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analysis of impact of the missense mutations
on a-synuclein: an in silico study
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Abstract

Background Alpha synuclein (a-synuclein) is coded by SNCA gene and found in a helical form with phospholip-
ids or in an unfolded arrangement in the cytosol and belongs to the synuclein family other than beta synuclein

and gamma synuclein. It is a short protein made of 140 amino acids with three domains: an N-terminal lipid binding
helix, a non-amyloid- component (NAC), and an acidic tail at the C-terminus. a-Synuclein is present in aggregated
and fibrillar form in Lewy bodies and its association has been related to multiple system atrophy (MSA), Parkinson'’s
disease (PD), and Dementia with Lewy bodies (DLB). Our objective is to investigate and prioritise the possible nsSNPs
in the a-synuclein protein that have been potentially connected to human neurodegenerative diseases.

Results We used the series of computational tools to predict the mutation’s harmful effect on three-dimensional
structure of a-synuclein based on consensus approach. Our findings pointed to a significant computational blueprint
for discovering nsSNPs connected to neurodegenerative illnesses from a large SNP data set while also minimising

the expenses of experimentally showing harmful nsSNPs.

Conclusions The prioritised G25S (rs1433622151), V66E (rs1261243630), and V77D (rs745815563) mutations can be
employed in additional experimental studies to assess the a-synuclein protein mutation in relation to neurodegenera-
tive illnesses and develop a therapeutics against them.
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Background

Alpha synuclein (a-synuclein) is a protein that belongs
to the synuclein family other than beta synuclein
(B-Synuclein) and gamma synuclein (y-Synuclein)
[1]. Synucleins are soluble, unfolded neural proteins
found only in vertebrates [2]. In solution, a-synuclein
is a IDP (intrinsically disordered protein), suggesting
that it does not have a single stable 3D structure [3].
a-Synuclein can be seen in a helical form with phos-
pholipids or in an unfolded arrangement in the cytosol,
implying that its dynamic nature that allows it to play
distinct roles in different cellular locations. a-Synuclein
is comprised of 140 amino acid residues and is coded
by SNCA gene. It is a short protein which is acidic in
nature having three domains: a N-terminal lipid bind-
ing helix, a non-amyloid-p component (NAC), and
an acidic tail at the C-terminal. N-terminal region
starts from amino residues 1 to 60, is an amphipathic
in nature, and is marked by seven 11-residue repeats
(XKTKEGVXXXX) that include a highly conserved
KTKEGV. This region shows similarity to the helical
region of apolipoproteins. Furthermore, these repeat-
ing sequences are linked to a-synuclein’s ability to
interact with lipid bilayers [4]. The central NAC region
(residues 61 to 95) is hydrophobic in nature which is

involved in aggregation of proteins. Within the synu-
clein family, only a-synuclein has this domain [5]. The
C-terminal (residues 96 to 140) domain is an extremely
acidic, proline-rich site with no definite structural ten-
dency. This region is important for function and solu-
bility of a-synuclein as well as for its interaction among
different proteins [6]. Alpha synuclein is implicated in
the regulation of synaptic vesicle dynamics, including
vesicle clustering, mobilisation, and recycling. It inter-
acts with synaptic vesicle-associated proteins such as
synaptobrevin and synapsin, suggesting a role in mod-
ulating neurotransmitter release and synaptic trans-
mission. Aggregated forms of alpha synuclein, such as
oligomers and fibrils, have been shown to directly bind
to TLR2 on microglia, astrocytes, and other immune
cells in the brain. This interaction triggers TLR2 sig-
nalling and downstream activation of nuclear factor
kappa B (NF-kB) and mitogen-activated protein kinase
(MAPK) pathways, leading to the production of pro-
inflammatory cytokines, chemokines, and reactive
oxygen species (ROS). Chronic activation of the TLR2
pathway by alpha-synuclein aggregates contributes
to the progressive neurodegeneration observed in PD
and related synucleinopathies. Persistent neuroinflam-
mation, oxidative stress, and dysregulation of immune
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responses driven by TLR2 activation can lead to synap-
tic dysfunction, neuronal loss, and ultimately, disease
progression [47].

a-Synuclein is primarily present in the axon terminals
of presynaptic neurons in the brain. It interacts with pro-
teins and phospholipids in these terminals. It controls
synaptic vesicle trafficking and associated neurotransmit-
ter release [7-9]. It is present in large concentrations in
the brain (hippocampus, neocortex, thalamus, substantia
nigra, and cerebellum), with lower amounts in the non-
neuronal glial cells, heart, muscle, and other tissues [10].
a-Synuclein is present in aggregated and fibrillar form in
Lewy bodies [4]. Lewy bodies are the indicator of dam-
aged brain neurons of individuals with Parkinson’s dis-
ease (PD) and Dementia [11]. Association of a-synuclein
has been related to various conditions, including pure
autonomic failure, multiple system atrophy (MSA), PD,
and DLB [12]. a-Synuclein accumulation is a critical fac-
tor related with lysosome and proteasome reduction, it
also supports the theory that cell degeneration in PD is
caused by lysosomal and proteasomal dysfunction, poor
protein clearance and protein aggregation, all of which
lead to cell death [13, 49].

Some autosomal-dominantly hereditary familial PD
lineages were found to have a point genetic mutation
coding the presynaptic a-synuclein protein [11, 48]. The
pathological similarity between the A30P patient and
Idiopathic Parkinson’s disease (IPD) clearly support the
hypothesis that familial PD induced by the mutation
(A30P) in the gene of a-synuclein is not only clinically
but also pathologically connected to IPD [14].

SNPs (single-nucleotide polymorphisms) are most
commonly found DNA sequence variations which
arise when a single nucleotide in the genome sequence
is changed. Approximately 2% of all identified single-
nucleotide polymorphisms that are linked to a variety of
diseases are non-synonymous SNPs (nsSNPs) in protein-
coding regions [15]. Deleterious SNP prediction aims to
find out if an nsSNP will affect a protein’s function and so
lead to hereditary disease. Since SNPs can produce amino
acid variations, which cause alterations in the stability
of mRNA transcripts and also in the binding affinity of
transcription factors, doing a comprehensive analysis of
SNPs in the biological system is complex. In this context,
in silico screening is a useful technique for researching
SNPs [16]. In order to determine whether alterations are
detrimental or not, computational methods developed,
to forecast the effects of amino acid residue changes in
proteins, act like an initial filter of potentially deleterious
changes.

Our aim is to explore nsSNPs within the SNCA gene
encoding a-synuclein, with a focus on their relevance to
detecting neurological disorders. Employing an array of
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computational tools with consensus based approach, we
delve into the analysis of missense SNPs in a-synuclein
using diverse prediction algorithms. Subsequently, our
investigation extends to molecular dynamics simula-
tions aimed at evaluating the structural implications of
potentially deleterious mutations. We hypothesise that
discerning these variants could significantly influence
the stability and conformational integrity of the protein,
shedding light on mechanisms underlying neurological
disorders.

Methods

Data sets

Amino acid sequence of a-synuclein was retrieved from
UniProt database (https://www.uniprot.org) [17] having
Accession No. AAA16117.1. Ensembl genome browser
(https://asia.ensembl.org/index.html) [18] was used to
collect the SNP data for a-synuclein coded SNCA gene.

Protein sequence analysis

The computational methods used in primary pro-
tein sequence analysis of protein produce results depend-
ing on a number of parameters. The protein sequence of
a-synuclein was analysed using various in silico tools.
ProtParam (https:// web.expasy.org/protparam) [19]
was used to compute the physiochemical properties of
a-synuclein including molecular mass, theoretical pl,
composition of amino acid, estimated half-life, instabil-
ity index, aliphatic index, and grand average of hydro-
pathicity (GRAVY). SMART (http://smart.embl-heide
lberg.de) [20] was used to predict functional domains
present in a-synuclein. NetPhos 3.1 ([21, 22] was used to
detect phosphorylation sites for threonine, tyrosine, and
serine amino acid residues and GPS 3.0 (http://gps.biocu
ckoo.org/online.php) [23] was used to identify protein
sequences for kinase-specific phosphorylation sites. Tar-
getP 2.0 (https://services.healthtech.dtu.dk/service.php?
TargetP-2.0) [24] was used to predict subcellular locali-
sation of a-synuclein. Then, SignalP 5.0 (https://services.
healthtech.dtu.dk/service.php?SignalP-5.0) [24] was used
to predict signal peptides including their cleavage site.
The TOPCONS (https://topcons.cbr.su.se) [25] was used
to predict transmembrane domains and their positions
and finally STRING (https://string-db.org) [26] was used
to predict possible physical and functional interacting
partners of a-synuclein.

Binding pocket analysis

The possible biding pockets of a-synuclein was predicted
by CASTp (http://sts.bioe.uic.edu/castp/calculation.
html) [27] which is based on the current theoretical and
algorithmic insights in computational geometry.
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Deleterious nsSNPs prediction in coding region

The algorithmic tools used to anticipate potentially dam-
aging nsSNPs produce results based on their own mecha-
nism of action to assess the nature (neutral or deleterious)
of nsSNP which may alter the structure and function of a
protein, perhaps contributing to disease. Various in silico
tools were used to predict nsSNPs in a-synuclein to study
their effect on structure and function of it.

I-Mutant 3.0

[-Mutant 3.0 (http://gpcr2.biocomp.unibo.it/cgi/predi
ctors/I-Mutant3.0/I-Mutant3.0.cgi) [28] helps to assess
changes in stability of protein depending on single-site
variation in the protein sequence or structure. It uses an
SVM (support vector machine)-based approach to ana-
lyse the alterations in Gibbs free energy (4G) as AAG.
Protein stability is reduced when the AAG prediction
value is zero, and enhanced when the AAG prediction
value is greater than zero. To estimate protein stability
following a point mutation, we employed both sequence
and structure of protein as input sources.

PolyPhen-2 (Polymorphism Phenotyping v2)

PolyPhen-2 (http://genetics.bwh.harvard.edu/pph2) [29]
evaluates the effect on structural integrity and function-
ality of a protein by an amino acid variation, based on
basic physicochemical and statistical parameters. Poly-
Phen-2 value ranges from 0.0 to 1.0. Variants are classi-
fied as benign, possibly damaging, or probably damaging
as the value rises from 0.0 to 1.0. Protein sequence was
employed as an input resource.

PhD-SNP (Predictor of human Deleterious Single-Nucleotide
Polymorphisms)

PhD-SNP (https://snps.biofold.org/phd-snp/phd-snp.
html) [28] is SVM-dependent technique for predicting if
a single-site polymorphism in a protein is disease causing
or not. If the output score is greater than 0.5, the mutant
variation is identified as disease causing; otherwise, it is
termed neutral.

PANTHER

(Protein ANalysis THrough Evolutionary Relationships)
PANTHER (http://www.pantherdb.org/tools/csnpScoreF
orm.jsp) [30] is an online tool that classifies proteins/
genes to assist in rapid analysis. It facilitates in the pre-
diction of tracing back evolutionary preservation. If the
result is probably benign, the preservation time would be
less than 200 my, and the mutation is less likely to impact
protein function. When the preservation time is between
200 and 450 my, the variant is possibly damaging, and the
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variation may alter protein function. When the preserva-
tion time surpasses 450 my, the variation is more likely to
disrupt protein function.

SNPs&GO

SNPs&GO  (https://snps.biofold.org/snps-and-go/snps-
and-go.html) [31] is a single SVM-based prediction tool
that takes protein sequences, profiles, and functional
properties into account. It can detect if a mutation cause
disease or not depending on the associated protein’s
functional annotations. If RI (Reliability Index) result
is>0.5, the mutation is thought to be disease-related;
otherwise, it is considered normal.

PROVEAN

PROVEAN ([32] evaluates if a protein’s biological activ-
ity is affected by an AA alteration or indel. When the
PROVEAN value is<-2.5, the mutation is deleterious,
and when it is>-2.5, it is expected to be neutral.

Meta-SNP

Meta-SNP (https://snps.biofold.org/meta-snp) [33] has
been optimised to determine whether a specific point
variant in polypeptide is disease related or belongs to the
non-synonymous polymorphic (single-nucleotide vari-
ants) SNV category. The predictions of the four predic-
tors are combined in Meta-SNP’s output (PhD-SNP, SIFT,
PANTHER, and SNAP). Meta-SNP provided SIFT (sort-
ing intolerant from tolerant) results.

MUpro

MUpro (http://mupro.proteomics.ics.uci.edu) [34] is a
set of computational algorithms that employ SVM and
neural networks to assess the consequences of specific
amino acid alterations on protein stability. If the score is
0 or lower, the variation has a negative impact on protein
stability. However, when the score is higher than zero, the
variation enhances the protein’s stability.

INPS (Impact of Non-synonymous mutations on Protein
Stability)

INPS (https://inpsmd.biocomp.unibo.it/inpsSuite/defau
It/index2) [35] is a server that uses SVR (support vector
regression) that predicts how a single-point variation will
impact protein stability with reference to both sequence
and structure of input protein.

DUET, SDM and mCSM

DUET (http://biosig.unimelb.edu.au/duet/stability)
[36, 37] is a platform that uses a combination of com-
putational methods to analyse missense mutations in
protein structures. It combines the results of two com-
plementing techniques (SDM and mCSM) to get a
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consensus prediction. As a result of the mutation, the
analysis revealed the expected variance in folding free
energy (AAG in Kcal/mol). A negative number denotes a
destabilising mutation, while a positive number denotes
a stabilising mutation. The mCSM and SDM predictions
for protein stability are shown separately.

Generation of in silico mutants and Molecular Dynamic
Simulation

The mutation wizard of PyMOL (https://pymol.org/2)
[38] was used to genarate an in silico mutants of identi-
fied nsSNPs in a-synuclein. MD Simulations of wild-
type a-synuclein as well as its mutant structures were
done to characterise functional and structural integrity,
as well as to see if the mutants affect the protein’s stabil-
ity. We employed the GROMACS (Groningen Machine
for Chemical Simulations) to perform 100 ns MD simula-
tions using CHARMM27 force field settings [39-42]. The
CHARMM27 protein force field is best for the intrinsi-
cally disordered proteins (IDPs) like a-synuclein as it
increases the precision of conformational ensembles for
IDPs. MD simulations were started with the structure
of wild-type a-synuclein and its mutants G25S, V66E,
and V77D structures created by PyMOL. The four-
point TIP4P rigid water model has been used to solvate
systems in a triclinic box of volume 1922.70 nm? con-
structed through gmx editconf module. With the inclu-
sion of counter ions (positive or negatively charged),
the system was balanced, and energy minimization was
attained using the steepest descent approach as shown in
Table 1. The NPT and NVT thermostats were then used
with a 1 bar Parrinello-Rahman isotropic pressure cou-
pling and a 300 K Nose—Hoover temperature coupling
for 3 ns. For both wild-type a-synuclein and its mutant
structures, simulation runs of 100 ns were performed.
Following the completion of MD simulations of wild-
type a-synuclein and its mutant structures, we calculated
a comprehensive study of structural variations in wild-
type and mutant structures from the corrected trajecto-
ries (after the removal of PBC). The gmx rms, gmx rmsf,
gmx gyrate, and gmx sasa tools were used to perform
root-mean-square deviation (RMSD), root-mean-square

Table 1 Specific input parameters for MD simulations of native
and mutant forms of a-synuclein

SrNo System used No. of water No. of
molecules added counter ions
added
1 Wild-type a-synuclein 63,235 9Na*
2 Mutant (G255) 63,231 9Na*
3 Mutant (V66E) 63,232 10Na*
4 Mutant (V77D) 63,231 10Na*
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fluctuations (RMSF), radius of gyration (Rg), and solvent
accessible surface area (SASA) analysis. We also com-
puted the variations caused in helix properties of struc-
ture of the wild type and mutants of a-synuclein by using
gmx helix module of GROMACS.

In addition, we evaluated and analysed biologically rel-
evant dominant motions by conducting essential dynam-
ics based on principal component analysis of wild-type
a-synuclein and its mutant structures. The MD simula-
tion findings of wild-type a-synuclein and its mutant
structures were evaluated using built-in functions of
Gromacs, Bio3d package in R, [43] PyMOL and QtGrace.

Results

Primary sequence analysis

UniProt (https://www.uniprot.org) [17] database was
used to extract the amino acid sequence of a-synuclein
having Accession No. AAA16117.1. ProtParam (https://
web.expasy.org/protparam) [19] tool predicted different
chemical and physical properties of the «-synuclein. It
consists of 140 amino acid residues, predicted molecular
mass of 14.5 kDa, predicted pl is 4.67, instability index of
25.47 means it is stable at room temperature, estimated
half-life is greater than 20 h, aliphatic index is 69.64 that
shows this protein is thermodynamically stable over a
broad range of temperature and it also contains high
amount of hydrophobic amino acid residues as predicted
by its, grand average of hydropathicity (GRAVY) which
is -0.403. The SMART (http://smart.embl-heidelberg.de)
[20] web server predicted that the a-synuclein protein
has no specific domains depending upon the sequence
of amino acids. NetPhos 3.1 (https://services.healthtech.
dtu.dk/service.php?NetPhos-3.1) [21, 22] and GPS 3.0
(http://gps.biocuckoo.org/online.php) [23] server antici-
pated phosphorylation of residues S9, T33, Y39, S42,
T54, T59, T81, T92, Y125, S129, and Y133 in a-synuclein
protein.

According to the subcellular location findings by Tar-
getP 2.0 (https://services.healthtech.dtu.dk/service.php?
TargetP-2.0) [24] and SignalP 5.0 (https://services.healt
htech.dtu.dk/service.php?SignalP-5.0) [24] a-Synuclein is
a secretory protein and has no signal peptide. TOPCONS
(https://topcons.cbr.su.se) [25] showed that a-synuclein
is not a homologous transmembrane protein.

STRING (https://string-db.org) [26] database identi-
fied both known and potential interacting partners of
a-synuclein. They were HSPA8 (Heat shock protein
member 8), TH, VAMP2 (Vesicle-associated mem-
brane protein 2), PARK7 (Parkinson disease protein
7), TPPP (Tubulin polymerization-promoting protein),
PARK2 (Parkin), HSPA4 (Heat shock 70 kDa protein
4), SLC6A3 (dopamine active transporter), SNCAIP
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Fig. 1 Possible physical and functional interacting partners of a-synuclein identified by STRING database

Table 2 Potential binding site of a-synuclein anticipated by

CastP

Predicted Area (SA) (A?2) Volume (SA) Predicted pocket
binding site (A3)

Between 148.314 599.861

the helix

-A{”\

AW ORN

(Synphilin-1 also known as synuclein, alpha interact-
ing protein), and LRRK2 (Leucine-rich repeat kinase 2)
as shown in Fig. 1.

Binding pocket analysis

CASTp was used to find probable binding sites and
the binding site residues of a-synuclein. The best pre-
dicted pocket is composed of total 13 amino acid resi-
dues, whose solvent accessible surface area and pocket
volume are 148.314 A2 and 599.861 A3, respectively, as
shown in Table 2.

Deleterious nsSNPs prediction in coding region

Ensembl genome browser (https://asia.ensembl.org/
index.html) [18] was used to collect the nsSNP data for
a-synuclein. There were total 184 numbers of nsSNPs
present in the sequence which were missense variants,
out of which 10 were in the splice region. We employed
various in silico tools to predict deleterious nsSNPs from
174 missense variants in the coding region.

Classification and evaluation of predicted deleterious nsSNPs
by various in silico tools

In present study, I-Mutant 3.0(http://gpcr2.biocomp.
unibo.it/cgi/predictors/I-Mutant3.0/I-Mutant3.0.cgi)
[28] identified 88 nsSNPs with DDG value<0 which
may reduce protein stability. The DDG value is calcu-
lated from the unfolding Gibbs free energy value of the
mutated protein minus the unfolding Gibbs free energy
value of the wild type (Kcal/mol), PolyPhen-2(http://
genetics.bwh.harvard.edu/pph2) [29] predicted 79 nsS-
NPs as probably damaging, PhD-SNP(https://snps.biofo
ld.org/phd-snp/phd-snp.html) [28] with a score of>0.5
predicted 25 nsSNPs to be disease causing, PANTHER
(http://www.pantherdb.org/tools/csnpScoreForm.
jsp) [30] identified 40 nsSNPs as probably damaging,
SNPs&GO  (https://snps.biofold.org/snps-and-go/snps-
and-go.html) [31] predicted 87 nsSNPs as disease causing
with a score of>0.5 and PROVEAN (http://provean.jcvi.
org/seq_submit.php) [32] anticipated 60 nsSNPs with a
score of <-2.5 as deleterious as shown in Fig. 2.

Out of all these nsSNPs, three were found to be dam-
aging by all in silico tools used. They are rs1433622151
(G25S), rs1261243630 (V66E), and rs745815563 (V77D)
found as damaging by I-Mutant 3.0, PolyPhen-2,
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Fig. 2 Identification and classification of deleterious nsSNPs in a-synuclein: (A) Flowchart describing the in silico procedure for evaluating
deleterious nsSNPs and subsequent structural analysis (B) Bar diagram representing the number of nsSNPs predicted as deleterious by following in
silico tools: I-Mutant 3.0 (88 nsSNPs), PolyPhen-2 (79 nsSNPs), PhD-SNP (25 nsSNPs), PANTHER (40 nsSNPs), SNPs&GO (87 nsSNPs), PROVEAN (60

nsSNPs)

PhD-SNP, PANTHER, SNPs&GO, PROVEAN which
are located in the predicted binding pocket. To deter-
mine the possible deleterious effects of these muta-
tions, we used five additional in silico tools: MUpro,
INPS, DUET, SDM, and mCSM. Tables 3 and 4(a)
show the result. We also computed physicochemical

properties of these 3 nsSNPs using ProtParam (https://
web.expasy.org/protparam) [19] as shown in Table 4(b).

Generation of in silico mutants
The mutation wizard of PyMOL was used in our study
to genarate an in silico mutant structures of variations
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Table 3 Deleterious nsSNPs identified in a-synuclein by various in silico tools
SNPID rs1433622151 rs1261243630 rs745815563
Amino acid substitution G255 V66E V77D
Nucleotide substitution T T/C G/T
[-mutant 3.0 AAG(Kcal/mol) -0.88 —-1.00 -1.13

Prediction Stability decrease (Disease) Stability decrease (Disease) Stability decrease (Disease)
PolyPhen-2 Score 0.99 1.00 0.99

Prediction Probably damaging Probably damaging Probably damaging
PhD-SNP Score 2 3 1

Effect Disease Disease Disease
PANTHER Preservation time (my) 456 455 456

Prediction Probably damaging Probably damaging Probably damaging
SNPs&GO RI 0.76 0.60 0.76

Prediction Disease Disease Disease
PROVEAN Score — 546 —461 —494

Prediction Deleterious Deleterious Deleterious

Table 4 (a) Impact of prioritised nsSNPs of a-Synuclein on its structure; (b) Impact of prioritised nsSNPs of a-Synuclein on its predicted
physical and chemical properties

SNPID rs1433622151 rs1261243630 rs745815563
Amino acid substitution G255 V66E V77D
Nucleotide substitution T T/C G/T
MUpro Score -041 —1.08 —-1.34

Prediction Stability decrease Stability decrease Stability decrease
INPS AAG (Kcal/mol) -0.86 —243 -2.78
DUET AAG (Kcal/mol) -047 051 0.28

Prediction Destabilising Stabilising Stabilising
SDM AAG (Kcal/mol) - 040 148 0.17

Prediction Destabilising Stabilising Stabilising
mCSM AAG (Kcal/mol) -0.79 -0.24 -022

Prediction Destabilising Destabilising Destabilising
SrNo Physicochemical property Native a-synuclein G25S V66E V77D
1 pl 4.67 4.67 4.62 4.6
2 Instability index 2547 286 26.07 24.86
3 Aliphatic index 69.64 69.64 67.57 67.57
4 GRAVY - 0403 - 0406 —0458 —0458

as shown in Table 5, that had been found deleterious by
all in silico tools and are also located in predicted bind-
ing pocket. The variants are—rs1433622151 (G25S),
rs1261243630 (V66E), and rs745815563 (V77D).

Molecular Dynamic (MD) Simulation

We performed MD simulations of 100 ns for wild-type
a-synuclein and its mutant structures to further com-
prehend the structure and functional properties of the
predicted disease-causing mutations. After the end of

the MD simulations, the structural integrity and stabil-
ity of wild-type and mutant structures was determined
using the various analyses like root-mean-square devia-
tion (RMSD), root-mean-square fluctuations (RMSF),
radius of gyration (Rg), and solvent accessible surface
areas (SASA). Effect of mutants on the helix properties
of protein was also studied. Essential dynamics based on
principal component analysis of wild-type and mutant
a-synuclein structures were also used to study and
understand biologically relevant motions.
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Table 5 In silico mutant structures of prioritised variants
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SrNo SNPID Amino acid substitution Mutant structure
1 rs1433622151 G255
A
) G258
2 rs1261243630 V66E
V66E ’\/\A
3 rs745815563 V77D W\

V77D

€

The RMSD approach was used to evaluate the protein’s
structural stability and its mutations on a consistent time
frame [44]. RMSD assessment was carried out on all
mutant structures as well as the wild type of a-synuclein.
In both wild-type a-synuclein and its mutant structures,
structural variations have been detected. Compared to
the wild-type and the mutant structures, all three mutant
structures showed significant deviation from wild-type
a-synuclein as shown in Fig. 3a and Table 6. The average
values of RMSD for wild type, G25S, V66E, and V77D
were 3.28 nm, 2.60 nm, 2.90 nm, and 3.03 nm, respec-
tively. The average of all the three mutations indicate that
these variants alter the protein structure of a-synuclein.
We used the RMSF to check if the amino acid altera-
tion changed the dynamic characteristics of the residues.
The flexible and non-flexible portions of wild-type and
mutant a-synuclein structures can be identified using
the RMSF parameter. In this analysis, we found fluctua-
tions in protein structure with all the three mutations
throughout the simulation up to 100 ns. When com-
pared to wild-type structures, the V66E mutant struc-
ture displayed more fluctuations as shown in Fig. 3b and
Table 6. The average RMSF values for wild type, G25S,
V66E, and V77D were 0.66 nm, 1.15 nm, 1.51 nm, and
0.85 nm, respectively. The total RMSF data revealed that
all three mutations show the increase in the fluctuations

as compared to the wild-type structure of the protein.
The radius of gyration (Rg) is explained as the mass-
weight root-mean-square distance between a cluster
of atoms and their shared centre of mass. As a result,
it gives data on the protein’s overall dimension. In this
study, we found that the Rg value for G25S was higher
as compared to V66E and V77D as shown in Fig. 3¢ and
Table 6. The average Rg values for wild type, G25S, V66E,
and V77D were 2.61 nm, 4.06 nm, 2.99 nm, and 2.59 nm,
respectively. The Rg findings suggest that though G25S
shows higher values, all three mutations influence fold-
ing pattern of wild-type structure. We applied SASA to
investigate wild-type and mutant a-synuclein structures
to determine the solvent accessibility of a-synuclein and
the implications of mutations on the solvent effect of
a-synuclein as shown in Fig. 3d and Table 6. The aver-
age SASA values for wild type, G25S, V66E, and V77D
were 115.24 nm?, 128.14nm? 128.91nm? and 118.7nm?,
respectively. The SASA values of mutant structures are
higher than native form revealed that due to the influ-
ence of mutations structural changes occurred.

The essential dynamics (ED) approach was utilised to
capture the fundamental, biologically relevant motions
from the global trajectories of wild-type and mutant
a-synuclein structures for the principal component anal-
ysis. In ED, two variables, PC1 (Principal Component 1)



Sharma et al. Egyptian Journal of Medical Human Genetics

Q
S—

RMSD (nm)

0 . ! . | . 1 . L .
0 20 40 60 80 100

Time (ns)

6 v T v T T T T

2 L L " L L
0 20 40 60 80 100
Time (ns)

(2024) 25:60

Page 10 of 15

L 1 L 1 L | 1 L 1
0 20 40 60 80 100 120 140
Residue
200 r T T T T T T

180 -

160 - -1

140

SASA (nm?)

120

100 L L L :
0 20 40 60 80 100

Time (ns)

Fig. 3 Molecular dynamics simulation results of the wild-type a-synuclein and 3 mutant (V77D, V66E, and G25S) structures of a-synuclein.
(a) Root-mean-square deviation, (b) Root-mean-square fluctuation, (c) Radius of gyration and (d) Solvent accessible surface area. Wild type
is represented in black, mutant G25S in red, mutant V66E in green, and mutant V77D in blue

Table 6 Time averaged structural properties obtained from MD simulations of native and mutant (G25S, V66E, and V77D) structures of

a-synuclein

SrNo System used RMSD (nm) RMSF (nm) Rg (nm) SASA (nm?)
1 Wild-type a-synuclein 328 0.66 261 115.24

2 Mutant G255 2.60 1.15 4.06 12814

3 Mutant V66E 2.90 1.51 299 12891

4 Mutant V77D 3.03 0.85 2.59 1187

and PC2 (Principal Component 2), measure the aggregate
fluctuations of the most variable areas of a-synuclein.
The eigenvalue ranks and two-dimensional projections of
the significant variations are depicted in Fig. 4. The initial
conformations of wild type and mutants are reported by
blue dots, whereas the intermediate and final conforma-
tions are represented by the white and red dots, respec-
tively. The continuous colour scale from blue to white
to red dots indicates that there were periodic jumps
between these conformers throughout the trajectory. The
projections implied that, in comparison with the wild-
type a-synuclein, the mutants show distinct conforma-
tional changes in the essential dynamics of a-synuclein.

The initial conformations of wild-type «-synuclein pro-
tein are clustered in left and right top side of essential
subspace while the final conformations are tightly clus-
tered in bottom right of essential subspace. The confor-
mational subspace occupied by wild-type a-synuclein
along PC1 is 67.14% and 7.66% for PC2. Further, the con-
formational subspace occupied mutant G25S along PC1
is 37.36% and 23.58% for PC2. Similarly, the conforma-
tional subspace occupied by mutant V66E along PCl1 is
56.66% and 20.94% for PC2. Lastly, the conformational
subspace occupied by mutant V77D along PC1 is 54.81%
and 12.74% for PC2. By PCA graphs, we found that all
mutants show higher flexibility than wild type as shown
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Fig. 4 Principal component (essential dynamics) analysis of the wild-type a-synuclein and mutant G25S, V66E, and V77D structures of a-synuclein.
(a) wild-type a-synuclein, (b) G255 mutant, (c) V66E mutant and (d) V77D mutant

in Fig. 4. The total PCA analysis revealed that all mutants
affect the stability of a-synuclein protein, which line with
the observations of all the initial analysis. Moreover, from
the PCA analysis, it has been observed that the trace of
covariance matrix values is altered in comparison with
native form which again indicated that missense muta-
tions are significantly alter the conformational behaviour
of alpha synuclein protein.

We also calculated variations caused in helix properties
of structure of the wild type and mutants of a-synuclein
by using gmx helix module of GROMACS. In this analy-
sis, various helical properties like helix radius, twist, rise
per residue, total helix length, RMS deviation from ideal

helix, average phi-psi angles, helicity per residue, and
average C,jpn,—Cypna dihedral angle were computed to
understand the effect of the mutation on the wild-type
a-synuclein protein. The various values obtained by these
analysis are shown in Table 7. All helix properties showed
alterations in all mutants as compared to wild-type
a-synuclein.The graphs showing the variations in differ-
ent helix properties are given in Additional file 1.

Overall molecular dynamics simulation results show
that the mutations affect the structural stability and
dynamic behaviour of the a-synuclein protein. There-
fore, using a molecular dynamics simulation we com-
pared the structures of wild type and all three mutants of

Table 7 Average values of various helix properties of wild-type a-synuclein and mutant structures

Srno Helix property Native a-synuclein G25S V66E V77D

1 Twist (deq) 89.15 97.12 8148 579
2 Rise (nm) 0.15 0.15 0.14 0.14
3 Helix radius (nm) 0.29 0.25 0.31 0.39
4 Helicity (% of time) 724 69.2 66.6 674
5 Total helix length (nm) 6.55 482 477 645
6 Average phi angle (deg) —65.87 —66.11 —64.74 -67.21
7 Average psi angle (deg) —3846 —36.29 —3202 —3557
8 RMS deviation from ideal helix (nm) 0.19 0.13 0.24 0.39
9 Average Cyipna-Cyppns dihedral (deg) 51.06 50.76 4759 484
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a-synuclein protein in this study. Throughout the 100 ns
simulation, structural alterations were seen in all three
mutants of the alpha-synuclein protein as compared to
the wild type. These nsSNPs of the a-synuclein protein
may destabilise its structure, which may have an impact
on its function, according to this molecular dynamics
study. If the activity of a-synuclein protein is disrupted,
its cellular functioning may be compromised, leading to
serious human malfunctions such neurodegenerative
illnesses.

4. Discussion

This present study to pinpoint the most harmful genetic
variations in a-Synuclein and understand how they affect
the protein’s stability. By employing various special-
ised computer techniques related to diseases, we could
separate harmful genetic variations from those that are
harmless or neutral. We conducted an exhaustive search
using a SNP database adhering to well-defined criteria to
ensure accuracy and reliability and identified 174 mis-
sense nsSNPs. Various computational tools were then
employed to assess their harmfulness. Through analysis
using seven different in silico tools (I-Mutant 3.0, Poly-
Phen-2, PhD-SNP, PANTHER, SNPs&GO, PROVEAN,
SIFT), three nsSNPs, specifically rs1433622151 (G25S),
rs1261243630 (V66E), and rs745815563 (V77D), were
consistently identified as disease causing or deleterious
variants. Three-dimensional models of the nsSNP varia-
tions G25S, V66E, and V77D were generated to evaluate
the structural stability of the mutant proteins in com-
parison with the wild-type protein. The Ramachandran
plot, utilised for assessing the structural precision of
protein models, confirmed the validity of our predicted
variant models. The structural stability and dynamic
behaviour of all three mutants, as well as the wild-type
a-synuclein, were examined through 100 ns of molecu-
lar dynamics simulations. This allowed for a comprehen-
sive assessment of how variations affected the protein’s
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structural integrity, particularly highlighting the dynamic
differences between the mutants and the wild-type
a-synuclein. Subsequent analyses following the molecu-
lar dynamics simulations concluded that all three muta-
tions substantially destabilised the structural integrity of
the wild-type protein. Specifically, the G25S, V66E, and
V77D mutants were found to disrupt the stability of the
wild-type protein, potentially interfering with its func-
tion. These mutations were observed to exert a notable
influence on the structural stability and dynamic behav-
iour of the a-synuclein protein. The lipid binding domain
of a-synuclein spans from residue number 1 to 95, char-
acterised by its hydrophobic nature and its involvement
in protein aggregation [4, 5]. Notably, all three muta-
tions—G25S, V66E, and V77D—are situated within this
lipid binding domain of a-synuclein, as illustrated in
Fig. 5. Single-nucleotide polymorphisms (SNPs) occur-
ring in crucial domains of proteins can cause disruptions
in their structure, leading to functional impairment. In
the case of a-synuclein, all three predicted nsSNPs are
located within the hairpin structure of the protein. This
positioning has the potential to disrupt intermolecular
interactions necessary for tetramer formation. Conse-
quently, an elevated presence of monomeric a-synuclein
may occur, contributing to its aggregation, which is
implicated in neurodegeneration [45]. The substitution of
glycine with serine at the 25th position induces structural
alterations in a-synuclein. Glycine typically does not par-
ticipate in post-translational modifications (PTMs) on
its side chain, whereas serine is commonly engaged in
numerous PTMs, including O-glycosylation, O-acetyla-
tion, O-octanoylation, O-palmitoylation, N-acetylation,
N-decanoylation, and notably, phosphorylation. These
PTMs can variably modify the structural interactions
and functional activities of a-synuclein [46]. Valine is
an amino acid with hydrophobic properties, while glu-
tamic acid and aspartic acid are hydrophilic in nature.
Alterations in post-translational modifications (PTMs)

-

Hydrophobic region
Lipid binding domain and involved in protein
|

1 G25S 60 V66E

aggregation

~

Acidic region
Proline rich, important for solubility
|

V77D 95 140

N-terminal region

o
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C-terminal region

Fig. 5 Location of predicted nsSNPs on the sequence of a-Synuclein
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are often indicative of disease states. The transition from
a hydrophobic to a hydrophilic amino acid can signifi-
cantly impact the lipid interactions of a-synuclein. Valine
residues at positions 66 and 77 are situated within the
NAC region of a-synuclein, which possesses the ability
to interact with lipids due to the hydrophobic nature of
valine. The substitution of valine with hydrophilic amino
acids like glutamic acid and aspartic acid may result in
the loss of interactions with lipids, consequently promot-
ing the formation of beta aggregates and disruption of
membranes [4]. Furthermore, changes in a-synuclein’s
membrane-binding capabilities may also impact its phys-
iological function in processes such as vesicle trafficking
and neurotransmitter release, which rely on the protein’s
interaction with lipid membranes. This study examines
the potential roles of the G25S, V66E, and V77D vari-
ants of a-synuclein in neurodegenerative disorders, aim-
ing to uncover their contributions to disease progression
and pave the way for further investigation in this field.
In essence, this study represents a significant step for-
ward in our understanding of the structural and func-
tional implications of genetic variations in a-synuclein,
particularly in the context of neurodegenerative disor-
ders. By elucidating the intricate molecular mechanisms
underlying these variations, the study not only sheds light
on the pathogenesis of these devastating diseases but
also lays the groundwork for future investigations into
potential therapeutic interventions targeting a-synuclein
dysfunction.

Conclusion

SNPs represent one of the most prevalent risk factors
across a range of complex illnesses, affecting the structure
and function of resulting proteins within the protein-cod-
ing region. Various methods have been utilised to explore
the deleterious effects associated with nsSNPs in numerous
disorders. Presently, computational analysis has generated
a roadmap for identifying typical disease-specific nsSSNPs
at the molecular level. In this current study, we have identi-
fied three highly critical deleterious variants, G25S, V66E,
and V77D, within the amino acid sequence of a-synuclein.
To examine the structural and functional consequences
of these predicted deleterious nsSNPs, a 100 ns molecular
dynamics simulation was performed. Our results indicate
that the G25S nsSNP could promote serine-dependent
phosphorylation of a-synuclein, impacting its structural
stability. Similarly, the V66E and V77D nsSNPs alter the
hydrophobic to hydrophilic amino acid composition, signif-
icantly affecting a-synuclein’s interaction with lipids. These
alterations in lipid binding may disrupt tetramer formation,
leading to a-synuclein aggregation, ultimately contribut-
ing to neurodegeneration. These structural modifications
may play a crucial role in neurodegenerative diseases. The
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prioritised nsSNPs identified in the present study could
serve as valuable targets for further experimental research,
particularly, by site directed mutagenesis (SDM), enabling
the assessment of a-synuclein protein mutations in rela-
tion to neurodegenerative disorders and facilitating the
development of therapeutics against these mutant forms of
a-synuclein.

Abbreviations

a-Synuclein  Alpha synuclein

nsSNPs Non-synonymous single-nucleotide polymorphisms
PD Parkinson’s disease

AG Gibbs free energy

GROMACS Groningen Machine for Chemical Simulations
RMSF Root-mean-square fluctuations

RMSD Root-mean-square deviation

Rg Radius of gyration

SASA Solvent accessible surface area

PCA Principal component analysis

MD Molecular dynamics

ED Essential dynamic
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