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Abstract
Neuronal growth regulator 1 (NEGR1) is a candidate gene for human obesity, which encodes the neural cell adhesion and
growth molecule. The aim of the current study was to recognize the non-synonymous SNPs (nsSNPs) with the highest predicted deleterious effect on protein function of the NEGR1 gene. We have used five computational tools, namely, PolyPhen,
SIFT, PROVEAN, MutPred and M-CAP, to predict the deleterious and pathogenic nsSNPs of the NEGR1 gene. Homology
modeling approach was used to model the native and mutant NEGR1 protein models. Furthermore, structural validation was
performed by the PROCHECK server to interpret the stability of the predicted models. We have predicted four potential
deleterious nsSNPs, i.e., rs145524630 (Ala70Thr), rs267598710 (Pro168Leu), rs373419972 (Arg239Cys) and rs375352213
(Leu158Phe), which might be involved in causing obesity phenotypes. The predicted mutant models showed higher root
mean square deviation and free energy values under the PyMoL and SWISS-PDB viewer, respectively. Additionally, the
FTSite server predicted one nsSNP, i.e., rs145524630 (Ala70Thr) out of four identified nsSNPs found in the NEGR1 proteinbinding site. There were four potential deleterious and pathogenic nsSNPs, i.e., rs145524630, rs267598710, rs373419972
and rs375352213, identified from the above-mentioned tools. In future, further functional in vitro and in vivo analysis could
lead to better knowledge about these nsSNPs on the influence of the NEGR1 gene in causing human obesity. Hence, the
present computational examination suggest that predicated nsSNPs may feasibly be a drug target and play an important role
in contributing to human obesity.
Keywords Obesity · nsSNPs · NEGR1 · Computational tools · Homology modeling

Introduction
Obesity is a significant problem occurring in different
parts of the world. Many young children and adolescents
are affected by this epidemic in some or the other way,
such as certain cardiovascular disorders, skeletal problems, diabetes mellitus and many more (Guh et al. 2009).
Obesity can be clinically measured by the measure of
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body mass index (BMI), which can be calculated as the
weight of an individual divided by the square of height.
Individuals who have BMI ≥ 25 kg/m 2 are considered
overweight, while individuals with BMI ≥ 30 kg/m2 are
categorized as obese (Frayling et al. 2007). The hypothalamus is involved in many neuronal and hormonal signals
of satiety and nutritional status, which takes control of
nutrients, regulates their function and maintains glucose
homeostasis and peripheral lipid metabolism (Nogueiras et al. 2007). If the hypothalamus does not function
properly, obesity develops in some individuals (Williams
2012). Type 2 diabetes (T2D) is one of the primary consequence of obesity, which is characterized by increased
secretion of insulin by the pancreatic beta cells leading
to hyperglycemia and increased blood pressure (Nolan
et al. 2011). Many genes are reported to cause obesity in
humans. Till now, 127 genetic loci have been identified
in the human genome for their association with obesity
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phenotypes through genome-wide association studies
(GWAS) (Alonso et al. 2016). The NEGR1 is a newly recognized raft-associated protein, which has recently been
featured as a new locus related to human obesity (Kim
et al. 2017). Niemann–Pick disease type C2 (NPC2) is a
fatal human neurodegenerative disease which stimulates
intracellular cholesterol trafficking; in this case, NEGR1
interacts with NPC2 and increases its protein stability.
Thereby, NEGR1 plays a role in intracellular cholesterol
homeostasis and is possibly linked with human obesity
(Kim et al. 2017). The NEGR1 gene is also known as kilon
or neurotractin and is the most common variant associated
with BMI (Thorleifsson et al. 2009; Willer et al. 2009;
Speliotes et al. 2010). The NEGR1 protein is encoded by
the NEGR1 gene. The NEGR1 is a 354 amino acid IgLON
protein, which belongs to the immunoglobulin superfamily of cell adhesion molecules (Miyata et al. 2003). This
gene is located on chromosome 1p31.1, has nine exons
and functions as a trans-neural growth-promoting factor
in regenerative exon sprouting in the mammalian brain. It
also plays an important role in cell to cell adhesion and
neurite outgrowth in hypothalamic neurons and physical
activity, which is associated with obesity (Lee et al. 2012,
2015). It is located at the post-synaptic sites of dendritic
and somatic synapses and highly expressed in the cerebral
cortex, hippocampus, and cerebellum during postnatal
development (Schäfer et al. 2005). It has also been shown
that NEGR1 is involved in neurite outgrowth and also
determines synapse number in the hippocampus during
neuronal development (Pischedda et al. 2014; Hashimoto
et al. 2008; Marg et al. 1999). There are no biochemical
functional studies reported on human NEGR1 so far. However GWAS analysis reported that NEGR1 was associated
with human body weight regulation and human dyslexia
(Veerappa et al. 2013; Willer et al. 2009).
Single nucleotide polymorphism (SNP) plays a vital role
in identifying genetic variants and a potential biomarker for
investigating the deleterious and neutral effects on protein
function associated with obesity (Lyon and Hirschhorn
2005). The study of the SNPs on the living system is complicated. Since single nucleotide change might control the
protein function by altering the transcription activity, the
efficiency of the splicing mechanism, m-RNA expression
and in the protein coding region, it causes missense or nonsense mutations (Vazquez-Martinez and Gasman 2014;
Garg and Wood 2013; Komar 2007). A recent study also
supports the genome-wide prioritization of sequence variants with the most deleterious effect on protein function
which was performed in nine vertebrate species including
humans (Rozman and Kunej 2018). Computational studies
are cost-effective, less time consuming and more reliable
as compared to experimental processes (Singh and Mahalingam 2017; Singh et al. 2016). Thus, the present study
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aims to recognize and explore the deleterious nsSNPs of
the NEGR1gene, which is associated with human obesity,
computationally.

Materials and methods
Collection of nsSNPs
The information about nsSNPs of the NEGR1gene was collected from dbSNP (http://www.ncbi.nlm.nih.gov/snp/) and
GeneCard (http://www.genecards.org/cgi-bin/snp) databases. The information about the missense mutation of the
human NEGR1 gene was obtained from the Human Gene
Mutation Database (HGMD) (http://www.hgmd.cf.ac.uk/).

Prediction of functional impact and deleterious
nature of the collected nsSNPs
There are various computational methods and tools widely
available to predict deleterious nsSNPs. In this study,
we used five computational tools, i.e., PolyPhen, SIFT,
PROVEAN, MutPred and M-CAP, to predict the structural,
functional and evolutionary information about the NEGR1
protein (Homo sapiens; UniProt ID Q7Z3B1). The PolyPhen and PROVEAN use structural and functional features
of the protein, whereas SIFT and MutPred use evolutionary sequence relationship to identify the tolerance or intolerance (Singh and Mahalingam 2017; Singh et al. 2016;
Kumar et al. 2009, 2015; Goswami 2015; Choi et al. 2012;
Adzhubei et al. 2010; Li et al. 2009; Ng and Henikoff 2003).

PolyPhen 2.0 (Polymorphism Phenotyping 2.0)
The PolyPhen 2.0 (http://genetics.bwh.harvard.edu/pph2/)
tool predicts the effect of amino acid variations on the structure and function of a human protein using straightforward
physical and comparative considerations (Adzhubei et al.
2010). This type of prediction is based on features including
sequence, phylogenetic and structural information characterizing the substitution. We used the NEGR1 protein sequence
and specific amino acid variants as an input option. This tool
classifies the nsSNPs as benign, probably damaging and possibly damaging, based on the position-specific independent
count (PSIC) score (Adzhubei et al. 2010).

Sorting intolerant from tolerant (SIFT)
The SIFT (http://sift.jcvi.org/) tool predicts whether an
amino acid substitution affects the protein function or not.
It is a sequence homology-based tool which premises that
protein evolution is correlated with protein function (Kumar
et al. 2009). We have submitted all nsSNPs of NEGR1 gene
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in this tool as an input option to find the deleterious nsSNPs. This tool shows the impact as deleterious if SIFT
score is < 0.05 and tolerated if SIFT score is ≥ 0.05 (Ng and
Henikoff 2003).

Protein variation effect analyzer (PROVEAN)
PROVEAN (http://provean.jcvi.org/index.php) is a freely
available tool which predicts the functional effect of the
protein upon amino acid substitution (Choi et al. 2012).
This tool gives a PROVEAN score for all types of human
proteins and variants. If the PROVEAN score is < − 2.5,
then it depicts a deleterious protein variant, while for neutral
protein variants the score is > − 2.5. We have used batch
protein sequence variants as an input option for this tool.

MutPred
MutPred (http://mutpred.mutdb.org/) is also a Web-based
freely available tool which categorizes an amino acid substitution as a disease associated or neutral in humans. This
tool predicts the molecular cause of disease, based on amino
acid substitution (Li et al. 2009). It predicts the functional
and structural characteristics of a protein upon amino acid
modification. It uses SIFT, PSI-BLAST and Pfam profiles
for functional attributes, whereas TMHMM, MARCOIL and
DisProt are used for structural properties (Punta et al. 2012;
Kumar et al. 2009; Sickmeier et al. 2007; Delorenzi and
Speed 2002; Krogh et al. 2001; Altschul et al. 1997). The
functional and structural characteristic predictions make this
tool more efficient and accurate in finding the deleterious
nsSNPs. This tool gives the top five features and classifies
three hypotheses based on certain combinations of high values of general or probability of deleterious mutation scores
(g) and low values of property scores (p) reported as follows:
(1) scores with g > 0.5 and p < 0.05 are referred to as actionable hypotheses; (2) scores with g > 0.75 and p < 0.05 are
referred to as confident hypotheses; (3) scores with g > 0.75
and p < 0.01 are referred to as very confident hypotheses
(Li et al. 2009). We have used NEGR1 protein sequence
and amino acid substitutions as an input option for this tool.

Mendelian clinically applicable pathogenicity
(M‑CAP)
M-CAP (http://bejerano.stanford.edu/mcap/) is the first pathogenicity classifier for rare missense variants in the human
genome and freely available Web-based tool. It is highly sensitive (Jagadeesh et al. 2016). It outperforms the various existing
tools at all thresholds and accurately dismisses 60% of rare
missense variants of tentative significance in the distinctive
genome at 95% sensitivity. We have submitted the coordinates as chromosome position of corresponding rs ids. The
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tool shows the M-CAP score and pathogenic prediction with
95% sensitivity.

Homology modeling and structural prediction
The homology modeling approach was performed by
SWISS-MODEL to analyze the quality of the NEGR1 protein and predicted nsSNPs (obtained by PolyPhen, SIFT,
PROVEAN, MutPred and M-CAP tools) to find out their
possible 3D structures (Arnold et al. 2006; Biasini et al.
2014). We used the NEGR1 protein sequence (UniProt Id:
Q7Z3B1) for homology modeling, where we used PDB
Id: IQZ1.1A (Rattus norvegicus) as the best template with
22.22% identity, since there was no crystal structure present
in the Protein Data Bank (PDB). After homology modeling,
PDB files were downloaded for native and mutant models
for further structural analysis. The PROCHECK server was
used for the structural validation, stereochemical properties
and Ramachandran plot analysis of the predicted models
(Laskowski et al. 1996). The analysis of other structural
properties such as RMSD, free energy and energy minimization was carried out and visualized under the PyMOL (Version 1.7.4 Schrodinger, LLC) viewer, Swiss-PDB viewer and
NOMAD-Ref server (Lindahl et al. 2006).

Prediction of ligand‑binding site with FTSite server
FTSite (http://ftsite.bu.edu) is an online server. It predicts
the ligand-binding sites of proteins with very high accuracy (Ngan et al. 2012). It was performed to check whether
the identified nsSNPs were present in the NEGR1 proteinbinding region.

Results
Distribution, selection, and prediction of SNPs
The NEGR1 gene (Homo sapiens) had a total of 44, 614
SNPs, out of which 101 were nsSNPs (missense), 185 were
3′UTR, 31 were 5′UTR, 65 were coding synonymous, 4
were frameshift, 3 were nonsense, 2 were stop gained and
44,169 were in the intronic region (searched on 22.11.2016
at dbSNP and Genecard database). In this investigation,
we considered all 101 coding nsSNPs for the prediction
of potential deleterious nsSNPs by five different computational tools, i.e., PolyPhen, SIFT, PROVEAN, MutPred and
M-CAP (Fig. 1).

Identification of deleterious nsSNPs with PolyPhen
2.0 tool
The PolyPhen 2.0 tool identifies nsSNPs based on amino
acid substitution with a PSIC score. Based on the PSIC
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and 9 nsSNPs were found to be probably deleterious with
a PSIC score of ~ 1.0 (Table 1).

Identification of deleterious nsSNPs with SIFT tool

Fig. 1  Screening of deleterious nsSNPs in the NEGR1 gene: this
bar graph depicts screening and prediction of potential deleterious
nsSNPs by five different computational tools as follows: PolyPhen
(predicted deleterious nsSNPs = 9), SIFT (predicted deleterious nsSNPs = 12), PROVEAN (predicted deleterious nsSNPs = 31), MutPred
(predicted deleterious nsSNPs = 21) and M-CAP (predicted pathogenic nsSNPs = 21)

score, this computational tool classifies the nsSNPs as
probably damaging, possibly damaging and benign. In
this report, we considered all 101 nsSNPs for our analysis

The SIFT tool predicts the nsSNPs based on amino acid
substitution and gives details whether the substitution affects
the protein function or not. This tool classifies the nsSNPs
based on SIFT score as tolerated and deleterious. In this
study, we have taken all 101 nsSNPs for our analysis and
12 nsSNPs were found to be deleterious with SIFT score of
< 0.05 (Table 2).

Identification of deleterious nsSNPs with PROVEAN
tool
The PROVEAN tool predicts the deleterious nsSNPs and
functional effect of the protein upon amino acid substitution.
This tool classifies the nsSNPs as deleterious and neutral
based on PROVEAN score. In our study, we have taken all
101 nsSNPs for the analysis and 31 nsSNPs were found to
be deleterious (Table 3).

Table 1  List of deleterious
nsSNPs identified by the
PolyPhen tool

S. no.

SNP IDs

Amino acid
substitution

Nucleotide
substitution

PSIC score

Predicted impact

1
2
3
4
5
6
7
8
9

rs145524630
rs267598710
rs373419972
rs375352213
rs552625764
rs751003323
rs759773075
rs761710178
rs778158263

Ala70Thr
Pro168Leu
Arg239Cys
Leu158Phe
Gly238Arg
Ser280Phe
Val135Ala
Asp83Ala
Tyr101Cys

C/T
A/G
A/G
A/G
C/T
C/G
A/G
G/T
C/T

0.997
0.998
0.901
0.998
0.746
0.969
0.989
0.995
0.999

Probably damaging
Probably damaging
Possibly damaging
Probably damaging
Probably damaging
Probably damaging
Probably damaging
Probably damaging
Probably damaging

Table 2  List of deleterious
nsSNPs identified by the SIFT
tool

S. no.

SNP IDs

Amino acid
substitution

Nucleotide
substitution

SIFT score

Predicted impact

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

rs145524630
rs267598710
rs373419972
rs375352213
rs202121169
rs267598711
rs368350763
rs371044840
rs371109100
rs376699190
rs41289154
rs183107213

Ala70Thr
Pro168Leu
Arg239Cys
Leu158Phe
Arg195Thr
Asp46His
Gln8His
Asn47Asp
Ala308Val
Arg74Gly
Tyr347Ser
Val20Gly

C/T
A/G
A/G
A/G
C/G
C/G
C/G
C/T
A/C/G
C/G
G/T
A/C

0
0
0
0
0
0.004
0.001
0.02
0.06/0
0
0.001
0.002

Deleterious
Deleterious
Deleterious
Deleterious
Deleterious
Deleterious
Deleterious
Deleterious
Tolerated/deleterious
Deleterious
Deleterious
Deleterious
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Identification of deleterious nsSNPs with MutPred
tool

Identification of pathogenic nsSNPs with M‑CAP
score

The MutPred tool identifies nsSNPs and categorizes an
amino acid substitution as a disease associated or neutral
in humans. It predicts the molecular cause of a disease and
also classifies three hypotheses as actionable, confident and
very confident. It also gives a score of the probability of
deleterious mutation, and based on the score predicts the
top five features associated with functional and structural
changes in a protein upon amino acid modifications. In this
study, we have taken all 101 nsSNPs for our analysis and
21 nsSNPs were found to be deleterious with the top five
features (Table 4).

The M-CAP tools identify nsSNPs alternate alleles for its
pathogenic effect over 95% sensitivity by M-CAP score. Out
of total analyzed 101 nsSNPs, 21 nsSNPs were predicted
to be possibly pathogenic over one or more alleles from
M-CAP (Table 5).

Table 3  List of deleterious
nsSNPs identified with
PROVEAN tool

Comparison between PolyPhen, SIFT, PROVEAN,
MutPred and M‑CAP tools
The computational tools used in this study had their predictive capability to find deleterious nsSNPs based on the

S. no.

SNP IDs

Amino acid substitution

Nucleotide
substitution

PROVEAN score

Predicted impact

1
2
3

rs145524630
rs267598710
rs373419972

C/T
A/G
A/G

4
5
6
7
8
9
10
11
12
13

rs375352213
rs202121169
rs267598711
rs371044840
rs371109100
rs376699190
rs370438310
rs535136498
rs540095646
rs548564946

14
15
16
17
18
19
20
21
22
23
24
25
26

rs576347795
rs747740530
rs751156857
rs751848901
rs752419911
rs756093179
rs756257324
rs759773075
rs761710178
rs762264715
rs763636088
rs765126599
rs767134486

27
28
29
30
31

rs767198961
rs768784952
rs773893499
rs774857815
rs778158263

Ala70Thr
Pro168Leu
Arg239Cys
Arg195Cys
Leu158Phe
Arg195Thr
Asp46His
Asn47Asp
Ala308Val
Arg74Gly
Asn151Ser
Ala299Val
Trp16Arg
Glu202Asp
Glu246Asp
Gly238Arg
Pro315Leu
Ser280Phe
Asn222Ser
Arg173Gln
Gly324Arg
Pro177Leu
Val135Ala
Asp83Ala
Asp147Asn
Arg244Ser
Pro177Ala
Asp208Gly
Asp208Val
Arg195His
Asn222Ser
Gly241Val
Asp147Val
Tyr101Cys

− 3.608
− 9.483
− 4.690
− 7.417
− 3.837
− 5.529
− 4.908
− 3.244
− 2.725
− 6.359
− 4.797
− 3.587
− 2.973
− 2.750
− 2.527
− 7.281
− 5.103
− 5.108
− 4.480
− 3.171
− 2.562
− 6.715
− 3.756
− 7.158
− 3.838
− 2.768
− 5.009
− 3.914
− 6.755
− 4.630
− 4.480
− 5.284
− 7.265
− 7.337

Deleterious
Deleterious
Deleterious
Deleterious
Deleterious
Deleterious
Deleterious
Deleterious
Deleterious
Deleterious
Deleterious
Deleterious
Deleterious
Deleterious
Deleterious
Deleterious
Deleterious
Deleterious
Deleterious
Deleterious
Deleterious
Deleterious
Deleterious
Deleterious
Deleterious
Deleterious
Deleterious
Deleterious
Deleterious
Deleterious
Deleterious
Deleterious
Deleterious
Deleterious

A/G
C/G
C/G
C/T
A/C/G
C/G
C/T
A/G
A/G
A/T
C/T
A/G
A/G
C/T
C/T
C/T
A/G
A/G
G/T
C/T
G/T
C/G
A/C/T
C/T
C/T
A/C
A/T
C/T
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Table 4  List of deleterious nsSNPs identified with the MutPred tool
S. no. SNP IDs

Amino acid substitution Nucleotide
substitution

Top 5 features predicted by MutPred
Probability of
deleterious mutation

1

rs145524630 Ala70Thr

C/T

0.579

2

rs267598710 Pro168Leu

A/G

0.802

3

rs373419972 Arg239Cys

A/G

0.509

4

rs375352213 Leu158Phe

A/G

0.715

5

rs183107213 Val20Gly

A/C

0.581

6

rs371109100 Ala66Pro

A/C/G

0.503

7

rs576347795 Gly238Arg

C/T

0.795

8

rs746827197 Ser30Thr

A/T

0.583

9

rs751848901 Asn222Ser

C/T

0.551

10

rs768784952 Asn222Ser

C/T

0.551

11

rs756289443 Pro41Arg

C/G

0.691

12

rs757450838 Lys218Glu

C/T

0.567

13

rs759429542 Ser23Gly

C/T

0.565

14

rs759773075 Val135Ala

A/G

0.576

15

rs761710178 Asp83Ala

G/T

0.615

16

rs762264715 Asp147Asn

C/T

0.610

17

rs762660335 Ala19Pro

C/G

0.639

13

Loss of catalytic residue at A70 (P = 0.003); gain of ubiquitination at K68 (P = 0.1162); gain of methylation at K68
(P = 0.1221); gain of MoRF binding (P = 0.2216); gain of
disorder (P = 0.2293)
Loss of disorder (P = 0.0207); gain of sheet (P = 0.0344); loss
of methylation at K165 (P = 0.0372); loss of glycosylation at
P168 (P = 0.0452); loss of ubiquitination at K165 (P = 0.059)
Loss of disorder (P = 0.0358); loss of phosphorylation at T236
(P = 0.0885); loss of glycosylation at S240 (P = 0.1059); loss
of methylation at R239 (P = 0.135); loss of sheet (P = 0.1501)
Loss of sheet (P = 0.1158); gain of catalytic residue at L158
(P = 0.2353); gain of phosphorylation at T159 (P = 0.2915);
loss of glycosylation at T163 (P = 0.3467); loss of stability
(P = 0.3644)
Loss of stability (P = 1e−04); loss of helix (P = 0.0444);
loss of catalytic residue at V20 (P = 0.094); gain of loop
(P = 0.1069); gain of glycosylation at S23 (P = 0.6173)
Loss of catalytic residue at A66 (P = 0.0433); loss of sheet
(P = 0.0457); gain of methylation at K68 (P = 0.0711); loss of
stability (P = 0.083); gain of loop (P = 0.0851)
Gain of solvent accessibility (P = 0.0306); gain of glycosylation
at T234 (P = 0.0712); gain of MoRF binding (P = 0.0722);
gain of phosphorylation at S240 (P = 0.0829); gain of disorder (P = 0.2211)
Gain of glycosylation at S30 (P = 0.0265); gain of helix
(P = 0.132); loss of catalytic residue at S30 (P = 0.3389); loss
of sheet (P = 0.5184); loss of disorder (P = 0.5965)
Loss of sheet (P = 0.0457); gain of ubiquitination at K218
(P = 0.0913); gain of loop (P = 0.1069); gain of phosphorylation at N222 (P = 0.1582); gain of disorder (P = 0.2171)
Loss of sheet (P = 0.0457); gain of ubiquitination at K218
(P = 0.0913); gain of loop (P = 0.1069); gain of phosphorylation at N222 (P = 0.1582); gain of disorder (P = 0.2171)
Loss of catalytic residue at W42 (P = 0.0098); gain of MoRF
binding (P = 0.086); gain of sheet (P = 0.1208); loss of loop
(P = 0.2237); loss of stability (P = 0.4276)
Loss of ubiquitination at K218 (P = 0.027); loss of MoRF binding (P = 0.066); loss of sheet (P = 0.0817); gain of relative
solvent accessibility (P = 0.09); gain of solvent accessibility
(P = 0.0971)
Loss of helix (P = 0.0444); gain of catalytic residue at L24
(P = 0.116); loss of stability (P = 0.1792); gain of loop
(P = 0.3485); gain of sheet (P = 0.4423)
Loss of sheet (P = 0.0181); gain of loop (P = 0.0851); loss
of methylation at K140 (P = 0.1864); gain of disorder
(P = 0.2177); loss of stability (P = 0.218)
Gain of catalytic residue at D83 (P = 0.0067); gain of
MoRF binding (P = 0.0512); loss of solvent accessibility
(P = 0.0595); gain of ubiquitination at K84 (P = 0.0798); loss
of relative solvent accessibility (P = 0.1807)
Loss of catalytic residue at D147 (P = 0.0171); loss of stability
(P = 0.0857); loss of phosphorylation at Y142 (P = 0.1557);
loss of loop (P = 0.2237); gain of disorder (P = 0.2971)
Loss of helix (P = 0.0444); loss of stability (P = 0.1234);
gain of loop (P = 0.2045); gain of catalytic residue at A19
(P = 0.3791); gain of sheet (P = 0.6509)
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Table 4  (continued)
S. no. SNP IDs

Amino acid substitution Nucleotide
substitution

Top 5 features predicted by MutPred
Probability of
deleterious mutation

18

rs765470454 Ile190Val

C/T

0.643

19

rs773720428 Phe342Ser

A/G

0.534

20

rs773893499 Gly241Val

A/C

0.530

21

rs779210726 Asp2Asn

C/T

0.524

different mechanisms of action. In this investigation, we
compared the commonly predicted deleterious nsSNPs by
these five tools. After comparison, we were able to identify
that four deleterious nsSNPs, i.e., rs145524630 (Ala70Thr),
rs267598710 (Pro168Leu), rs373419972 (Arg239Cys) and
rs375352213 (Leu158Phe), were functionally significant
(Table 6).

Homology modeling and structural analysis
of native and mutant (rs145524630, rs267598710,
rs373419972, and rs375352213) NEGR1 protein
Homology modeling approach was carried out with the
SWISS-MODEL server to predict the possible 3D structures of native and mutant (rs145524630, rs267598710,
rs373419972, and rs375352213) NEGR1 protein (Biasini
et al. 2014). The 3D structure of the native and mutant
models and selected template along with their alignment
has been predicted (Fig. 2). The Swiss PDB Viewer with
GROMOS 96 program and NOMAD-Ref server was used
to perform the total energy calculations and energy minimizations for the native and mutated structures. In this study,
the total energy of the native structure (NEGR1: PDB ID:
1QZ1.1.A) after energy minimization was − 10083.506 KJ/
mol and before energy minimization, 1617.995 KJ/mol
(Table 7). After energy minimization, we found that the total
energy of the mutant models was higher than that of the
native model. This variation in the total energy after minimization depicted that the mutant models were less stable
than the native model. The RMSD values were calculated
by superimposing the mutant models over the native model
under a PyMOL viewer (Version 1.7.4 Schrodinger, LLC.)
(Fig. 3; Table 7). In this case, we found that rs373419972
had greater RMSD value than rs267598710, rs375352213
and rs145524630, which indicates the more deleterious

Loss of catalytic residue at I190 (P = 0.0269); gain of phosphorylation at Y191 (P = 0.1369); gain of sheet (P = 0.1451); gain
of loop (P = 0.2045); gain of disorder (P = 0.4458)
Loss of stability (P = 0.0039); gain of glycosylation at
F342 (P = 0.0224); gain of sheet (P = 0.039); loss of loop
(P = 0.0986); gain of disorder (P = 0.2845)
Loss of glycosylation at S240 (P = 0.0449); loss of disorder
(P = 0.0645); loss of catalytic residue at P237 (P = 0.0698);
loss of methylation at R244 (P = 0.2221); loss of phosphorylation at T236 (P = 0.2522)
Loss of sheet (P = 0.0315); gain of loop (P = 0.069); gain of relative solvent accessibility (P = 0.09); gain of catalytic residue
at D2 (P = 0.1291); gain of solvent accessibility (P = 0.1505)

nature of rs373419972 than rs267598710, rs375352213 and
rs145524630 (Table 7).
Furthermore, the stereochemical properties and structural
validation of the predicted models of the NEGR1 protein
were investigated by the PROCHECK algorithm. The stereochemical quality of a protein and structure and analysis
by its geometry were investigated by the PROCHECK algorithm. This program is beneficial for evaluating the quality
of the existing protein structures as well as modeled structures (Laskowski et al. 1996). In this study, the PROCHECK
algorithm was used to calculate the Ramachandran plot statistics. All the predicted structural models exhibited slightly
less than 90 % of the residues in the most favoured region in
regions (A, B, L) in the Ramachandran plot (Fig. 4; Table 8).
Thus, this analysis supports that the predicted models generate an optimum quality structure. The PROCHECK also
calculates the G factor which identifies the unusual structural
property. In our investigation, we found the G factor value
was optimum, i.e., it was > − 0.5, which shows that the
structural properties of the predicted models were optimal
(Table 8). Thus, the results of PROCHECK analysis suggest that the stereochemical and structural properties of the
predicted models were good enough to proceed for further
analysis.

Extrapolation of ligand‑binding sites
of the NEGR1protein with the FTSite server
The FTSite server finds the ligand-binding regions of a particular protein and this algorithm does not depend on any
evolutionary or statistical information. This server detects
regions in a protein that have the maximum number of nonbonded interactions with overlapping low energy clusters of
numerous small molecular probes which improve the robustness of FTSite (Ngan et al. 2012). In our investigation, we
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Table 5  Analysis of nsSNPs by
M-CAP for pathogenic effect
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Sl. no.

SNP IDs, amino acid substitution,
nucleotide substitution

Alt allele

M-CAP

95% sensitivity

1

rs267598711
Asp46His, C/G
rs138829805
Leu6Phe, C/G

C

0.026

Possibly pathogenic

A
G
G
T
C
G
A
C
T
A
G
T
A
G
C
A
T
G

0.028
0.027
0.042
0.026
0.065
0.035
0.102
0.130
0.112
0.067
0.033
0.033
0.096
0.043
0.053
0.109
0.036
0.014

Possibly pathogenic
Possibly pathogenic
Possibly pathogenic
Possibly pathogenic
Possibly pathogenic
Possibly pathogenic
Possibly pathogenic
Possibly pathogenic
Possibly pathogenic
Possibly pathogenic
Possibly pathogenic
Possibly pathogenic
Possibly pathogenic
Possibly pathogenic
Possibly pathogenic
Possibly pathogenic
Possibly pathogenic
Possibly pathogenic

A
C
T
A
G
G
T
A
C
G
C

0.071
0.071
0.333
0.036
0.035
0.347
0.345
0.182
0.069
0.080
0.030

Possibly pathogenic
Possibly pathogenic
Possibly pathogenic
Possibly pathogenic
Possibly pathogenic
Possibly pathogenic
Possibly pathogenic
Possibly pathogenic
Possibly pathogenic
Possibly pathogenic
Possibly pathogenic

A
G
C
G
T
A
C
G
A
G
A
C
G
C
G
T

0.032
0.032
0.134
0.074
0.117
0.032
0.029
0.034
0.036
0.035
0.079
0.032
0.029
0.065
0.035
0.066

Possibly pathogenic
Possibly pathogenic
Possibly pathogenic
Possibly pathogenic
Possibly pathogenic
Possibly pathogenic
Possibly pathogenic
Possibly pathogenic
Possibly pathogenic
Possibly pathogenic
Possibly pathogenic
Possibly pathogenic
Possibly pathogenic
Possibly pathogenic
Possibly pathogenic
Possibly pathogenic

2
3

rs145524630
Ala70Thr, C/T

4

rs183107213
Val20Gly, A/G

5

rs267598710
P168L, A/G

6

rs267598711
Asp46His, C/G

7

Rs370438310
Asn151Ser, C/T

8

rs373419972
Arg239Cys, A/G

9

rs375352213
Leu158Phe, A/G
rs535136498
Ala225Val, A/G

10

11

rs548564946
Glu202Asp, A/T

12

rs576347795
Gly194Arg, C/T

13

rs751848901
Asn222Ser, C/T

14

rs753502373
Tyr142Cys, C/T
rs757586998
Arg235Ser, G/T

15

13

16

rs759773075
Val135Ala, A/G

17

rs761710178
Asp83Ala, G/T

18

rs763636088
Arg200Ser, G/T

19

rs765470454
Ile190Val, C/T

20

rs767730810
Gln15His, A/C
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Table 5  (continued)
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Sl. no.

SNP IDs, amino acid substitution,
nucleotide substitution

Alt allele

M-CAP

95% sensitivity

21

rs774857815
Asp147Val, A/T

A
C
G

0.105
0.083
0.056

Possibly pathogenic
Possibly pathogenic
Possibly pathogenic

used this server to predict whether the identified nsSNPs are
present in the NEGR1 protein-binding region or not. Afterward, we found three different ligand-binding sites with different amino acid residues in the NEGR1 protein (Table 9).
Interestingly, we found one nsSNP, i.e., rs145524630 (Ala70Thr), out of four identified nsSNPs present in the second
ligand-binding site of the NEGR1 protein (Fig. 5). Hence,
this nsSNP (rs145524630) of the NEGR1 gene might be a
potential drug target for the management of human obesity.

Discussion
Obesity, the most common disorder, has been affecting
the human population worldwide. It has become a global
epidemic which increases day by day. According to WHO,
1.46 billion adults are overweight, and over 200 million men
and 300 million women are obese globally (Finucane et al.
2011). According to, NCD-RisC, 2016, if this trend continues till 2025 then global obesity prevalence will reach
18% in men and surpass 21% in women (NCD-RisC 2016).
Obesity gives rise to several diseases such as type 2 diabetes,
hypertension, cardiovascular disorders, osteoarthritis, Alzheimer’s, prostate cancer, lower back pain and lumbar disc
diseases (McCrindle 2015; Agalliu et al. 2015; Dario et al.
2015; Power et al. 2014; Visser et al. 2014; Luchsinger et al.
2012; Kotsis et al. 2010). Due to this epidemic and its related
health complications, millions of people lose their lives
every year. The genetic characteristics of obesity lead to an
alteration in many genes responsible for regulating appetite
and metabolism. Besides, more than 127 sites in the human
genome have been reported to link with the development
of obesity, based on GWAS studies (Alonso et al. 2016).
Epigenetics, gene–environment interaction (GEI), obesityrelated health complications (ORHC), energy homeostasis
and genetic aspect of human obesity are important topics of
modern research in the field of human obesity (Singh et al.
2017). The NEGR1 is a newly recognized raft-associated
protein, which has recently been featured as a new locus
related to human obesity (Kim et al. 2017). Niemann–Pick
disease type C2 (NPC2) is a fatal human neurodegenerative
disease, which stimulates intracellular cholesterol trafficking,
and in this case, NEGR1 interacts with NPC2 and increases
its protein stability. Thereby, NEGR1 plays a role in intracellular cholesterol homeostasis and is possibly linked with

human obesity (Kim et al. 2017). The NEGR1 gene plays
a vital role in cell to cell adhesion and neurite outgrowth
in hypothalamic neurons, which is associated with obesity
and highly expressed in the cerebral cortex, hippocampus
and cerebellum during postnatal development (Schäfer
et al. 2005; Lee et al. 2012). It has also been shown that the
NEGR1gene is involved in neurite outgrowth and also determines synapse number in the hippocampus during neuronal
development (Pischedda et al. 2014; Hashimoto et al. 2008;
Marg et al. 1999). Genetic variations in the NEGR1 gene,
strongly expressed in the brain, have been reported to affect
the neuronal control of food intake that leads to inducing
obesity. This genetic inconsistency may be associated with
psychological traits usually displayed by eating disorder in
the patients (Gamero-Villarroel et al. 2015). According to
Gamero-Villarroel et al. (2015), there were 21 tag-SNPs
identified in the coding sequence and adjacent regions of
the NEGR1 gene. SNPs are positioned in a genome where
either of two different nucleotides can occur. In humans,
polymorphisms are considered to be SNPs only if the least
abundant allele has a frequency of 1%. These types of nucleotide variations may cause several diseases such as obesity,
diabetes, hypertension and psychiatric disorders (Shastry
2009). SNPs play a vital role in identifying genetic variants and are used as potential biomarkers for exploring the
deleterious and neutral effects on protein function associated with obesity (Lyon and Hirschhorn 2005). The extensive study of the SNPs on the biological system is not so
easy because it resembles functional consequences such as
amino acid changes, mRNA transcript stability changes and
transcription factor-binding affinity changes (Griffith et al.
2007). Therefore, in this perspective, computational study
may play a crucial role in identifying and predicting the
deleterious SNPs which affect protein function. The computational study is easier and more reliable to carry out than
biological experiments (Singh and Mahalingam 2017; Singh
et al. 2016).
Since the NEGR1 gene has no missense mutations
reported till date according to the HGMD database (http://
www.hgmd.cf.ac.uk), the present study was undertaken
to explore the nsSNPs of the NEGR1 gene responsible for
human obesity using different computational tools to predict the deleterious nature of the mutation and structural
analysis. In this study, five computational tools, viz, PolyPhen, SIFT, PROVEAN, MutPred and M-CAP, were used
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13
0.998

0.901

0.998

A/G

rs267598710 Pro168Leu

rs373419972 Arg239Cys A/G

rs375352213 Leu158Phe A/G

Probably damaging 0

Possibly damaging 0

Probably damaging 0

Probably damaging 0

Score

Prediction

PROVEAN

Deleterious − 3.837 Deleterious 0.715

Deleterious − 4.690 Deleterious 0.509

Deleterious − 9.483 Deleterious 0.802

Possibly pathogenic

Possibly pathogenic

Possibly pathogenic

Possibly pathogenic

95% sensitivity

Top 5 features
Probability of
deleterious mutation
Loss of catalytic residue at A70
(P = 0.003); gain of ubiquitination at K68 (P = 0.1162);
gain of methylation at K68
(P = 0.1221); gain of MoRF
binding (P = 0.2216); gain of
disorder (P = 0.2293)
Loss of disorder (P = 0.0207);
gain of sheet (P = 0.0344);
loss of methylation at K165
(P = 0.0372); loss of glycosylation at P168 (P = 0.0452);
loss of ubiquitination at K165
(P = 0.059)
Loss of disorder (P = 0.0358);
loss of phosphorylation at
T236 (P = 0.0885); loss
of glycosylation at S240
(P = 0.1059); loss of methylation at R239 (P = 0.135); loss
of sheet (P = 0.1501)
Loss of sheet (P = 0.1158);
gain of catalytic residue at
L158 (P = 0.2353); gain of
phosphorylation at T159
(P = 0.2915); loss of glycosylation at T163 (P = 0.3467);
loss of stability (P = 0.3644)

M-CAP

MutPred

Deleterious − 3.608 Deleterious 0.579

Score Prediction

PSIC score Prediction

0.998

SIFT

PolyPhen

C/T

Amino acid Nucleotide
substitution substitution

rs145524630 Ala70Thr

SNP IDS

Table 6  List of common nsSNPs that were found to be deleterious by the PolyPhen, SIFT, PROVEAN, MutPred and M-CAP tools
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Fig. 2  Homology-modeled 3D structures and model—template
alignment of native and mutant NEGR1 protein. a Native protein
model, b mutant protein model, rs145524630 (Ala70Thr), c mutant
protein model, rs267598710 (Pro168Leu), d mutant protein model,

rs373419972 (Arg239Cys), e mutant protein model, rs375352213
(Leu158Phe), f PDB ID 1QZ1.1.A (Rattus norvegicus) used as template for NEGR1 protein modeling

to predict the deleterious nsSNPs of the NEGR1 gene (Singh
and Mahalingam 2017; Singh et al. 2016; Kumar et al. 2015,
2009; Goswami 2015; Ng and Henikoff 2003; Li et al. 2009;
Adzhubei et al. 2010; Choi et al. 2012). After analysis of
these tools, we found four potential deleterious and pathogenic nsSNPs, i.e., rs145524630 (Ala70Thr), rs267598710

(Pro168Leu), rs373419972 (Arg239Cys) and rs375352213
(Leu158Phe). However, the deleterious nature and in vivo
and in vitro analysis of the identified nsSNPs have not been
verified experimentally till date. Furthermore, we have
taken all four identified nsSNPs for homology modeling and
structural analysis to predict their functional impact on the
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Table 7  Total energy and RMSD analysis of native and mutant models
Model

Total energy (after
minimization) (KJ/
mol)a

RMSD (Å)

rs145524630 (Ala70Thr); (C/T)
rs267598710 (Pro168Leu);
(A/G)
rs373419972 (Arg239Cys);
(A/G)
rs375352213 (Leu158Phe);
(A/G)

− 8707.066
− 7996.684

1.916
1.601

− 8388.164

0.919

− 8890.926

0.771

a

The total energy of native structure (NEGR1: PDB ID: 1QZ1.1.A)
after energy minimization is − 10083.506 KJ/mol and before energy
minimization, 1617.995 KJ/mol

protein function. There was no crystal structure found in the
PDB database, so homology modeling was carried out by the
SWISS-MODEL server to predict possible 3-D structures of
native and mutant NEGR1proteins for further structural analysis (Biasini et al. 2014). The SWISS PDB viewer associated
with the GROMOS 96 program and NOMAD-Ref server
was used to perform the energy minimizations and to compare the native and mutated structures (Lindahl et al. 2006).
The main aim behind energy minimization is to model a protein structure which is free from steric clangs and potential
energy, preferably lower than that of a crystal structure and
lying as close to the native structure as possible in terms of
RMSD (Ramachandran et al. 2011; Bruccoleri and Karplus
1990). In this study, the total energy of the native structure
(NEGR1: PDB ID: 1QZ1.1.A) after energy minimization
was − 10083.506 KJ/mol and before energy minimization,
1617.995 KJ/mol. We have analyzed that the total energy
of mutant protein models was higher than that of the native
model after energy minimization, which showed the mutant

Fig. 3  Superimposed structures
of mutants and native model
of NEGR1 protein. a Native
vs. rs145524630 (Ala70Thr),
b native vs. rs267598710
(Pro168Leu), c native vs.
rs373419972 (Arg239Cys),
d native vs. rs375352213
(Leu158Phe). In the figure,
green color signifies the native
model, whereas red color is the
mutant model
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model was less stable than the native model. However, an
increase in total energy after energy minimization will lead
to disrupting the molecular structure of the protein and this
high energy is responsible for the higer motion in the particles of molecules. Moreover, disruption of the non-covalent
contacts in the protein molecule will decrease the stability
of the protein molecule (Lodish et al. 2000). The RMSD
values were anticipated by superimposing the mutant models over the native model under a PyMOL viewer (Version
1.7.4 Schrodinger, LLC.). Herein, we identified that the variant rs373419972 had more RMSD value than rs267598710,
rs375352213 and rs145524630, and this designates more
deleterious nature of rs373419972 than rs267598710,
rs375352213 and rs145524630. Moreover, structural validation and stereochemical properties of the predicted models
of the NEGR1 protein were identified by the PROCHECK
algorithm (Laskowski et al. 1996). The PROCHECK algorithm helped in the analysis of the Ramachandran plot statistics and G factor values. In our analysis, we found that
the Ramachandran plot statistics displayed the percentage
of the most favored regions (A, B, L), and those were less
than 90% in all the predicted structural models, showing that
the predicted models had an optimum quality structure. The
G factor value was also optimum, i.e., it was > − 0.5 which
which shows that the structural properties of the predicted
models were usual. Thus, the structural analysis of NEGR1
protein suggests that the structural properties of the predicted models were usual, valid and optimum. Furthermore,
the FTSite server was used to find whether the predicted
nsSNPs were present in the NEGR1 protein-binding region
or not (Ngan et al. 2012). Interestingly, we found one nsSNP,
i.e., rs145524630 (Ala70Thr) out of four identified nsSNPs
present in the second ligand-binding region of the NEGR1
protein. Thus, this nsSNP (rs145524630) of the NEGR1 gene
might play an essential role in controlling human obesity.

3 Biotech (2018) 8:466

Fig. 4  Ramachandran plot analysis: a Ramachandran plot of the
native model. b Ramachandran plot of the rs145524630 (Ala70Thr)
model. c Ramachandran plot of the rs267598710 (Pro168Leu) model.
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d Ramachandran plot of the rs373419972 (Arg239Cys) model. e
Ramachandran plot of the rs375352213 (Leu158Phe) model
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Table 8  PROCHECK investigation of the native and mutant models of the NEGR1 protein
Model

Ramachandran plot statistics

Native
rs145524630 (Ala70Thr); (C/T)
rs267598710 (Pro168Leu); (A/G)
rs373419972 (Arg239Cys); (A/G)
rs375352213 (Leu158Phe); (A/G)

G factor

Most favored
region (A, B, L)
(%)

Additional allowed
region [a, b, l, p] (%)

Generously allowed
region [~ a, ~b, ~ l, ~ p]
(%)

Disallowed
regions (xx)
(%)

Overall average

88.2
85.7
89.5
86.5
86.5

9.3
11.4
7.6
10.1
10.5

2.5
2.1
2.9
3.0
2.1

0.0
0.8
0.0
0.4
0.8

− 0.44
− 0.45
− 0.45
− 0.41
− 0.50

Table 9  Analysis of ligand-binding sites of the NEGR1protein with FTSite
Ligand-binding sites

Amino acid residues

Ligand-binding site 1
Ligand-binding site 2
Ligand-binding site 3

Lys A259
Gly A69
AlaA44

Leu A264
Ala A70
Val A45

Ile A272
Trp A71
Met A48

Ile A273
Ile A77
Val A57

Leu A282
Ile A78
Leu A58

Val A284
Phe A79
Arg A59

Glu A290
Ala A80

His A291
Ile A93

Tyr A295
Thr A95

Tyr A101

Fig. 5  Ligand-binding sites of
the NEGR1 protein. This figure
represents three ligand-binding
sites (mesh loops). The first
ligand-binding site (mesh loop
1) is shown in cyan. The second
ligand-binding site (mesh loop
2) is shown in magenta. The
third ligand-binding site (mesh
loop 3) is shown in red. The
nsSNP rs145524630 (Ala70Thr)
is present in the second ligandbinding site of the NEGR1
protein

Conclusion
In summary, based on the computational analysis of the
NEGR1 gene, it was concluded that this gene had a total
of 101 nsSNPs (missense), out of which only four nsSNPs,
i.e., rs145524630 (Ala70Thr), rs267598710 (Pro168Leu),
rs373419972 (Arg239Cys) and rs375352213 (Leu158Phe),
were predicted as potentially deleterious and pathogenic.
There had been no missense mutations reported so far,
according to the HGMD database. So, in the future, further functional in vitro and in vivo analysis will provide
insight regarding these nsSNPs on the influence of NEGR1
gene in causing human obesity. Moreover, we found one
nsSNP, i.e., rs145524630 (Ala70Thr) out of four identified
nsSNPs present in the second ligand-binding region of the
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NEGR1 protein. Therefore, this nsSNP (rs145524630) of
the NEGR1 gene might be a potential drug target and play
an importantrole in the treatment of human obesity. We
can say that the computational study carried out here was
cost-effective, easy to analyze and monitored the predicted
deleterious nsSNPs of the NEGR1 gene. It suggests that
the predicted nsSNPs of the NEGR1 gene would contribute
to the drug discovery and development, as well as better
understanding of human obesity.
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