is
presented in color and the whole protein is visualized in grey color. Notably, A-C85R, E-P136R, F-P136S, D-1148S, G-P202L show that mutant residue (red colored) is
much bigger than Wild type residue (green colored). In Figure A, B, and |, Cysteine is mutated to other residues and lost disulfide bridges in the structure. In case
of C-D94G and 1-94G, mutated residue G is not shown as it has no side chain and only green colored wild type residue is shown. All these changes in the structure
possess deleterious effects in the structure and function of IFNAR2. Note: A -C85R, B-C207F, C- D94G, D-1148S, E-P136R, F-P136S, G-P202L, H-Y106F, and I-C85G.

conformation in protein structure, P136S, P136R, and P202L
can cause the special conformation loss in IFNAR2 structure
hampering IFNAR2 structure and function, whereas D94G
may induce flexibility instead of rigidity in IFNAR2, which
may also impact protein structure (Table S6, supplementary
material). 3SE4 is the available 3 D-structure of IFNAR2 repre-
senting 9 nsSNPs. The images of the 9 SNPs are produced by
HOPE and shown in (Figure 5).

3.4. Structural effect analysis of nsSNPs

3.4.1. Molecular docking

From the molecular docking analysis, we can determine the
consequences of the point mutation over the binding inter-
action of IFNAR2 with its targeted IFN protein molecules.
IFNAR2 binds with the active site atoms of IFN molecules,
which are shown in Figure 6. Among these 9 nsSNPs, an
increase in binding affinity was observed for 4 nsSNPs
namely C85G, C85R, D94G, and C207F, whereas a decrease in
binding affinity was found in P136S, 1148S, P202L, P136R,
and Y106F when compared with their wild type residues
(Table 3). In the case of P136S and P136R, a remarkable
reduction in binding affinity as well as hydrogen bond loss
was observed after mutation. Wild type peptide sequence
P136, formed 13 hydrogen bonds with the active site atoms
found in the binding pocket of the IFN molecules with the
binding affinity of —6.3kcal/mol (Figure 6(A)). In case of

mutant peptide sequence 136R, only 6 hydrogen bonds
were observed in the docking complex with a binding score
of —5.0kcal/mol instead of 13 hydrogen bonds found in the
wild type (Figure 6(B)). On the other hand, six hydrogen
bonds were found in case of P136S with a binding score of
—5.2kcal/mo. Figure 7 shows the molecular docking com-
plexes in the active site.

3.4.2. Molecular Dynamic (MD) simulation analysis

MD simulation was carried out at 150 ns to observe the devi-
ation of mutant IFNAR2-IFN complex from wild type IFNAR2-
IFN complex in terms of C-a carbon distance between two
proteins (RMSD), RMSF, Rg, SASA and H-bond in physio-
logical conditions. RMSD values were calculated for wild type
and mutant IFNAR2-IFN complexes to evaluate the extent to
which mutation affects the protein complex. RMSD was cal-
culated for all the atoms from the initial structure, which
were then considered as a fundamental criterion to measure
the convergence of the protein. A significant deviation in
RMSD value of the IFNAR2-IFN complex was observed for the
mutant P136R when compared to the native/wild type com-
plex. RMSD analysis shows evidence that the native and
mutant structures (P136R) stay close to their initial conform-
ation till 85ns resulting in a backbone RMSD of about 3.3A
for mutant structure, whereas 3 A for native. An increasing
tendency in RMSD value for the mutant P136R was noticed
from the 85ns and at 105 ns mutant structure showed RMSD
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Figure 6. Docking complex of IFN molecules and IFNAR2 where gray color represents IFN molecules and light sea green color represents peptide sequence of
IFNAR2(131aa-140aa) and hydrogen bonds are indicated by red color. (A) Wild type (P136) formed 13 hydrogen bonds with IFN molecules where Asp35 of IFN mol-
ecules binds with Glu138 of IFNAR2 with bond distance of 2.308 A, another hydrogen bond formed between Leu26 and Asp131 with 2.382 A distance. Arg149
formed six H bonds, among them four H bonds formed with Glu140 of IFNAR2 with distance of 2.353 A, 21514, 2.676 A and 2.383 A whereas two bonds formed
with Glu135 (2 184 A) and Phe134 (2.575 A). Arg22 formed three H bonds where 2 bonds formed with Asp131 (2.178 A and 2.5104) and a single bond formed with
Glu140 (2.130 A). Arg144 formed double H bonds with Glu140 with the distance of 2.291 A and 2.102 A). (B) Mutant type(136R) peptide sequence formed 6 hydro-
gen bonds with IFN molecules. Among them, a single bond is found between Ser133 and Leu26 with the bond distance 2.136 A. Arg149 formed four hydrogen
bonds, among them, three bonds formed with Glu140 with distance of 2.1234,2.381A and 2.589 A and another bond formed with Glu135 with the distance of

2.656 A. Arg22 formed a single bond with Glu140 with the distance of 2.176 A.

Table 3. Docking score of wild type residue and mutant residue of targeted
9 nsSNPs.

Binding Binding

Wild type affinity Mutant affinity
SNP residue (kcal/mol) residue (kcal/mol)
€85G 85 —6.6 85G —6.8
C85R 85 —6.6 85R —6.8
D94G D94 —6.8 94G —6.9
P136S P136 —6.3 1365 —5.2
11485 1148 —74 148S —6.8
P202L P202 —6.8 202L —6.5
C207F C207 —7.2 207F —-7.7
P136R P136 —6.3 136R -5
Y106F Y106 —7.6 106F —7.2

of about ~4.471 A where native showed 2.8A. The highest
deviation of mutant structure (RMSD ~11.559A) from the
wild (RMSD ~2.3A) was observed at 125ns (Figure 8(A)). At
the end of the 150 ns simulation the native structure showed
RMSD of about 2.15A, while the mutant showed 3.86A.
Additionally, RMSF values of mutant and native structures

were determined for identifying the mutational effects to
dynamic behavior of protein residues (Figure 8(B)). RMSF
value of the residues of native IFNAR2 protein decreases
from 7.83A to 1.03A over the entire simulation period.
Conversely, an increment in residual fluctuation (7.33A to
12.39A) was observed for mutant IFNAR. The native protein
showed an average of 3 A residual fluctuation where mutant
protein exhibited 10A. The flexibility of the residues (131-
140) of native and mutant protein remains close at the initial
stage of the simulation as both showed almost similar fluctu-
ation of about 7 A. From then, at the end of the simulation,
the mutant protein was found to show greater degree of
flexibility of about 12.39A at 140 residual positions where
native showed 1.03 A. Moreover, the highest fluctuation was
observed for mutant protein (12.73A) when compared to
native (2.8 A) at P136R (Figure 8(B)). Furthermore, Rg analysis
was carried out for measuring the compactness and rigidity
of the native and mutant protein. In terms of compactness
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Figure 7. Molecular docking complexes of IFNAR2-IFN showing active site of IFN molecule with IFNAR2 wild type or mutant peptide. A and C represent the close
view of active sites for wild type -IFN complex and mutant(136R)-IFN complex, respectively. B and D show the surface representation of the wild type-IFN complex

and mutant136R peptide - IFN complex, respectively.

and rigidity the native and mutant structures remained close
till 94ns resulting in a backbone Rg of about 16.94A for
mutant structure whereas 16.38 A for native (Figure 8(C)). Rg
analysis showed that the value of Rg significantly deviated
from 94ns (16.942 A) to 144 ns (17.184 A) of 150ns MD simu-
lation when compared to native (Figure 7(C)). Most promin-
ent flexibility in the backbone of the mutant protein was
noticed at 124 ns with Rg value of 19.32 A. On the contrary,
at 124 ns native protein showed 16.96 A of Rg value. Besides,
we conducted SASA analysis of the native and mutant com-
plex to determine the expansion of the protein surface area.
SASA analysis indicated that mutant P136R showed less aver-
age SASA value (9901.682 A?) than the native (9997.871 A?)
(Figure 8(D)). The lowest SASA value of 9325.64 A2 at 28ns
was observed for mutant protein, whereas native showed
9961.70 A” at 28 ns. Additionally, the highest SASA value for
mutant protein was noticed at 118ns of 10437.07 A?
whereas native showed 10772.74 A2, Higher degree of devi-
ation in expansion of protein surface area was noticed at the
end of 150ns simulation where SASA value was 9624.25 A?
for mutant protein and 10755.38 A2 for native one (Figure
8(E)). H-bond analysis demonstrated that the native protein
had a maximum number of 159 hydrogen bonds at 97 ns,
whereas 144 hydrogen bonds were observed for mutant-IFN
complex. Most prominent loss in hydrogen bond was
observed from 108ns to 130ns for mutant protein. In this
time frame the native/wild type showed an average of 140

hydrogen bonds, whereas the mutant showed 127 hydrogen
bonds. At the end of the 150ns, 132 hydrogen bonds were
found for the mutant complex and 140 for the wild type/
native complex.

3.5. Non-Coding SNPs analysis of IFNAR2 protein
using RegulomeDB

Noncoding SNPs of the IFNAR2 gene for transcript ID
ENST00000342136.9 were obtained from the Ensemble gen-
ome browser using the NCBI dbSNP source. 109 non-coding
SNPs that include 5 prime UTR, 3 prime UTR variants, and
introns, were obtained considering the Global MAF range of
0.034-0.5. Later RegulomeDB analysis was performed for all
SNPs and the filtering process was done using ranking crite-
ria proposed in RegulomeDB website resulting in 21 SNPs
(Table S4, supplementary material). Out of 21 SNPs, there are
19 intron variants, one 3 prime UTR and one 5 prime
UTR variants.

3.5.1. Polymirts analysis of noncoding SNPs

All the non-coding SNPs (109) identified from the Ensemble
genome browser were analyzed by PolymiRTs web server.
Primarily, 27 SNPs were found with miRbase ID and miRNA
site. Later, These SNPs were evaluated based on their func-
tional class (C, D) and conservation score (10-3). Finally, 10
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Figure 8. (A) RMSD analysis of Co atoms of wild type and mutant IFNAR2-IFN protein complex’s structure at 150 ns. (B) RMSF analysis of the residues of the wild
type and mutant IFNAR2 protein over the 150 ns simulation. (C) Rg analysis of the wild type and mutant IFNAR2-IFN protein complex’s backbone over the 150 ns.
(D) SASA analysis of the wild type and mutant IFNAR2-IFN protein complex over the 150 ns. (E) Hydrogen bond analysis of the wild type and mutant IFNAR2-IFN

complex over 150 ns.

(ten) 3 prime -UTR SNPs were obtained for IFNAR2 gene
(Table S5, supplementary material). One SNP was observed
to be associated with Crohn’s disease and this association
has been published in an earlier study®°.

3.5.2. Finding eQTLs using GTEx portal

To identify the single tissue eQTLs and sQTLs, 21 filtered
RegulomeDB analyses were investigated in further detail in
the GTEx portal. A total of 137 eQTLs were obtained for 21
SNPs and 270 sQTLs also were retrieved for 15 SNPs express-
ing the IFNAR2 gene significantly. eQTLs and sQTLs were
found in different types of tissues: Adipose, Brain, Lung,
Esophagus-Mucosa, Heart-Atrial Appendage/left ventricle,
Skeletal Muscle, Pancreas, Skin, Stomach, Cultured fibroblasts
cells, Nerve-Tibia, and whole blood (Figure 9(A)). sQTLs are
also presented in other tissues: Liver, Prostate, Spleen,
Thyroid, and Colon. Notable findings are lung tissue eQTLs
and sQTLs expressing SNPs in IFNAR2. There are 14 sQTLs
and 5 eQTLs for lung tissues (Table 4). sQTLs and eQTLs
SNPs are significantly observed in adipose tissue, whole
blood, and skin tissue (Figure 9(B)). Violin plots of 14 sQTLs

and 5 single tissue eQTLs generated from GTEx analysis are
also provided (Figures S5 and S6, supplementary material).

4. Discussion

COVID-19 disease is a global public health danger through-
out the world caused by SARS-CoV-2 virus. As mentioned
earlier, nsSNPs or variants of the IFNAR2 gene were found to
be associated with traits, disease, or infection susceptibility
(Pairo-Castineira et al., 2021)(Frodsham et al, 2006), i.e.
COVID-19 severe illness, we executed a thorough categoriza-
tion of the SNPs of IFNAR2 gene by applying a wide variety
of in silico tools and identified the harmful/pathogenic
effects of 9 nsSNPs on IFNAR2 protein structure, function,
and stability. We also found several in silico studies that char-
acterized nsSNPs in different genes (Abdul Samad et al,
2016; Chakraborty et al., 2018; Lopez et al., 2021; Sen Gupta
et al, 2020). IFNAR2 gene encodes for IFNAR2 protein that
forms dimeric complex with Interferon alpha/beta receptor
protein, IFNART(Novick et al., 1994), has a crucial role in the
Type | interferon signaling pathway that is involved in
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immune response at the first line of protection against
COVID-19 disease (Lee & Shin, 2020). In response to any for-
eign particle, activation of phosphorylation of cellular pro-
teins is required to respond to combat the unfavorable
condition of the human body and stimulates the release of
numerous essential elements for early host response. IFNAR2
has a high binding affinity for ligands, thus early responding
Interferons (IFNs) bind to IFNAR2, subsequently IFNAR1 and
then other members in the typel pathway are activated to
respond to viral infection (Sadler & Williams, 2008; Zou et al.,
2016). As the IFNAR2 protein/receptor is an essential compo-
nent in that pathway, we are interested to explore the
IFNAR2 gene in this study and have decided to characterize
the SNPs which may be responsible for severe illness in
COVID-19 disease. Therefore, we intended to employ several
in silico tools to assess the missense and noncoding SNPs. A
wide range of tools have been implemented to make higher
accuracy predictions on the functional impact of the nsSNPs.
Most methods are constructed based on sequence or struc-
tural characteristics, while tools such as Polyphen 2.0 imple-
ment both 3D-structure and sequence and thereby give

Table 4. sQTLs and eQTLs in lung tissue for non-coding SNPs.

more robust predictions than those based only on sequence
information (Rodriguez-Casado, 2012). Current trend prefers
using a variety of tools to categorize variants as detrimental
or benign rather than a single tool (Alonso-Gonzalez et al.,
2018). SNPs were categorized by SIFT and PROVEAN based
on alignment data. Incorporating structural data, the
PolyPhen and SNPs&GO applications reinforced the predic-
tion results.

In our study, at the beginning, 42 nsSNPs were predicted
as deleterious by SIFT and PolyPhen2 and 13 nsSNPs were
predicted as pathogenic out of 42 which were examined
sequentially by rest of the tools (Figure 2). Then, among
these 13 SNPs, I-mutant 2.0 predicted 9 nsSNPs to reduce
the stability of protein. These identified 9 nsSNPs are D94G,
C207F, P136R, C85G, C85R, P136S, Y106F, | 148S, P202L in
IFNAR2 protein that may cause destabilization of IFNAR2 in
SARS-CoV-2 infected people. Mutation 3D analysis shows
two domains of IFNAR2: (1) tissue_fac, (2) Interfer-bind
domain containing all 9 nsSNPs. Interfer-bind is the inter-
feron binding domain which is essential for interferon bind-
ings such as type | interferon alpha or beta, interaction with
cytokines and protein kinases (JAK1). JAK1 phosphorylates
STAT1 which forms dimer with STAT2 involving in transcrip-
tional activation of target genes to respond to infectious

Qtts Gene symbol SNP id P-value NES Tissue  agents like coronavirus (Zou et al, 2016). These 9 nsSNPs
eQTLs IFNAR2 rs13052526 2.1E-06 0.16 Lung ; ; ; B
IFNAR? 142250926 51506 ota Lung may have.a nege.mve impact oh IFNAR2 pro<.j%1ct|on leading
IENAR2 152252650 0.000033 0.11 Lung to severe iliness in COVID-19 disease. In addition, the struc-
IFNAR2 rs2300371 0.000081 —0.1 Lung  tural effect analysis had been performed through 1) HOPE, 2)
IFNAR2 16517156 5.3E-06 —0.12 Lung . i P .
sQTLs IFNAR2 1411088247 8.8E.24 039 Lung molecular docklr?g .Of prc?teln protein interactions, and 3)
IFNAR2 rs1131964 7.4E-07 0.18 tung  molecular dynamic simulation of IFNAR2-IFN complex.
IFNAR2 rs12482193 2.3E-29 0.44 Lung HOPE analysis indicated the loss of interactions with lig-
IFNAR2 rs2248202 1.5E-06 0.19 Lung . .
IFNAR? 192248420 14E28 0.44 Lung and gIFNs), other domains or other. molgcules. in other
IFNAR2 152250226 4E-22 036 lung domains for 9ns SNPs due to change in amino acid proper-
IFNAR2 rs2252650 1.2E-26 —04 Lung  ties resulting in altered function of protein IFNAR2.
IFNAR2 rs2284550 1.2E-10 -0.23 Lung Spatiot | d . f tein- tein int ti
IFNAR? 152300371 15629 0.42 Lung patiotempora Ynamlcs of protein-pro gln' interactions are
IFNAR2 rs2834158 1.8E-24 —039 Lung affected by protein mass and charge variation (Peleg et al.,
IFNAR2 rs2834164 1.2E-10 —0.23 Lung  2014; Xu et al., 2013)). Notably, P136R/S, P202L presents spe-
IFNAR2 rs2834165 8.7E-11 -0.23 Lung ial tial f ti | d t h f I t
IENAR2 16517153 8.8E-24 039 lung Cial essential conformation loss due to change of proline to
IFNAR2 rs6517156 4.1E-24 0.39 Lung  arginine or serine or leucine and C207F, C85G/R possess loss
of disulfide bridge due to changes from cysteine to other
A B
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Figure 9. (A) distribution of sQTLs, and (B) eQTLs in different tissues for non-coding SNPs of IFNAR2 gene.



residues. P136R and C85R introduces charges that can result
in a rejection between the mutant and neighboring residues
(Peleg et al., 2014). The variants thus distort the linkage with
the surrounding residues to disturb normal biological proc-
esses. These changes lead to loss of thermodynamic stability,
abnormal folding and protein aggregation (Rodriguez-
Casado, 2012) (Figure 5 and Table S6, supplementary mater-
ial). All these 9 residues are conserved and located in the
interferon binding domain (functional) causing the disturb-
ance or hindrance in protein function (Figure 4). After pri-
mary validation of these 9 nsSNPs which were predicted as
pathogenic through all tools, we performed molecular dock-
ing of IFNAR2 and IFN complex for further verification. 5ns
SNPs (P136S, 1148S, P202L, P136R and Y106F) showed
decrease in binding affinity as binding energy becomes less
negative compared to wild type residues in IFNAR2. The
remarkable decrease in binding affinity (BA) for P136R and
P136S was resulted from loss of hydrogen bonds (13 to 6) in
the docked complexes of IFNAR2 and IFN. Studies for drug
design (Ghosh et al, 2020a, 2020b) performed Molecular
Docking using Auto dock Vina and found high binding affin-
ity of ligands (highly negative BA score) for protein that
states highly stable binding of ligand -protein complex. In
the case of our study, to identify the significant mutations or
nsSNPs, it was required to examine low binding affinity (less
negative or positive BA score compare to wild type) that can
destabilize the mutant IFNAR2-IFN complex. (Hossain et al.,
2020) performed the similar type of analysis using AutoDock
Vina and Pyryx tools to find out the significant ns SNPs. In
another study, mutant protein; 234R- LATS2 has reduced
binding affinity score (~21.0 Kcal/mol) compare to wild type
(-11 Kcal/mol) and had impact on the stability of the merlin
protein (Havranek & Islam, 2020). Therefore, loss of hydrogen
bonds and binding affinity reductions has a direct effect on
the stability of the IFNAR2-IFN complex by lowering the
probability of ligand binding with the receptor. Thus, our
results verified the pathogenicity of nsSNPs on protein func-
tion and structure leading to deficient activity of the receptor
in COVID-19 disease. Moreover, high binding affinity score of
mutant-protein complex explains the higher stability than
wild type and these nsSNPs of IFNAR2 protein can be used
to find out the effective drugs to treat COVID-19 severely
ill patients.

The static postures of the most preferred molecular con-
formation are provided by molecular docking in the binding
pocket of a protein to create a stable complex but cannot
show the other important features that contribute to a pro-
tein stability involving residue flexibility and secondary con-
struction elements (Purohit, 2014). Conformational changes
resulting from a protein’s dynamic behavior could affect its
actual biology (Bhardwaj & Purohit, 2020). MD simulations
could visualize the actual motion and structural disruption of
a protein in its biological environment. Though we have
obtained 5ns SNPs with lower binding affinity for IFN, we
performed MD simulations for one nsSNP (P136R) as this ns
SNP was predicted as highly pathogenic by all implemented
Insilco tools together with significant structural effect pre-
dicted by I-mutant 2.0 and Project Hope. Molecular

JOURNAL OF BIOMOLECULAR STRUCTURE AND DYNAMICS @ 11185

Dynamics simulations showed the decreased stability of
P136R mutant-IFNAR2 complex at normal physiological con-
dition in the human body compared to wild type protein.
Four different types of analysis: RMSD, RMSF, Rg, SASA
showed significant deviation in case of mutant IFNAR2-IFN
complex compared to wildtype IFNAR2-IFN complex.
Distinctively, increased RMSD value for P136R mutant-IFN
complex structure at 105-125ns, explains the separation or
destruction of the bound complex. The lower the RMSD, the
higher is the stability of the protein. However, the constant
RMSD value of the wild type IFNAR2-IFN complex shows the
intactness of the complex, indicating that this complex is sta-
ble (Figure 8(A)). This analysis concludes that the substitution
of Proline with Arginine at 136 positions in IFNAR2 protein
prevalently deviates its structure from the native conform-
ation which could affect the binding affinity of the protein
with IFN. As a result, the IFNAR2-IFN complex may not be
able to play its normal functionality(lslam et al., 2019)).)
Results from RMSF analysis revealed that due to the muta-
tion (P136R) at position 136 of the IFNAR2 protein, higher
degree of residual fluctuation was observed at positions 131-
140 which made that region more flexible than wild type
leading to lose of binding of IFNAR2 with IFN (Figure 8(B)).
Rg value deviation for mutant complex to native complex,
may create the IFNAR2-IFN complex less compact than wild
type which may increase the flexibility of the complex,
affecting the binding of IFNAR2 to IFN (Figure 8(C)). (Figure
8(D)) showed the SASA findings and entailed that the aver-
age SASA value of mutant protein always remained less than
the wild type suggesting that the mutant-IFN protein com-
plex's surface area was not as expand as the IFNAR2- wild
type-IFN protein complex for the effective binding of IFNAR2
to IFN. The reason behind the deviation in RMSD, RMSF, Rg
and SASA value of native and mutant protein was further
validated by hydrogen bond analysis. Decreased number of
H-bonds for mutant complex (Figure 8(E)) supports the
RMSD, RMSF, Rg and SASA findings and interprets that the
mutant-IFN complex was damaged after a certain time
directing towards unstable condition of the complex. All
these findings conclude that the P136R mutation may have a
deleterious effect on the stability of IFNAR2-IFN complex and
also proves the damaging effect of P136R in protein function
by hampering the binding of IFN to the IFNAR2 in response
to SARS-CoV-2 infection. Similar results were obtained from
RMSD, RMSF, Rg, H-bond and SASA analysis in many prior
studies for different mutant protein-ligand complex for
respective goal (Abdul Samad et al., 2016; Chakraborty et al.,
2018; Islam et al, 2019; Dash et al., 2020; Ghosh et al.,
2020b, 2020a; Havranek & Islam, 2020; Owji et al., 2020;
Choudhury et al., 2021; Lopez et al., 2021; Sen Gupta et
al., 2020).

miRNA binds to mRNA of IFNAR2 to regulate the produc-
tion of IFNAR2 protein by causing translation suppression
and mRNA damage. 3 prime UTR SNPs in IFNAR2 creates or
disrupts target sites in mRNA affecting the interaction of
miRNA-mRNA and subsequently may result in miRNA-
mediated abnormal IFNAR2 repression (Moszynska et al.,
2017) and affect normal IFNAR2 receptor production leading
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to reduced normal IFNAR2 level. Thus, this finding may have
a negative effect on overall immune response in the human
body. Hence, this understanding explains lower immune
response in COVID-19 in severely ill individuals too.

Characterization of the variation of gene expression levels
due to variants (SNPs) is attained through GTEx portal with
large sample size along with a wide range of tissues of the
human body (Aguet et al., 2017).In this study, GTEx portal ana-
lysis provided 270 sQTLs and 137 eQTLs for one 3 prime UTR,
one 5 prime UTR and remaining intron SNPs of IFNAR2 gene in
many tissues in human (Figure 9(A) and (B)). QTLs play an
important role in disease phenotypes or differing expression
of genes either by affecting spicing mechanism through sQTLs
or by affecting the expression levels of IFNAR2 through eQTLs
(Westra & Franke, 2014). sQTLs are present in introns having
an essential role in numerous splicing incidents (Garrido-
Martin et al., 2021). One of the two ways to regulate splicing
events is the direct alteration of splicing configurations by var-
iants in sQTLs. Throughout the populations, gene expression
of a particular gene varies due to the variation in genetic
architecture; SNPs in eQTLs (Mogil et al., 2018) reflecting the
epidemiological record which represents in various popula-
tions and has been demonstrated to associate with new traits
(Pala et al., 2017). Intron SNPs in sQTLs of IFNAR2 can nega-
tively regulate the splice events leading to hinder the transla-
tion process to produce IFNAR2 receptor associating with the
lower level of the protein in lung, adipose tissue, skin, heart,
and pancreas in various individuals. Thus, lower immune
response in adipose tissue, skin and lung in COVID-19 patients
resulting in severe illness in those patients. Similarly, the
eQTLs SNPs in different individuals cause new traits such as
high expression of the IFNAR2 gene with several regulatory
SNPs ending up with lower production of IFNAR2. This causes
lower receptor level for IFN binding in response to foreign
particles in lung, adipose tissue, skin, heart, and pancreas for
severely ill COVID-19 patients.

5. Conclusion

In this study, we employed various in silico tools and found 9
pathogenic nsSNPs which are unreported in UniProt database,
can modify the structure and function of IFNAR2 protein.
Further, among 9ns SNPs, two of them: P136R and P136S
were observed to be highly deleterious by molecular docking
through determining the reduced binding affinity for IFN mol-
ecules. Later our Molecular dynamic simulation presented a
significant deviation in functional domain of IFNAR2 with
mutant structure compared to wild type IFNAR2 complexed
with IFN molecule. These changes can interrupt the native
conformation of IFNAR2 leading to reduce the functionality in
response to coronavirus infection. The non-coding SNP ana-
lysis reveals an interference with miRNA binding site that may
disturb the expression of IFNAR2 protein. GTEx assessment
found the single tissue eQTLs and sQTLs SNPs which show the
hindrance of expression or post transcriptional modification of
IFNAR2 gene in lung tissue resulting in reduced production of
the receptor for severely ill patients in COVID-19. The findings
of this study will help the researchers and medical

practitioners to detect deleterious SNPs associated with the
severity of the illness in different individual patients in COVID-
19, consequently, assist to develop an effective drug against
the infection in future. Hence, clinical-trial-based research is
necessary comprehensively on a substantial population to
finalize these SNPs along with experimental validation
through mutational studies.
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