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Abstract 

Heterozygous mutations in the central glycolytic enzyme glucokinase (GCK) can result in an autosomal 
dominant inherited disease, namely maturity-onset diabetes of the young, type 2 (MODY 2). MODY 2 
is characterised by early onset: it usually appears before 25 years of age and presents as a mild form of 
hyperglycaemia. In recent years, the number of known GCK mutations has markedly increased. As a 
result, interpreting which mutations cause a disease or confer susceptibility to a disease and charac-
terising these deleterious mutations can be a difficult task in large-scale analyses and may be impossible 
when using a structural perspective. The laborious and time-consuming nature of the experimental 
analysis led us to attempt to develop a cost-effective computational pipeline for diabetic research that is 
based on the fundamentals of protein biophysics and that facilitates our understanding of the rela-
tionship between phenotypic effects and evolutionary processes. In this study, we investigate missense 
mutations in the GCK gene by using a wide array of evolution- and structure-based computational 
methods, such as SIFT, PolyPhen2, PhD-SNP, SNAP, SNPs&GO, fathmm, and Align GVGD. Based on 
the computational prediction scores obtained using these methods, three mutations, namely E70K, 
A188T, and W257R, were identified as highly deleterious on the basis of their effects on protein 
structure and function. Using the evolutionary conservation predictors Consurf and Scorecons, we 
further demonstrated that most of the predicted deleterious mutations, including E70K, A188T, and 
W257R, occur in highly conserved regions of GCK. The effects of the mutations on protein stability 
were computed using PoPMusic 2.1, I-mutant 3.0, and Dmutant. We also conducted molecular dy-
namics (MD) simulation analysis through in silico modelling to investigate the conformational differences 
between the native and the mutant proteins and found that the identified deleterious mutations alter 
the stability, flexibility, and solvent-accessible surface area of the protein. Furthermore, the functional 
role of each SNP in GCK was identified and characterised using SNPeffect 4.0, F-SNP, and FASTSNP. 
We hope that the observed results aid in the identification of disease-associated mutations that affect 
protein structure and function. Our in silico findings provide a new perspective on the role of GCK 
mutations in MODY2 from an evolution-based structure-centric point of view. The computational 
architecture described in this paper can be used to predict the most appropriate disease phenotypes for 
large-genome sequencing projects and to provide individualised drug therapy for complex diseases such 
as diabetes. 
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Introduction 
The aetiology of various forms of diabetes 

mellitus is well known, and approximately 347 mil-
lion people (WHO Report) suffer from diabetes 
mellitus worldwide. According to the available 
worldwide health statistics for 2012, 1 in 10 adults are 
known to be diabetic; moreover, in the Southeast Asia 
region, highly populated countries, such as India and 
China, harbour populations that are among the most 
vulnerable to this disease. The monogenic form of 
diabetes, maturity-onset diabetes of the young 
(MODY), is a genetic form of familial diabetes melli-
tus that can be caused by single gene mutations in one 
of ten or more genes [1, 2]. Owing to such mutations, 
defects occur in β -cell function, and these defects ul-
timately hinder insulin secretion. This condition is 
also known as “monogenic β-cell disorder” [3]. The 
disease is inherited in an autosomal dominant manner 
and has an early onset, typically beginning at less than 
25 years of age [4]. Its estimated prevalence is ap-
proximately 100 cases per million individuals [5, 6]. 
To date, eleven forms of MODY, distinguishable by 
genetic, metabolic, and clinical heterogeneity, have 
been described. Through molecular genetic studies of 
diabetes, mutations related to this disorder have been 
identified in HNF4A, GCK, HNF1A, PDX1, HNF1B, 
NEUROD1, KLF11, CEL, PAX4, INS, and BLK, which 
are associated with MODY 1 to 11, respectively [7]. Of 
the various forms of the disease, MODY 2/Glucokinase 
and MODY3 are the most frequent, and their preva-
lence varies between countries.  

MODY 2 is associated with heterozygous inac-
tivating mutations in the GCK gene, which maps to 
chromosome 7 (7p15.3-p15.1) and spans 12 exons. The 
GCK gene is 45,169 bp in length and encodes gluco-
kinase, a 465-amino-acid protein [8]. The glucokinase 
enzyme, which is also known as hexokinase D or type 
1 hexokinase, plays a vital role in glucose metabolism 
and is homologous to other members of the hexoki-
nase family (type-I, type-II, and type-III) [9-11]. The 
GCK enzyme possesses a higher Km for glucose (5 
mM vs. 20-130 fM) than do other hexokinases and has 
other distinctive kinetic properties [12]. GCK has been 
shown to be localised to pancreatic β-cells and 
hepatocytes in the liver, where it catalyses a 
first-order glucose phosphorylation reaction that 
converts glucose to G6P (glucose 6-phosphate) with 
Mg-ATP as a second substrate [13]. It is well accepted 
that GCK acts as a “glucose sensor” for the pancreas 
[14] and the liver [15] in the maintenance of glucose 
homoeostasis. To date, three tissue-specific isoforms 
of GCK have been characterised [16]. An increase in 
the activity of the enzyme results in hypoglycaemia 
due to congenital hyperinsulinism (HI, hyperin-

sulinaemia of infancy). In contrast, decreased GCK 
activity produces hypoinsulinism and hyperglycae-
mia [17]. The presence of inactivating GCK mutations 
in both alleles leads to PNDM (permanent neonatal 
diabetes mellitus), a severe form of permanent neo-
natal diabetes [18], whereas an activating mutation in 
one allele leads to MODY with a mild form of hypo-
glycaemia [19]. GCK is considered a drug target for 
the development of potential inhibitors, i.e., GCK ac-
tivators (GKAs). In 2004, Kamata et al. resolved the 
crystal structure of GCK and described two distinct 
conformational forms of the enzyme, an inactive su-
per-open ligand-free form and an active closed form 
bound to glucose and ATP [20]. GCK consists of two 
domains, namely a large domain (1-64 aa and 206-439 
aa) and a small domain (72-201 aa and 445-465 aa), 
and three loops (65-71 aa, 202-205 aa, and 440-444 aa) 
connect these two domains. The two domains are 
separated by a deep glucose-binding cleft formed by 
residues E256 and E290 within the large domain, res-
idues T168 and K169 within the small domain, and 
connecting region I (N204 and D205) [20]. Upon glu-
cose and ATP binding, the GCK protein switches from 
an inactive conformation to a closed, active confor-
mation, in which the large and small domains are 
closer together. During this process, a marked rota-
tion of the small domain results in a very large con-
formational transition of the protein [20]. The α13 and 
α5 helices within the small domain play important 
roles in the transition to the active conformation. 
Glucokinase exists in three structural conformations: 
closed, open, and ‘super open’. At lower glucose lev-
els, the transition of the super-open form to the open 
and closed forms can be initiated by the induction of 
glucokinase activators (GKAs), which induce con-
formational changes that increase the enzyme’s glu-
cose-binding affinity [20]. The first GCK mutation was 
reported in 1992 [21]; to date, 671 mutations associ-
ated with MODY have been documented in the Hu-
man Gene Mutation Database (HGMD). These in-
clude nonsense, missense, and frameshift mutations 
produced by deletions or insertions [22, 23]. Most 
activating mutations are located within the allosteric 
activator site where GKAs bind, whereas inactivating 
mutations that lead to hyperglycaemia are located 
throughout the protein [19,24,25]. The elucidation of 
the crystal structure of GCK has permitted researchers 
to analyse the impact of disease-associated mutations 
at the molecular level by predicting structure-function 
relationships for this protein.  

Recent technological advances in and 
cost-effectiveness of genomic analysis, such as the 
availability of single nucleotide polymorphism (SNP) 
allele genotyping arrays and next-generation DNA 
sequencing, have yielded a significant amount of data 
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describing the relationship between non-synonymous 
SNPs (nsSNPs) and the diseases associated with them. 
Although most variations in protein sequence are 
predicted to have little or no effect on protein func-
tion, some nsSNPs are known to be associated with 
disease. These disease-associated nsSNPs have di-
verse effects on protein properties and may affect a 
protein’s stability, catalytic activity, and/or interac-
tion with other molecules. Therefore, the identifica-
tion of disease-associated nsSNPs may help elucidate 
the molecular mechanisms underlying a given disease 
and may also aid in the diagnosis and treatment of the 
disease. The prediction of the phenotypic effect of all 
of the functional SNPs within a genomic pool remains 
a major challenge for experimental biologists due to 
the laborious and time-consuming process involved. 
To support this effort, a new branch of science, 
“computational biology,” has emerged: one of the 
goals of this field is to identify and discriminate func-
tionally deleterious nsSNPs from non-deleterious 
ones. To date, many automated methods to identify 
the biological impact of nsSNPs have been developed 
based on the available information from resolved or 
modelled protein structures or derived from compar-
ative genomics and phylogenetic studies [26-28]. 
Some of these methods were developed almost a 
decade ago. In subsequent years, various computa-
tional methods were made available through the 
World Wide Web, and their performances were 
compared and well validated through the use of al-
ternative computational prediction algorithms [29-31]. 
The existing methods were developed and standard-
ised using various datasets. Most of the methods are 
applicable only to a subset of SNPs, such as nsSNPs 
that can be mapped onto the protein structure. The 
ultimate goal of all of these methods is to identify 
functional and deleterious nsSNPs within a pool that 
contains neutral SNPs and to support the validation of 
disease-related nsSNPs through experimental meth-
ods. In addition, the significant changes in the mac-
romolecular structures of proteins that occur due to 
mutations can be elucidated at the nanoscale level 
with the aid of molecular dynamics (MD). This 
method enables us to predict how a single amino acid 
substitution can have a marked effect on protein 
structure. An atomic-level look at the protein level via 
MD simulations can assist our understanding of the 
effects of mutations in a structural context.  

In the present study, our goal was to understand 
the impact of missense mutations in the site-specific, 
evolutionarily conserved regions of the GCK gene at 
the structural level. The logic underlying this analysis 
is the concept that evolutionary information can be 
used to provide insight into the structural changes in 
a protein that result from the mutation. It is assumed 

that disease-causing mutations mostly occur in the 
highly conserved regions of a protein sequence. The 
altered biophysical properties of a mutated residue 
could induce conformational rearrangements, thereby 
affecting protein structure and stability and ulti-
mately leading to a disease phenotype. Because the 
assessment of deleterious nsSNPs is primarily based 
on phylogenetic information (i.e., correlation with 
residue conservation) and to a certain extent on pro-
tein structure and amino acid physicochemical char-
acteristics, our hypothesis was that amino acids 
within a protein sequence that are conserved across 
species are more likely to be functionally significant 
than non-conserved amino acids. Based on this hy-
pothesis, the use of a molecular evolutionary ap-
proach may confer a strong advantage for the predic-
tion of which residues are most likely to be mutated in 
GCK or other disease-related genes and may aid in 
the prioritisation of the nsSNPs that should be geno-
typed in future molecular epidemiological studies. To 
date, sequence- and/or structure-based methods have 
been employed to predict the potential impact of 
nsSNPs on protein structure and function [26, 32-42].  

The International Diabetes Federation has pro-
jected that the number of people living with diabetes 
will increase from 382 million in 2013 to 592 million 
by 2035 if no preventive measures are taken. This 
prediction results in approximately three new cases 
every 10 seconds or almost 10 million per year [43]. 
Due to the severity of the disease and its frequency of 
occurrence, we conducted the first computational 
evolution- and structure-based prediction analysis, 
including MD, of mutations in GCK. The ultimate 
goal of this study was to identify the best possible 
method for the prioritisation of functional nsSNPs as 
the candidate cause of MODY that should be further 
genotyped in future molecular epidemiological stud-
ies. We used ten evolution-based computational pre-
diction methods (SIFT [32], PolyPhen2 [33], PhD-SNP 
[34], PoPMusic 2.1 [35], SNAP [36], SNPs&GO [37], 
fathmm [38], I-mutant 3.0 [39], Dmutant [40], and 
Align GVGD [41, 42]) to classify the nsSNPs in the 
GCK gene as likely or unlikely to have a serious im-
pact on the protein's function. In addition, we esti-
mated the evolutionary conservation rate of each 
residue in GCK using ConSurf [44] and Scorecons 
[45]. The molecular effects of the disease-causing 
SNPs were then explored using SNPeffect 4.0 [46], 
F-SNP [47], and FASTSNP [48]. A series of statistical 
parameters (accuracy, precision, sensitivity, specifici-
ty, negative predictive value (NPV), and Matthews’s 
correlation coefficient (MCC)) were used to evaluate 
the uniformity of the prediction scores obtained 
through the above-mentioned computational meth-
ods. To study the impact of deleterious nsSNPs at the 
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structural level, models of the mutant proteins were 
generated based on the GCK protein crystal structure. 
The native and mutant proteins were subjected to MD 
simulation analysis using Gromacs to demonstrate 
that mutations may change the surface properties of 
proteins and induce structural changes that can be 
propagated through space to distort the orientation of 
the functional site [49]. We propose that the infor-

mation derived from the evolutionary conservation 
analysis and the MD analysis may provide explana-
tions for the substantial structural and functional 
changes in the GCK protein due to deleterious amino 
acid substitutions. In this work, we demonstrate the 
power of using state-of-the-art computational meth-
ods to unravel the effect of deleterious missense mu-
tations on protein structure (Figure 1).  

 

 
Figure 1. Evolution- and structure-based computational methods reveal the impact of deleterious missense mutations on proteins at both the functional and 
structural levels. 

 

Materials and Methods 
SNP information Retrieval 

Information regarding the SNPs in the coding 
region of the GCK gene was retrieved from the dbSNP 
[50], UniProt [51], HGMD [52], and OMIM [53] data-
bases. We also retrieved information on the functional 
annotation of each SNP from the dbSNP database, 
such as whether it is present in an exon or intron, in 
the 5’ or 3’ untranslated region (UTR), or upstream or 
downstream of the GCK gene. The closed-form 
structure of GCK (PDB ID: 1V4S [20]) was obtained 
from the Protein Data Bank (PDB) [54]. 

Evolution-based in silico studies of GCK 
To date, numerous computational methods have 

been made available through the World Wide Web for 
predicting the phenotypic effects of nsSNPs. The most 
widely accepted computational methods based on 
evolution-based sequence information (SIFT, 
PhD-SNP, SVMProfile, Align GVGD, and fathmm), as 
well as a combination of protein structural and/or 
functional parameters and multiple sequence align-
ment-derived information (PolyPhen2, SNAP, 
SNPs&GO and SNPeffect 4.0), were employed in this 
study. The machine-learning method SNAP utilises 
neural networks (NN), and PhD-SNP and SNPs&GO 
utilise support vector machines (SVMs) for classifica-
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tion, whereas the other methods classify variants ac-
cording to Bayesian methods (PolyPhen2) or mathe-
matical operations (SIFT). The Sorting Intolerant From 
Tolerant (SIFT) method utilises sequence homology to 
predict whether an amino acid substitution will affect 
the protein’s function. The prediction score provides 
an index of the tolerance of the function of a protein to 
a particular amino acid substitution. SIFT [32] assigns 
scores ranging from zero to one to each residue. A 
variant with a score less than 0.05 is considered dele-
terious, whereas a variant with a score greater than 
0.05 is considered tolerated. PolyPhen2 is a Bayesian 
classifier that predicts the possible impact of amino 
acid substitutions on protein structure and function 
using straightforward comparative physical and 
evolutionary considerations. PolyPhen2 [33] calcu-
lates PSIC (Position-Specific Independent Count) 
scores for each of two variants and computes the dif-
ference between the PSIC scores of these variants. A 
mutation is classified as “most likely damaging” if the 
probabilistic score is in the range of 0.85 to 1 and as 
“possibly damaging” if the probabilistic score is in the 
range of 0.15 to 0.84; the remaining mutations are 
classified as benign. PhD-SNP [34] is a sin-
gle-sequence SVM method (SVM-Sequence) that dis-
criminates disease-related mutations based on the 
local sequence environment of the mutation. This tool 
aims to predict whether an nsSNP that reflects a sin-
gle-point mutation is a neutral polymorphism or a 
disease-associated polymorphism. SNPs&GO [37] is a 
method based on SVMs that predicts dis-
ease-associated mutations from protein sequence, 
evolutionary information, and functions encoded in 
gene ontology terms. In this method, a probability 
score greater than 0.5 predicts that the mutation will 
have a disease-related effect on the parent protein 
function. The SNAP (screening for non-acceptable 
polymorphisms) method is based on neural networks 
and utilises an advanced machine-learning approach 
to predict the functional effects of nsSNPs in proteins 
[36]. It utilises sequence information and structural 
features, such as secondary structure, solvent accessi-
bility, and residue conservation within sequence fam-
ilies, to determine whether amino acid changes in a 
protein confer a gain or a loss in protein function. 
SNAP predicts whether the mutation is neutral or 
non-neutral with the required accuracy.  

Biophysical characterisation 
Align-GVGD [41, 42] provides a class probability 

based on evolutionary conservation and the chemical 
natures of amino acid residues to predict whether a 
mutation is deleterious or neutral. This method com-
pares the chemical and physical characteristics ob-
tained by exchanging residues with the frequencies of 

substitution. The relevant output is the “C-score,” 
which provides seven discrete grades ranging from 
C0 to C65, which indicate the mutations that are least 
likely to be neutral (class 65) to those that are the most 
likely to be neutral (class 0) in terms of the function of 
the protein. Functional Analysis Through Hidden 
Markov Models (fathmm) is a species-independent 
method with optional species-specific weights for the 
prediction of the functional effects of protein missense 
variants [38]. Fathmm combines sequence conserva-
tion within hidden Markov models (HMMs), which 
represent the alignment of homologous sequences 
and conserved protein domains, with "pathogenicity 
weights", which represent the tolerance of the corre-
sponding model to mutations. SNPeffect 4.0 [46] in-
tegrates aggregation prediction (TANGO), amyloid 
prediction (WALTZ), chaperone-binding prediction 
(LIMBO), and protein stability analysis (FoldX) for 
structural phenotyping. Mutations are classified as 
mutations that increase (dTANGO>50), decrease 
(dTANGO< -50), or do not affect (dTANGO between 
-50 and 50) the propensity of the protein to aggregate 
and as mutations that increase (dWALTZ>50), de-
crease (dWALTZ< -50), or do not affect (dWALTZ 
between-50 and 50) the amyloid propensity of the 
protein. 

Prediction of protein stability upon mutation 
In general, the stability of a protein is repre-

sented by the change in its Gibbs free energy upon 
folding; a more negative Gibbs free energy indicates 
greater stability. A single amino acid substitution in a 
protein sequence can result in a significant change in 
the protein's stability (∆∆G); a posi-
tive ∆∆G represents a destabilising mutation, and a 
negative value represents a stabilising mutation. In 
this study, we employed three stability predictors, 
namely PoPMusic 2.1, I-mutant 3.0, and Dmutant [35, 
39, 40]. The PoPMusic 2.1 program is a tool for the 
computer-aided design of mutant proteins with con-
trolled stability properties. It predicts the thermody-
namic stability change produced by single-site muta-
tions in proteins using a combination of statistical 
methods. I-mutant 3.0 was built based on unsuper-
vised classification using support vector machines 
and trained with the most comprehensive dataset 
derived from ProTherm [55] for the prediction of the 
protein stability changes caused by nsSNPs. This 
method calculates the energy difference between na-
tive and variant proteins based on Gibbs free energy 
values, and the predicted free energy change is de-
noted by the DDG value. I Mutant 3.0 classify predic-
tions into three classes: neutral mutations (-0.5≤ 
Kcal/mol), mutations that produce a large decrease in 
Gibbs free energy (-0.5<kcal/mol), and mutations that 
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produce a large increase (0.5>kcal/mol). Dmutant [39] 
uses a statistical potential approach with a dis-
tance-dependent, residue-specific, all-atom, and 
knowledge-based potential to predict muta-
tion-induced changes in folding stability. New refer-
ence-state, distance-scaled, finite ideal-gas reference 
(DFIRE) is utilised to predict stabilising and 
de-stabilising mutations.  

Evolutionary conservation analysis  
The importance of a given residue in maintain-

ing the structure of a protein can usually be inferred 
from the degree of conservation of the residue in a 
multiple sequence alignment of the protein and its 
homologues. The conservation pattern of a protein 
can be calculated by ConSurf [44], which quantifies 
the degree of conservation at each aligned position. 
This program provides evolutionary conservation 
profiles of protein or nucleic acid sequences and 
structures by first identifying the conserved positions 
using MSA and then calculating the evolutionary 
conservation rate using an empirical Bayesian infer-
ence. ConSurf scores range from 1 to 9: 1 denotes 
rapidly evolving (variable) sites, 5 denotes sites that 
are evolving at an average rate, and 9 denotes slowly 
evolving (evolutionarily conserved) sites. Scorecons 
[45] is a suite that measures and quantifies residue 
conservation in a multiple sequence alignment.  

Functional characterisation of SNPs  
The F-SNP [47] database aims to provide a com-

prehensive collection of functional information on 
SNPs related to splicing, transcription, translation, 
and post-translation modifications from 16 bioinfor-
matics tools and databases. F-SNP provides compre-
hensive, quantitative information regarding the func-
tional significance (FS) of each SNP by measuring the 
potential deleterious effects of the SNP on the bio-
molecular function of the genomic region in which it 
is found. The F-SNP-Score (FS Score) system combines 
assessments from multiple independent computa-
tional tools using a probabilistic framework that takes 
into account the certainty of each prediction as well as 
the reliability of the different tools. In the new inte-
grative scoring system used in this method, the 
F-SNP-Score for neutral SNPs is 0.1764, whereas the 
median F-SNP-Score for disease-related SNPs is in the 
range of 0.5 to 1. FASTSNP [48] (Function Analysis 
and Selection Tool for Single Nucleotide Polymor-
phisms) was used to predict the potential functional 
effect of SNPs in the 5’ UTR, 3’ UTR, and intronic re-
gions of a gene. FASTSNP employs a com-
plete decision tree to assign risk rankings for SNP 
prioritisation. The decision tree assigns these risks 
based on rankings of 0, 1, 2, 3, 4, and 5, which signify 

no, low, medium, high, and very high effects, respec-
tively.  

Statistical analysis 
The prediction accuracies of the nine computa-

tional methods (SIFT, PolyPhen2, PhD-SNP, 
SNPs&GO, SNAP, PoPMusic 2.1, fathmm, I mutant 
3.0, and D Mutant) were validated using six statistical 
parameters: namely accuracy, precision, sensitivity, 
specificity, NPV, and MCC. We defined dis-
ease-associated nsSNPs as ‘positive’ and neutral 
nsSNPs as ‘negative’. True positives (tp), true nega-
tives (tn), false positives (fp), and false negatives (fn) 
were calculated. An MCC value of one defines the 
best possible prediction, whereas an MCC of -1 indi-
cates the worst possible prediction, and an MCC equal 
to 0 indicates that the prediction is the result of 
chance. To permit the correlation of the quality pa-
rameters found for different programs with different 
sizes of the test datasets containing different numbers 
of positive and negative cases, the numbers of nega-
tive cases were normalised to the number of positive 
cases used with each program.  

Primary sequence analysis 
The primary sequence of a protein provides the 

most direct and readily available information re-
garding possible functional mutation sites; such in-
formation can be extracted from the amino acid se-
quence in cases where no structural information is 
available. To investigate the amino acid conservation 
pattern of human GCK proteins, we performed MSA 
using MUSCLE (Multiple Sequence Comparison by 
Log-Expectation), a web-based tool that can be used 
to align multiple sequences from several vertebrate 
species, including humans [56]. We searched the pro-
tein sequence against a sequence database to find se-
quences of homologous proteins. The sequence logo 
analysis was performed using WebLogo [57]. This 
program provides a graphical representation of amino 
acids, displaying the patterns in a set of aligned se-
quences. The overall height of the stack indicates the 
functional conservation and amino acid composition 
at that position. 

Molecular dynamics simulation  
Potential energy minimisation and MD simula-

tion analysis were performed using the GROMACS 
4.5.3 software [49]. The GROMOS96 43a1 [58] force 
field was used in all MD simulations. The ener-
gy-minimised structure of the native protein and 
three mutant complexes were used as the starting 
points for the MD simulations. These protein com-
plexes were solvated in a cubic 0.9 nm of SPC [59] 
water molecules. A periodic boundary condition was 
applied such that the number of particles, the pres-
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sure, and the temperature remained constant 
throughout the simulation period. The simulation 
setup was neutralised by the addition of chlorine ions 
to the system; this can be achieved by adding Cl- ion 
to both the native and the mutant topology files and 
results in the replacement of random water molecules 
with chlorine ions to obtain a neutralised simulation 
setup. The standard temperature was maintained by 
applying the Berendsen algorithm [60] with a cou-
pling time of 0.2. All protein-protein complex atoms 
were placed at an equal distance of 1 nm from the 
cubic box edges. The minimised simulation setup was 
then equilibrated for 10000 ps at 300 K through the 
position-restrained MD simulation method to soak 
the macromolecules into the water molecules. The 
equilibrated simulation setup was then subjected to 
MD simulation for 40 ns. During the course of the 
simulation, the temperature was maintained constant 
at 300 K. To treat long-range coulombic interactions, 
the particle mesh Ewald method [61] was used, and 
the simulations were performed using the SANDER 
method [62]. The SHAKE algorithm [63] was utilised 
to measure the bond lengths between hydrogen at-
oms, and a time step of 2 fs was allowed. The coulomb 
interactions were truncated at 0.9 nm, and the Van der 
Waals force was maintained constant at 1.4 nm.  

Analysis of trajectory files 
The trajectory files generated by MD simulations 

were analysed using the GROMACS basic utilities 
g_rmsd and g_rmsf to obtain the root-mean-square 
deviation (RMSD) and root-mean square fluctuation 
(RMSF) values. The total number of hydrogen bonds 
formed between proteins during the simulation 
was calculated using the g_hbond utility. The 
number of hydrogen bonds was determined 
based on a donor-hydrogen-acceptor angle 
greater than 90 nm and a donor-acceptor distance 
lesser than 3.9 nm [64]. The distances between 
proteins were calculated using g_dist. Further-
more, the solvent-accessible surface area was 
calculated using the g_sas utility. To generate the 
three-dimensional backbone of the protein, the 
RMSD, RMSF, hydrogen bonding, distance be-
tween two proteins, and solvent-accessible sur-
face area (SASA) analysis were plotted for all four 
simulations using the Graphing, Advanced 
Computation, and Exploration (GRACE) pro-
gram. 

Results 
Prediction of deleterious nsSNPs  

In our data search, we cross-examined the vari-
ant information available in dbSNP and UniProt, re-
moved invalid variants based on the incorrect se-

quence and alignment, and removed or merged the 
data with other nsSNPs in dbSNP. As a result, a total 
of 450 nsSNPs in our dataset of the human GCK gene 
were considered for further analysis. The NCBI GI 
number OR RefSeq ID, wild-type protein FASTA se-
quences, and the wild-type and new residues after 
mutation (single-letter amino acid code) were sub-
mitted as the inputs to the nine different computa-
tional methods. Figure 2 shows the distribution of the 
predicted deleterious and neutral nsSNPs in the hu-
man GCK gene. SIFT, PolyPhen2, PhD-SNP, SNAP, 
SNPs&GO, and fathmm predicted that 356 (79%), 398 
(88%), 372 (83%), 293 (65%), 450 (100%), and 450 
(100%) of these nsSNPs, respectively, were deleteri-
ous. In contrast, SIFT, PolyPhen2, PhD-SNP, and 
SNAP predicted that 94 (21%), 52 (12%), 78 (17%), and 
157 (35%) of these nsSNPs, respectively, were neutral 
(Supplementary Material: Table S1). There was a sig-
nificant similarity in the distribution of deleterious 
nsSNPs in the GCK gene obtained with SNPs&GO 
and fathmm. Of the nsSNPs that occurred at strongly 
conserved residues, 112 (25%) had a GD of at least 65 
(Supplementary Material: Table S2). These were clas-
sified as the class (C65) of substitutions most likely to 
interfere with function. The remaining SNPs were 
classified as class 0 (45%), class 15 (14%), class 25 (3%), 
class 35 (5%), class 45 (2%), and class 55 (5%). A total 
of 327 nsSNPs were identified as deleterious by the 
nine disease pathogenicity prediction methods (high-
lighted in bold in Supplementary Material: Table S1). 
These predicted nsSNPs may alter both the structure 
and the function of the protein and may play a sig-
nificant role in the causation of disease.  

 
 

Figure 2. Distribution of predicted deleterious and neutral nsSNPs in 
the GCK gene. The colour codes are described in the radar chart.  
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Prediction of stability changes 
Predicting the stability of a protein upon muta-

tion is necessary for understanding the structure- 
function relationship of the protein. All 450 of the 
nsSNPs submitted to the pathogenic prediction tools 
were also subjected to protein stability analysis using 
tools such as I-mutant 3.0, PoPMusic 2.1, and D mu-
tant. The results from I-mutant 3.0 indicate that 394 
nsSNPs (88%) with negative DDG values are less sta-
ble and deleterious. In contrast, the results from 
Dmutant predicted that 264 nsSNPs (60%) of the GCK 
gene affect the stability of the protein, and the re-
maining 178 nsSNPs (43%) were identified as stabi-
lising mutations. The PoPMusic 2.1 scores can be used 
to classify mutations as deleterious (positive values) 
and non-deleterious (negative values). A total of 416 
nsSNPs (94%) were found to be deleterious, and the 
remaining 27 nsSNPs (6%) were non-deleterious 
(Supplementary Material: Table S1). 

Molecular phenotype analysis 
SNPeffect4.0 aids in the molecular characterisa-

tion of disease through the identification of deleteri-
ous polymorphic variants of human disease-related 
proteins. This software classifies SNPs based on 
changes in aggregation, amyloidogenicity, chaperone 
binding sites and structural stability changes and 
thereby permits the determination of whether a given 
mutation will affect the structure of the protein. 
SNPeffect 4.0 was used to predict the intrinsic aggre-
gation and amyloid-prone regions in GCK using 
TANGO and WALTZ. Of 450 nsSNPs, 332 (74%) were 
found to be associated with one or more of these 
changes. The results of this determination are pre-
sented in Supplementary Material: Table S3. Notably, 
three nsSNPs, P59L, T149I, and S212F, were found by 
TANGO and WALTZ to be associated with an in-
creased tendency of the GCK protein to aggregate. As 
shown in Table 1, the second stretch of the sequence 
showed a significant increase in aggregation tenden-
cy: the TANGO score of the native protein was 12.43, 
whereas the TANGO scores of the P59L, T149I, and 
S212F mutants were 11.22, 32.64, and 30.43, respec-
tively. Supplementary Material: Figure S1 depicts the 
per-residue TANGO aggregation scores of native 
GCK and the three mutant GCK proteins.  

Table 1. Predicted TANGO regions in the native and mutant 
proteins of GCK. 

Protein Start End Stretch Score 
Native 303 311 LVLLRLVD 8.99 

449 455 ALVSAV 12.43 
P59L 56 62 MLLTYV 11.22 
T149I 145 151 LGFIFS 32.64 
S212F 205 215 TVATMIFCYY 30.43 

Functional characterisation of SNPs  
The functional SNPs in the regulatory region of 

the GCK gene were analysed and scored, and their 
known effects were characterised according to the 
location of each SNP (splice site, ESE, TFBS, and cod-
ing region) using FASTSNP and F-SNP. FASTSNP 
classifies and prioritises the phenotypic risk and del-
eterious effects associated with each SNP found in 
coding and non-coding regions based on the influence 
of individual SNPs on 3D structure, pre-mRNA 
splicing, levels of transcription of the sequence, 
premature translation termination, transcription fac-
tor binding at the promoter, and other parameters. 
The FASTSNP results predicted that three SNPs in the 
intronic region of the GCK gene have possible func-
tional impact on the splicing site region with a risk 
ranking of 3-4. One SNP in the 3’ UTR region was 
predicted have functional significance for splicing 
regulation with a risk ranking of 2-3. Eleven SNPs in 
the 5’ upstream region were predicted to have func-
tional significance in the promoter/regulatory region 
with a risk ranking of 1-3 (Table 2). To locate and 
predict each SNP within TFBS and to identify exonic 
splicing enhancers, tools such as TFSearch, Consite, 
ESEfinder, ESRSearch, and PESX were utilised by 
F-SNP. Each SNP was assigned an ‘S’ score ranging 
from 0.05 to 1 (Supplementary Material: Table S4). In 
the GCK gene, 92 SNPs located in the intronic region 
were associated with the functional category of tran-
scriptional regulation, three SNPs located in the 
5PRIME_UTR region were associated with the func-
tional category of splicing regulation, three SNPs lo-
cated in the 3PRIME_UTR region were associated 
with the functional category of transcriptional regula-
tion, and four SNPs located in the UPSTREAM region 
were categorised as involved in transcriptional regu-
lation. The function of one SNP located in the 
SPLICE_SITE region was categorised as splicing reg-
ulation. In total, nine SNPs in the intronic region of 
the GCK gene, namely rs2908274, rs2908274, rs887688, 
rs2971680, rs887687, rs887686, rs2010825, rs2268575, 
rs2268573, and rs13306387, were predicted to be func-
tional by FASTSNP and F-SNP. 

Concordance between the functional 
consequences of each SNP 

To increase the prediction accuracy of the com-
putational methods utilised in this study, we calcu-
lated the concordance of each prediction using three 
different combinations: (i) concordance between the 
evolution-based sequence methods SIFT, fathmm, and 
PhD-SNP; (ii) concordance between the evolu-
tion-based structure methods PolyPhen2, SNAP, 
SNPs&GO, and PoPMusic 2.1; and (iii) concordance 
between the evolutionary sequence and struc-
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ture-based methods I-mutant 3.0 with D Mutant, 
Align-GVGD, and SNPeffect 4.0. The concordances 
between these combinations are shown in Figure 3. 
Lower prediction scores obtained with SIFT and 
I-mutant 3.0 classify an nsSNP as deleterious, whereas 
a higher PolyPhen2 score classifies an SNP as delete-
rious. Of 450 SNPs in GCK, 79%, 88%, 83%, 100%, 
65%, 94%, 100%, 88%, 60%, 25%, and 74% were 
uniquely found to be deleterious by SIFT, PolyPhen2, 
PhD-SNP, SNPs&GO, SNAP, PoPMusic 2.1, fathmm, I 
mutant 3.0, D Mutant, Align-GVGD, and SNPeffect 
4.0, respectively, and 7% of the SNPs were predicted 
to be functionally significant by all eleven tools. In 
combination, the evolution-based methods SIFT and 
fathmm predicted that 89% of the SNPs are function-
ally significant; in contrast, the combination of 
fathmm and PhD-SNP, the combination of SIFT and 

PhD-SNP, and the combination of SIFT, fathmm, and 
PhD-SNP predicted that 91%, 80%, and 65% of the 
SNPs, respectively, are functionally significant. The 
structure-based methods PolyPhen2 and SNAP in 
combination predicted 76% of the SNPs to be func-
tionally significant, whereas the combination of Pol-
yPhen2 and SNPs&GO, the combination of PolyPhen2 
and PoPMusic 2.1, the combination of SNAP and 
SNPs&GO , the combination of SNAP and PoPMusic 
2.1, the combination of SNPs&GO and PoPMusic 2.1, 
and the combination of PolyPhen2, SNPs&GO, SNAP, 
and PoPMusic 2.1 predicted 94%, 90%, 82%, 78%, 96%, 
and 86% of the SNPs to be functionally significant. In 
combination, I Mutant 3.0 and Dmutant predicted that 
73% of the nsSNPs are deleterious. Align-GVGD and 
SNPeffect 4.0 predicted 24% and 73% of the SNPs to 
be deleterious, respectively.  

Table 2. Characterization of functional SNPs in GCK gene by FASTSNP 

IDs Possible Functional Effects Risk Level Region 
rs2908274  Splicing site Medium-High (3-4) Intronic 
rs35548117  Splicing regulation Low-Medium (2-3)  3UTR 
rs2971680  Promoter/regulatory region Very Low-Medium (1-3)  5upstream 
rs887687  Promoter/regulatory region Very Low-Medium (1-3)  5upstream 
rs887686  Promoter/regulatory region Very Low-Medium (1-3)  5upstream 
rs2010825  Promoter/regulatory region Very Low-Medium (1-3)  5upstream 
rs73112256  Promoter/regulatory region Very Low-Medium (1-3)  5upstream 
rs2268575  Promoter/regulatory region Very Low-Medium (1-3)  5upstream 
rs35606092  Promoter/regulatory region Very Low-Medium (1-3)  5upstream 
rs35786405  Promoter/regulatory region Very Low-Medium (1-3)  5upstream 
rs35907141  Promoter/regulatory region Very Low-Medium (1-3)  5upstream 
rs2268573  Promoter/regulatory region Very Low-Medium (1-3)  5upstream 
rs17172591  Promoter/regulatory region Very Low-Medium (1-3)  5UTR 
rs13306387  Intronic enhancer Very Low-Low (1-2)  Intronic 
rs887688  Intronic enhancer Very Low-Low (1-2)  Intronic 

 

 
Figure 3. Concordance between the computational methods. Functional consequences of each SNP based on the evolution-based methods SIFT, fathmm, 
and PhD-SNP, the structure-based methods PolyPhen2, SNAP, SNPs&GO, PoPMusic 2.1, and I-Mutant 3.0, Dmutant, Align-GVGD, and SNPeffect 4.0. 



 Theranostics 2014, Vol. 4, Issue 4 

 
http://www.thno.org 

375 

Ranking scheme 
We adopted a ranking system to classify the 

nsSNPs associated with GCK based on the scores ob-
tained from SIFT, PolyPhen2, PhD-SNP, SNAP, 
SNPs&GO, fathmm, and I-Mutant 3.0. PoPMusic 2.1 
and Dmutant were not able to predict the scores for 
few nsSNPs (Supplementary Material: Table S1). After 
combining the scores obtained using these seven 
tools, we assigned each nsSNP a ranking from 1 to 4 
and designated it as pathogenic (if seven to six tools 
predicted that it was pathogenic), most likely patho-
genic (if five to four of the seven tools predicted 
pathogenicity), possibly pathogenic (if three to two of 
the seven tools predicted pathogenicity), and most 
likely benign (if zero to one tool predicted patho-
genicity) (Supplementary Material: Table S1).  

Statistical analysis of the performance of in 
silico prediction methods 

To evaluate the performance of the tools used to 
predict deleterious nsSNPs, we used six statistical 
measures: accuracy, precision, specificity, sensitivity, 
negative predictive value (NPV), and Matthews cor-
relation coefficient (MCC). The test dataset of exper-
imentally determined pathogenic nsSNPs of the GCK 
gene was obtained from the Swiss-Prot database and 
the literature. Based on the predictions made by the 
computational methods, the test dataset was evalu-
ated to obtain tp (true positive), tn (true negative), fp 
(false positive), and fn (false negative) values in order 
to calculate the statistics measures (Table 3). Of the 
nine computational methods, SNPs&GO (0.891) and 
fathmm (0.891) performed best in terms of accuracy, 
PolyPhen2 (0.907) and SNAP (0.907) performed best 
in terms of precision, SNPs&GO (1) and fathmm (1) 
performed best in terms of sensitivity, SNAP per-
formed best in terms of specificity (0.448), and Poly-
Phen2 performed best in terms of NVP (0.23) and 

MCC (0.14). In contrast, SNAP performed worst in 
terms of accuracy (0.64), I Mutant 3.0 performed worst 
in terms of precision (0.88), D Mutant performed 
worst in terms of sensitivity (0.59), and SNPs&Go and 
fathmm performed worst in terms of specificity (0), 
NVP (0), and MCC (0). PolyPhen2 yielded signifi-
cantly higher values for MCC than did the other tools 
used in this study. Overall, it is evident from our sta-
tistical analysis that PolyPhen2 outperformed the 
other computational methods in the prediction of 
deleterious and functional nsSNPs in the GCK gene.  

GCK protein sequence conservation analysis 
A comparative analysis of amino acid conserva-

tion between species based on protein sequence 
alignment provides an understanding of the im-
portance of individual amino acid residues within a 
protein and reveals localised evolution. The homolo-
gous protein sequences utilised in the MUSCLE 
analysis of the GCK protein are shown in Supple-
mentary Material: Table S5. The aligned sequences 
from MUSCLE (Supplementary Material: Figure S2) 
were submitted to WebLogo to demonstrate the pat-
terns of sequence alignment. The WebLogo pattern 
(Supplementary Material: Figure S3) of the GCK pro-
tein displays the sequence logos of up to 140 se-
quences. Importantly, the information from the se-
quence logo of the GCK protein indicates that GCK 
sequences are highly conserved in different species. 
Similarly, an analysis using the Bayesian analyser 
ConSurf indicates that most of the amino acids in the 
GCK protein are highly conserved (Figure 4). In gen-
eral, the substitution of conserved residues is delete-
rious. Consistent with this generalisation, the majority 
of the substituted amino acids in GCK were predicted 
to be deleterious in nature by all of the computational 
prediction methods.  

Table 3. Statistical evaluation of various computational methods  

Condition SIFT PolyPhen 2 PhD-SNP PopMusic 2.1 SNAP SNPs & GO fathmm I Mutant Dmutant 

True Positive 321 361 336 372 266 401 401 347 233 
True Negative 14 12 13 4 22 0 0 2 17 
False Positive 35 37 36 44 27 49 49 47 31 
False Negative 80 40 65 23 135 0 0 54 161 
Total 450 450 450 443 450 450 450 450 442 
Remarks - - - 7 NA - - - - 8 NA 
Accuracy 0.744 0.828 0.775 0.848 0.64 0.891 0.891 0.775 0.565 
Precision 0.901 0.907 0.903 0.894 0.907 0.891 0.891 0.88 0.882 
Sensitivity 0.8 0.9 0.83 0.94 0.66 1 1 0.86 0.59 
Specificity 0.285 0.324 0.265 0.083 0.448 0 0 0.04 0.354 
NVP 0.148 0.23 0.16 0.14 0.14 0 0 0.03 0.09 
MCC 0.06 0.14 0.08 0.03 0.07 0 0 0.08 0.03 
NA-Not available 
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Figure 4. Conservation analysis of the GCK protein sequence from 1 to 465 aa using ConSurf. The amino acids are coloured based on their conser-
vation grades and conservation levels. A grade of 1 indicates rapidly evolving (variable) sites, which are colour-coded in turquoise; 5 indicates sites that are evolving 
at an average rate, which are coloured white; and 9 indicates slowly evolving (evolutionarily conserved) sites, which are colour-coded in maroon. 

 
Amino acid composition of native and 
mutated proteins  

To measure the effects of deleterious amino acid 
substitutions on the GCK protein, we determined the 
amino acid composition of the protein in both its na-
tive and mutated states using Statistical Analysis of 
Protein Sequences [65]. Supplementary Material: Fig-
ure S4 shows the amino acid composition of the native 
GCK protein, which contains 465 amino acid residues. 
Of these, the occurrence of leucine was found to be 

highest, followed by lysine, glutamic acid, glycine, 
and valine. Supplementary Material: Figure S5 com-
pares the distribution of the amino acid composition 
in the mutant GCK proteins. The mutant proteins 
showed a higher relative composition of glycine and 
proline, followed by arginine and valine. Leu→Pro, 
Glu→Lys, Gly→Asp, Gly→Arg, Gly→Ser, Ala→Thr, 
Ala→Val, Met→Thr, Val→Met, and Gly→Val were 
the most frequent substitutions in GCK. Of these 
substitutions, Leu to Pro was the most frequent, and 
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12 of the 16 Leu to Pro substitutions were recorded as 
pathogenic by all of the prediction methods used. In 
addition, the formation of disulphide bonds in the 
GCK protein was calculated using SCRATCH Protein 
Predictor [66]. Eight of the Cys residues in GCK (those 
at positions 213, 220, 233, 252, 364, 371, 457, and 461) 
were found to be involved in disulphide bond for-
mation. The bonds occurred between Cys 213 and Cys 
220, Cys 364 and Cys 371, Cys 233 and Cys 252, and 
Cys 457 and 461. Mutations at many of these positions 
(namely C129F, C129Y, C213R, C213Y, C220Y, C233R, 
C252Y, C371F, C371R, C371W, C371Y, C382G, and 
C457W) were predicted to be markedly deleterious by 
SIFT, PolyPhen2, PhD-SNP, SNAP, SNPs&GO, 
fathmm, and I-mutant 3.0. 

Impact of mutations on the local environment 
The definition of the local environment in the 

context of hydrogen bonds and solvent accessibility 
can portray distinct patterns of amino acid substitu-
tions. Figure 5 illustrates the positions of mutants Gln 
70, Ala 188, and Trp 257 in the GCK protein with PDB 
ID: 1V4S. We used the HOPE server [67] to analyse 
the size, charge, and hydrophobicity values of the 
native and mutant amino acids in the E70K, A188T, 
and W257R mutants of the protein. E70K (glutamate) 
is a highly conserved residue located in one of the 
connecting loops. The change in size and charge be-
tween the glutamate and the mutant lysine residue 
disrupts the hydrogen bond formed by the original 
wild-type residue and also disturbs the interaction of 
this region with other molecules and other parts of the 
protein. Thus, this mutation may result in a slight 
modification of enzyme activity and/or stability. The 
A188T mutation, in which a highly conserved, hy-
drophobic, small alanine residue is replaced by a 
large, less hydrophobic, polar residue tyrosine, can 
result in the loss of hydrophobic interactions in the 
core of the protein. In the 3D structure, the wild-type 
residue is located in the α4 helix of the small domain. 
The mutation converts the wild-type residue to a 
residue that does not prefer α-helices as its secondary 
structure. The formation of hydrogen bonds at the 
hydroxyl group of the mutant residue can disturb the 
core structure of this important domain and thereby 
affect the catalytic activity of the protein. 
W257R-Trp257 is a highly conserved residue located 
in the α-helix of the large domain. The substitution of 
the more hydrophobic residue tryptophan by the less 
hydrophobic arginine will cause the loss of hydro-
phobic interactions in the core of the protein, and the 
change in the size of this residue from large to small 
will result in empty space in the core of the protein. In 
addition, the change in the charge of a buried residue 

from neutral to positive can lead to protein folding 
problems.  

 

 
Figure 5. Cartoon structure of the GCK protein with PDB ID 1V4S. 
The structure was visualised using PyMol. The large domains (1-64 and 
206-439) are shown in blue, the small domains (72-201 and 445-465) are shown 
in magenta, and the connecting loops, which extend from residues 65-71, 
202-205, and 440-444, are shown in orange. The α13 helix, which elongates 
from residue 295-311, is shown in cyan colour. The native amino acids gluta-
mate at position 70 (green colour), alanine at position 188 (green colour), and 
tryptophan at position 257 (green colour) are represented as spheres in the 
close version and as sticks in the zoomed-in version. 

 
We calculated the surrounding residues and lo-

cal environments of the native and mutant amino acid 
residues in GCK within the range of 4 Å using PyMol 
[68]. The substitution of lysine for glutamate at the 
70th position introduces two new residues, Cys457 
and Cys461, in the local environment, and the sub-
stitution of alanine by tyrosine at position 188 places 
residue Glu120 within the range of 4 Å (Supplemen-
tary Material: Figure S6, S7). The substitution of 
tryptophan by arginine at position 257 leads to the 
loss of four contacts, namely Val 389, Leu386, Gly385, 
and Cys382, in the native protein and the gain of two 
contacts with Val226 and Ile225 (Supplementary Ma-
terial: Figure S8). The scores, amino acid properties, 
protein stability, and local environment predictions 
obtained through computational methods and mod-
elling studies provide clues regarding the possible 
effects of disease-causing mutations on protein 
structure. However, it is intriguing to consider how 
residue changes in sites other than functionally im-
portant regions in the GCK protein can result in 
changes in protein structure that have deleterious 
effects on protein function. Lastly, we used MD sim-
ulations to investigate to what extent the E70K, 
A188T, and W257R mutations affect protein structure 
and thereby lead to functionally disruptive effects and 
conformational changes in the mutant protein struc-
ture with respect to its native conformation. 
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Molecular dynamics: conformational flexibility 
and stability analysis 

Molecular dynamics simulation approaches 
pave the way for an in-depth analysis of the effects of 
mutations on protein structure. Based on this princi-
ple, various substitutions, such as E70K, A188T, and 
W257R, were investigated using 40-ns MD simulation 
trajectories. The overall protein stability changes upon 
mutation were evaluated through Root Mean Square 
Deviations (RMSD) values. We calculated the back-
bone RMSD for all of the systems from the average 
simulated structure and considered the calculated 
value as a primary criterion for measuring the con-
vergence of the system. The backbone RMSD was 
calculated for both the native and the mutant struc-
tures of the GCK protein (Figure 6). We observed a 
substantial structural deviation in the structures of the 
E70K, A188T, and W257R mutants compared with the 
native GCK protein. The values for the native and 
mutant proteins showed a standard deviation range 
of ~0.2 to ~0.3 nm throughout the 40-ns simulation 
period. All four systems reached equilibrium states 
after 20 ns of simulation. The structures of the A188T 
and W257R mutants presented lower RMSD values in 
the equilibration period compared with the native 
structure, whereas the structure of the E70K mutant 
attained a high deviation. Both the native and mutant 
structures reached more converged states during the 
simulation period of ~20 to ~40 ns. Hence, all further 
analyses were performed using the more equilibrated 
states (~30 to ~40 ns) of the native and mutant struc-
tures. Although the mutant proteins exhibited little 
deviation in the RMSD from the native protein, the 
minor deviation in the RMSD reflects a protein stabil-
ity change and shows the impact of the substitution of 
amino acids in the GCK protein.  

 

 
Figure 6. Backbone RMSD of the native and mutant structures of the 
GCK protein. The ordinate is RMSD (nm), and the abscissa is time (ps). The 
black, red, green, and blue lines indicate the native, E70K, A188T, and W257R 
mutant structures, respectively. 

MD provides valuable information on 
long-range and correlated motions and permits 
thermal fluctuations and long period motions to be 
distinguished [69]. To evaluate the structural flexibil-
ity of wild-type and mutant GCK, we calculated the 
Root Mean Square Fluctuations (RMSFs) from the last 
10 ns of the simulation trajectory files. The RMSF 
values of the native and mutant structures are shown 
in Figure 7. The native GCK protein showed fluctua-
tion in the range of ~0.05 to ~0.27 nm, whereas the 
E70K mutant showed fluctuation in the range of ~0.05 
to ~0.3 nm. Almost all of the residues in the mutant 
protein exhibited the same fluctuation as those of the 
native protein structure, but changes in the fluctua-
tions were observed for residues ~80, ~125, ~250-300, 
and ~400-440. The A188T and W257R mutant proteins 
showed higher fluctuation ranges of ~0.05 to ~0.35 nm 
and ~0.05 to ~0.3 nm, respectively, compared with the 
native structure. In the A188T mutant structure, no-
table changes in fluctuation were observed for resi-
dues ~30-40, ~80, ~140-160, ~250-350, and ~446, 
whereas the mutant structure W257R revealed 
changes in fluctuation for residues ~40-200, ~250-350, 
and ~400-446. The RMSFs of all the mutant structures 
notably deviated from the native structure in the 
overall proportions of different residues. These 
changes in the RMSFs indicate the mode of the flexi-
bility changes in the mutant complexes and also re-
flect the impact of the substituted deleterious mis-
sense mutations on the GCK protein. 

 

 
Figure 7. Central alpha-carbon RMSF of the native and mutant 
models of the GCK protein. The ordinate is RMSF (nm), and the abscissa is 
residues. The black, red, green, and blue lines indicate the native, E70K, A188T, 
and W257R mutant structures, respectively.  

 

Hydrogen bonding and salt bridge analysis in 
native and mutant GCK proteins  

Hydrogen bonds are the most significant weak 
interactions observed in chemistry and biology [70]. A 
hydrogen bond occurs when a hydrogen atom cova-
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lently bound to a molecule interacts with an electro-
negative atom on the same molecule or on a different 
molecule. Because these bonds are responsible for 
maintaining the stability of a protein structure, the 
determination of the location of hydrogen bonds pro-
vides significant information on the stability of a 
protein [71]. Therefore, the examination of the num-
ber of hydrogen bonds in native and mutant GCK 
proteins is essential to understanding the stability 
between the residues in these proteins. Figure 8 de-
picts the number of hydrogen bonds formed in the 
GCK protein in its native state and in several mutants. 
The native GCK protein exhibits an average of ~350 to 
~400 hydrogen bonds throughout the last 10 ns of the 
simulation period. The average maximum number of 
hydrogen bonds formed in the structures of the E70K, 
A188T, and W257R mutants were calculated to be 
~340 to ~400, ~350 to ~400, and ~350 to ~390, respec-
tively, in the last 10 ns of the simulation period. No-
tably, the number of hydrogen bonds in the three 
mutant proteins varied compared with the number of 
hydrogen bonds in the native protein. The change in 
the number of hydrogen bonds in the mutant proteins 
reflects the impact of deleterious amino acid substitu-
tions and their ability to destroy hydrogen bond for-
mation in the GCK protein. 

 

 
Figure 8. Number of hydrogen bonds formed in the native and mu-
tant structures of the GCK protein. The ordinate is the number of hy-
drogen bonds in the protein, and the abscissa is time (ps). The black, red, green, 
and blue lines indicate the native, I63R, H135R, and T285M mutant structures, 
respectively.  

 
The salt bridge distances in the native and mu-

tant structures of GCK protein were calculated from 
the last 10 ns of the trajectory data (Figure 9). The na-

tive structure of the GCK protein contained salt 
bridges and maintained a different range of distances 
throughout the last 10 ns of the simulation period. In 
the ~32-34 ns, ~36 ns, and ~40 ns periods, the native 
protein exhibited a maximum salt bridge distance of 
~0.7 nm, and an average range distance of ~0.5 nm 
was observed throughout the last 10 ns of the simula-
tion period. The structures of all three mutants (E70K, 
A188T, and W257R) showed different ranges of dis-
tance compared with the native protein, and the 
structure of the W257R mutant exhibited a different 
range of salt bridge distances in the maximum simu-
lation period compared with the native, E70K, and 
A188T structures. Based on this analysis, we infer that 
the changes in the salt bridge distances of the three 
mutant structures in comparison with the native 
structure may be due to the incorporation of delete-
rious amino acid substitutions.  

 

 
Figure 9. Salt bridge formation and distances in the native and mu-
tant structures of the GCK protein. The ordinate is distance (nm), and the 
abscissa is time (ps). The black, red, green, and blue lines indicate the native, 
E70K, A188T, and W257R mutant structures, respectively.  

 

Effect of deleterious GCK variants in the SASA 
of native and mutant proteins 

The SASA of a protein is the protein surface in 
contact with the solvent molecule. The solvation effect 
plays an important role in the maintenance of protein 
stability and folding. Similarly, solvation effects ac-
company the protein binding process and the rear-
rangement of protein structure. These solvation ef-
fects can be measured by explicit solvent models; for 
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example, MD simulations typically use a sphere of 
water molecules [72]. The solvation energy can be 
determined from the SASA in a rapid linear way with 
an accuracy comparable to those of theoretical models 
[73]. Accessible surface area (ASA) models have be-
come commonly accepted within available implicit 
solvent treatments and have been used successfully in 
many applications, such as protein MD [74] and 
structure prediction [75]. The SASA was calculated 
for both the native and mutant structures of the GCK 
protein. Figure 10 shows that the native GCK protein 
displayed a SASA of ~88 nm2 to ~99 nm2 in the last 10 
ns of the simulation period, whereas the models of the 
E70K, A188T, and W257R protein structures dis-
played a somewhat lower SASA than the native GCK 
protein. At a few simulation points, all three mutant 
structures displayed different SASAs. The observed 
changes in the SASA of the mutant structures indicate 
that a repositioning of amino acid residues from bur-
ied regions to accessible areas, or vice versa, may oc-
cur. Collectively, these observations show that 
changes in the GCK protein structure accompany the 
substitution of deleterious amino acids.  

 

 
Figure 10. Solvent-accessible surface area of the native and mutant 
structures of the GCK protein. The ordinate is distance (nm), and the 
abscissa is time (ps). The black, red, green, and blue lines indicate the native, 
E70K, A188T, and W257R mutant structures, respectively. 

 

Discussion 
The most common genetic variants are SNPs, 

which occur at a frequency of approximately 1 in 1650 
bp throughout the human genome [76]. Because many 
diseases have a strong genetic component, the identi-

fication of SNPs and an understanding of their roles in 
pathological conditions are expected to shed light on 
disease susceptibility and aid in the development of 
more effective treatments. As of Nov. 7, 2013, ap-
proximately 44,278,189 human SNPs had been identi-
fied, validated, and deposited in the National Centre 
for Biotechnology Information (NCBI) database. The 
most identifiable group of SNPs is the nsSNPs, a small 
proportion (1%) of which are located within the cod-
ing regions of genes, where they can therefore lead to 
alterations in the amino acid sequences of the corre-
sponding proteins. These changes can cause a loss of 
thermodynamic stability, as well as the aberrant 
folding and aggregation of proteins. Most nsSNPs 
have been identified through the sequencing and 
genotyping of DNA samples from general popula-
tions, and many were identified during the course of 
the HapMap project, a key resource for the identifica-
tion of genetic variants that affect human disease. Half 
of all genetic changes related to human diseases are 
attributable to nsSNPs. Hence, these nSNPs are con-
sidered to be deleterious because they lead to marked 
phenotypic consequences [77, 78]. Distinguishing 
deleterious nsSNPs from neutral nsSNPs is essential 
for characterising the genetic basis and pathogenesis 
of human disease. By distinguishing between these 
polymorphisms, we are able to assess an individual’s 
susceptibility to disease [79]. It is assumed that 
nsSNPs that occur in the protein-coding sequences 
observed in living organisms have survived natural 
selection. Disease-causing or deleterious mutations 
are most likely to occur in evolutionarily conserved 
positions in a protein-coding sequence [41, 80]. 
Therefore, our hypothesis was that amino acids con-
served across species are more likely to be function-
ally significant than non-conserved amino acids. This 
suggests that the application of a molecular evolu-
tionary approach may allow the prioritisation of SNPs 
that should be genotyped in future molecular epide-
miological studies. Several studies of human dis-
ease-causing genes, such as p53, p16, CFTR, G6PD, 
L1CAM, PAH, and other genes [81-88], have con-
firmed this assumption. Therefore, the present study 
will provide useful information for the selection of 
SNPs that are likely to have a potential functional 
impact in MODY 2 disease susceptibility.  

In this study, we performed a systematic com-
putational analysis of the GCK gene to determine the 
potential deleterious nsSNPs associated with this 
gene and performed MD simulations to determine the 
structural and functional significance of these nsSNPs. 
To identify the deleterious nsSNPs in the GCK gene, 
we employed the widely used evolution-based mul-
tiple methods SIFT, PolyPhen2, PhD-SNP, SNAP, 
SNPs&GO, fathmm, Align GVGD, and SNPeffect 4.0, 
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which predicted 356 (79%), 398 (88%), 372 (83%), 293 
(65%), 450 (100%), 450 (100%), 112 (25%), and 332 
(74%) of the identified nsSNPs within this gene to be 
deleterious, respectively. Among these methods, 
SNPs&GO and fathmm performed best in terms of 
accuracy, SNPs&GO and fathmm performed best in 
terms of sensitivity, SNAP performed best in terms of 
specificity (0.448), and PolyPhen2 performed best in 
terms of NVP and MCC. To quantify the destabilisa-
tion effect of known mutations in the GCK gene, we 
computed the protein stability changes in the mutant 
proteins using three different approaches with in-
creasing levels of complexity. Importantly, all three 
approaches (PoPMusic 2.1, I mutant 3.0, and 
Dmutant) revealed a consistent trend in the destabi-
lisation effects of mutations on the GCK structure. The 
methods utilised by the above-mentioned in silico 
tools vary in the approach used to make their predic-
tions, and the predictions (deleterious and neutral) are 
therefore expected to differ to some extent. All of the 
methods, however, follow a similar procedure in 
which every single missense variant is first labelled 
with the properties related to the damage it may cause 
to the protein structure or function. The resulting 
feature vector is then utilised to decide whether the 
variant is pathogenic. The computational methods 
used to make these predictions differ in the properties 
of the variant taken into account, as well as in the 
reference databases and the training of the classifica-
tion methods used for the decision-making. However, 
similar positive predictions from all of the utilised 
computational methods may indicate a high possibil-
ity of the similar predicted behaviour. Most of the 
available computational prediction methods available 
online were benchmarked by the curators with their 
known datasets and shown to perform well. The in-
creasing number of studies that have compared the 
prediction scores from various sets of tools using the 
same dataset indicate that no single method can be 
rated as the best predictor [89, 90]. The results ob-
tained from these studies indicate that the use of a 
combination of methods with sequence and structure 
information may provide wider coverage and more 
accurate predictions in the study of nsSNPs. In addi-
tion, we adopted a ranking strategy to prioritise 
nsSNPs based on the prediction scores obtained from 
these computational methods. This ranking strategy 
can be applied to any gene, protein, or disease to as-
sist the prioritisation of functional nsSNPs on a large 
scale before further experimental investigation. 

Mutations lead to changes in amino acid proper-
ties that, in turn, lead to the loss or gain of hydrogen 
bonds and other interactions. These changes may 
disrupt the local environment because of structural 
interactions near the substitution sites; such substitu-

tions manifest their deleterious effects by introducing 
changes in the protein’s structural characteristics, 
such as its size, surface charge distribution, hydro-
phobic contacts, and residue-solvent interactions [91]. 
An analysis of the protein’s primary sequence pro-
vides the most direct and readily available infor-
mation regarding possible functional mutation sites. 
Recent studies have explored the occurrence of par-
ticular amino acids and their biophysical characteris-
tics in various native and mutant proteins [92, 93]. 
Based on these studies, arginine and glycine were 
found to be the most common amino acids in the na-
tive state, whereas tryptophan, tyrosine, and cysteine 
residues were found to be the most common in the 
mutant state. The occurrence of mutated residues was 
found to increase the probability that the nsSNPs are 
disease-related. In our analysis, we first investigated 
the occurrence of amino acid residues in wild-type 
and mutated GCK proteins. As is clearly shown in 
Supplementary Material: Figure S5, glycine occurs 
most frequently among the mutant residues, followed 
by alanine and arginine, whereas proline, arginine, 
and valine were found to be the most commonly mu-
tated residues in GCK. In addition, a comparative 
analysis of amino acid conservation from multiple 
species by protein sequence alignment was per-
formed, and this analysis provided an indication of 
which amino acid residues are truly conserved and 
which changes represent localised evolution. Con-
versely, most of the substituted amino acids in GCK 
were deleterious in nature according to all of the 
computational methods used. These amino acids 
yielded the tallest stacks in the sequence logos gener-
ated using WebLogo and were also located in highly 
conserved regions, as determined through ConSurf 
analysis. Population genetic studies have reported 
that a significant fraction of functional nsSNPs are 
present in highly conserved regions of gene sequenc-
es. Residues that evolve under strong selective pres-
sure are found to be significantly associated with 
human diseases [94]. A number of studies have indi-
cated that substituted amino acids play a role in the 
causation of disease [93] and the tryptophan and cys-
teine play a role in the determination of protein sta-
bility [94]. A few studies have also illustrated the 
importance of cysteine residues in a protein sequence 
because most protein folding depends on disulphide 
bonds [95]. SNP-associated residue changes to or from 
cysteine are likely to destabilise a protein structure. 
Taking these findings into consideration, we extended 
our analysis to assess the propensity of each amino 
acid in the native and mutant states to affect the func-
tion of GCK, including the formation of disulphide 
bonds (due to changes in cysteine residues).  

Studying the impact of mutations at the struc-
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tural level provides valuable insight into the effects of 
mutations (alterations in the properties of a protein) 
and their disease phenotypes. This can be achieved by 
mapping a specific nsSNP onto the known crystallised 
3D structure of a protein and then inducing a muta-
tion at the corresponding residues. This method can 
reveal whether a given mutation alters protein folding 
or results in the loss or gain of hydrophobic contacts. 
This type of analysis is laborious and time-consuming 
in an experimental setup; most importantly, analysing 
the impact of all such mutations at the structural level 
is impossible, making it essential to use computation-
al methods such as MD to predict the structural effects 
of functional nsSNPs. Based on the frequency of sub-
stitutions and the pathogenic output generated by the 
computational prediction methods used in the present 
study, we selected three deleterious substitutions for 
further analysis at the molecular level. Thus, the cat-
alytic properties of three missense mutations associ-
ated with diabetes (E70K, A188T, and W257R of GCK) 
were chosen for our MD study. E70K, A188T, and 
W257R were selected for this further study because 
they are found in the connecting loop region, the 
small domain, and the large domain of the GCK pro-
tein, respectively, and because all three of these re-
gions are highly conserved.  

Five basic parameters (RMSD, RMSF, hydrogen 
bonds, salt bridges, and SASA) were analysed in the 
last 10 ns of the simulation trajectories. Although 
RMSD and RMSF are similar to each other, the im-
portant distinction between these measures is that 
RMSD depicts the deviation from the minimised 
crystal structure (molecular stability) (i.e., it provides 
an overall picture of the extent to which each part of 
the protein has changed over the course of the simu-
lation), whereas RMSF illustrates the deviation from 
the mean structure over a dynamic ensemble (flexi-
bility changes) (i.e., stability is the fundamental 
property that enhances bimolecular function, activity, 
and regulation). The results of the GCK protein sta-
bility analysis showed that the structures of the three 
mutants (E70K, A188T, and W257R) exhibited differ-
ent RMSD values from that of the native structure. 
Greater deviations increase the stability of the mole-
cule, and vice versa; higher stability results in in-
creased protein rigidity, and decreased stability re-
sults in increased protein flexibility. Although con-
formational changes are required for a protein to 
perform its normal functions [96], conformational 
flexibility and rigidity must be finely balanced [97]. 
The stability analysis of the native and mutant GCK 
proteins revealed that the mutant structures present-
ed increased rigidity due to the incorporation of del-
eterious amino acids. The RMSF analysis revealed 
flexibility changes in all three mutant structures. In 

particular, the mutant structures showed higher 
fluctuations in the residue range of ~200 to ~350 than 
the native structure. Thus, consistent with the RMSD 
results, the RMSF analysis indicated that the amino 
acid substitutions adversely affected the flexibility of 
the GCK protein. In addition to various electrostatic 
forces, the hydrogen bonds in a protein are the pri-
mary contributors to the stability of the protein. The 
presence of deleterious mutations may change the 
pattern of hydrogen bond formation within proteins. 
The pattern of hydrogen bonds within a protein is an 
important characteristic that can be used to infer how 
perturbations result from mutations [98]. Changes in 
the number of hydrogen bonds were observed in the 
three GCK mutants, suggesting that the presence of 
these mutations affects the stability of the protein. The 
salt bridge analysis revealed that both the native and 
the mutant structures of the GCK protein present dif-
ferent patterns of salt bridge distances. Changes in 
salt bridge distances reflect the displacement of cati-
onic or anionic side chains of amino acid residues in 
mutant proteins. All of the mutants studied exhibited 
changes in the bonding distance, and such changes in 
residue distance may cause a loss of thermodynamic 
stability. Furthermore, although the native and mu-
tant structures displayed almost similar SASAs in the 
last 10 ns of the equilibrated state, a lower SASA was 
observed for all three mutant proteins at certain 
points in time during the equilibrated state compared 
with the native GCK protein. The reduced sol-
vent-accessible area in the mutant proteins indicates 
that the mutations may decrease the probability of 
their interaction with other molecules. Thus, SASA 
analysis elucidates how the presence of deleterious 
polymorphisms in the GCK protein may introduce a 
change in the hydrophilic and hydrophobic regions of 
the protein.  

Previous studies using both experimental and 
computational methods have demonstrated the 
structural and functional impact of missense muta-
tions on the GCK protein. The results of these studies 
showed that these techniques can be used to differen-
tiate disease-related and neutral mutations [99, 100]. 
Takeda et al. (1993) described the catalytic properties 
of several missense mutants [101] and showed that the 
W257R mutation produces an enzyme that has an 
activity of less than 0.6% of that of native human 
β-cell glucokinase. In contrast, the E70K and A188T 
mutant proteins display a Vmax that is 20-100% of the 
normal value, but their Km for glucose is 8- to 14-fold 
greater than that found for the wild-type enzyme. 
These findings illustrate that mutations at residues 
involved in catalysis and substrate binding can lead to 
a complete loss of enzyme activity. Hence, the MD 
approach can support our comprehension of the 



 Theranostics 2014, Vol. 4, Issue 4 

 
http://www.thno.org 

383 

changes in the native form of the enzyme that lead to 
non-insulin-dependent diabetes mellitus and MODY. 
Thus, by combining the primary sequence, the phys-
icochemical properties of amino acids, the 3D struc-
ture of the protein, and energy calculations, it is pos-
sible to successfully predict the molecular effects of 
deleterious mutations in GCK that may cause 
MODY2. This type of evolution-based modelling ap-
proach can further our understanding of how these 
deleterious mutations can alter protein function and, 
in turn, may reveal the molecular basis of diseases, 
such as MODY2.  

Recent advances in low-cost, high-throughput 
DNA sequencing and computational technologies 
have resulted in a rapid expansion in the rate of iden-
tification and deposition of SNPs in databases. The 
identification and characterisation of disease-related 
phenotypes has a unique role in the diagnosis and 
treatment of disease, but the marked increase in the 
number of identified SNPs poses a major challenge to 
experimental biologists. A big part of this challenge is 
the connection of loss or gain of function due to mu-
tation with disease phenotype. To meet this challenge, 
a systematic computational approach was designed to 
efficiently assess the pathogenicity associated with 
each SNP. The proposed computational architecture 
has an advantage over previous studies due to the 
inclusion of MD. Our analysis uses a cost-effective 
computational methodology in combination with 
evolution-based deleterious nsSNP prediction meth-
ods, sequence conservation analysis, structural mod-
elling, and MD simulations to measure changes in the 
local environment of a protein upon mutation. In this 
study, our primary aim was to emphasise the degree 
of uniformity between computational methods rather 
than their performance. The amount of information 
about SNPs that is available in public databases, such 
as dbSNP and Ensembl, is increasing owing to the 
development of cost-effective sequencing technolo-
gies. We hope that this type of combinatorial compu-
tational pipeline, which was developed from a bio-
physical perspective, will help to achieve a better 
understanding of the molecular mechanisms by 
which mutations alter the structural dynamics and 
stability of proteins and the impact of these changes. 
This cost-effective computational procedure present-
ed in this manuscript provides valuable insight into 
the mechanistic basis of GCK mutations.  

Supplementary Material 
Supplementary figures and tables. 
http://www.thno.org/v04p0366s1.pdf 
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