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ABSTRACT: The KRAS gene belongs to the RAS family and codes for 188 amino acid
residues of KRAS protein, with a molecular mass of 21.6 kD. Non-synonymous single-
nucleotide polymorphisms (nsSNPs) have been identified within the coding region in
which some are associated with different diseases. However, structural changes are not - ’ —_—

well defined yet. In this study, we first categorized SNPs in the KRAS coding area and

then used computational methods to determine their impact on the protein structure and =
stability. In addition, the three-dimensional model of KRAS was taken from the Protein ' !

Data Bank for structural modeling. Furthermore, genomic data were extracted from a
variety of sources, including the 1000 Genome Project, dbSNPs, and ENSEMBLE, and
assessed through in silico methods. Based on various tools used in this study, 10 out of 48
missense SNPs with rsIDs were found deleterious. The substitution of alanine for proline
at position 146 pushed several residues toward the center of the protein. Arginine instead
of leucine has a minor effect on protein structure and stability. In addition, the
substitution of proline for leucine at the 34th position disrupted the structure and led to a bigger size than the wild-type protein,
hence interrupting the protein interaction. Using the well-intended computational approach and applying several bioinformatic tools,
we characterized and identified most damaging nsSNPs and further explored the structural dynamics and stability of KRAS protein.

Article Recommendations

KRAS nsSNPs Identification

Pathogenicity of Variants.

Bl INTRODUCTION

Ras is a gene family that contains NRAS (neuroblastoma-RAS),
HRAS (Harvey-RAS), and KRAS (Kirsten-RAS). NRAS,

often mutated isoform, accounting for a total of 86% of RAS
mutations. KRAS-4B is the most common isoform in human
malignancies, associated with pancreatic cancer (90%), colon

HRAS, and KRAS genes have been identified in tumor cell
lines in the 1980s, and researchers have been studying the
structure and biology of Ras." Ras proteins are tiny GTPases
that act as main regulators of many signaling pathways that are
involved in a wide range of cellular functions. HRAS (Harvey),
KRAS (Kristen), and NRAS (neuroblastoma) are the three
members of the Ras gene family.”~* The Ras gene human
family includes Kras (v-Ki-ras2 Kirsten rat sarcoma oncogene)
and has a unique position on chromosome 12p12.1. KRAS is
recognized as a very common gene in the RAS superfamily and
acts as a group of tiny GTP-binding proteins, known as RAS-
like GTPases. In mammalian genomes, more than 150 RAS-
like genes have been discovered.”

KRAS1 and KRAS2 are the two copies of the KRAS gene
found in the human genome. The KRAS gene had a molecular
mass of 21.6 kD, and the KRAS protein contained 188 amino
acid residues and plays an important role in intracellular signal
transduction.’ Until it binds to GTP, the KRAS protein is
inactive. When GTP binds to the KRAS protein, it experiences
conformational changes that affect two domains of the protein,
causing it to become activated. Switch 1 (amino acids 30—38)
and switch 2 (amino acids 59—67) are two main domains that
create an effector loop, determining the specificity of this
GTPase’s binding to its effector molecules.” KRAS is the most
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cancer (30 to 40%), and lung cancer [15 to 20%, mainly non-
small-cell lung cancer (NSCLC)]. KRAS is also associated with
different types of cancers such as cancers of the biliary tract,
cervical cancer, endometrial cancer, bladder cancer, myeloid
leukemia, liver cancer, and breast cancer.® Moreover, haplotype
analysis of two KRAS SNPs rs712 and rs7973450 revealed that
the TG haplotype was associated with the positive lymph node
status in LSCC patients.”

Single-nucleotide polymorphisms (SNPs) are the most
common genetic variation, accounting for about 90% of
human genetic variation, and some loci have been shown to be
related to gene phenotypes and tumor susceptibility. SNPs are
genetic markers existing in every 200—300 base pairs of the
human genorne.10 In the exon region of the human genome,
there are approximately 0.5 million SNPs."" The protein
structure, stability, and function may be affected by
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substitution of amino acids in the coding region of genes.
Nonsynonymous SNPs (nsSNPs) with a high risk of causing
mutations or changing protein function are known as high-risk
nonsynonymous SNPs. > Indeed, several studies have found
that most nsSNPs are responsible for around half of the
variations that are associated with hereditary genetic diseases.
nsSNPs in cancer-causing genes have attracted a lot of
attention in the current years.'”'> Multiple nsSNPs have
been recognized in numerous studies that have the possibility
to cause autoimmune diseases, infections, and inflammatory
illness progression.'®"” Genes which are related to immunity
are extremely polymorphic, and many nsSNPs in these genes
have yet to be identified. The bioactivity of SNPs influenced
the sensitivity of drug reactions among the signaling pathways
of regularly used immunosuppressants, such as glucocorticoids,
mycophenolate mofetil, azathioprine, tacrolimus, cyclophos-
phamide, as well as methotrexate.

In this study, we used different in silico tools to screen the
nsSNPs for identification of the most deleterious nsSNPs in
human KRAS protein and to check their impact on the
structure and function of KRAS protein, which provide a better
understanding of dynamic properties and potential therapeutic
targets/options.

B MATERIALS AND METHODS

Data Collection from SNP Database. To identify
functional SNPs of KRAS, we searched different databases
including dbSNP, ENSEMBLE, SNPS00 cancer, GeneCards,
and UniPort. Other sources of information in GenBank,
PubMed, LocusLink, and the Human Genome Project data
was also retrieved. Such tools are an excellent source of
genomic variation data, and it is updated on a regular basis
after new entries are submitted.'® ENSEMBLE (www.
ensemble.org/) was used to obtain the nucleotide and protein
sequence of KRAS.

Data Analysis of Deleterious nsSNPs. The SIFT (short
intolerance from tolerance) algorithm was used to determine
whether nsSNPs have a tolerant or deleterious effect on
protein function. SIFTs arranged SNPs into intolerant or
tolerant groups based on homologous alignment. Normal-
ization probability of definite amino acids less than a chosen
threshold value (0.05) was likely to be intolerant; however,
toler:liglce indexes more than >0.05 were considered accept-
able.

nsSNP Consequence by the Structural Homology-
Based Method. The structure of a protein determines/
regulates its function, and any changes to the structure can
cause the protein’s function to be disrupted. The effect of
nsSNPs on the protein structure is required to determine the
impact of mutations on its activity. We used Polymorphism
Phenotyping version 29 (PolyPhen2) to predict the harmful
effects of nsSNPs on the protein structure and function. For
categorization, this tool employed a naive Bayesian method
with a score range of 0—1. The mutations are classified as
beginning, possibly damaging, or probably destructive based
on their score. The scores that are closest to 1 are regarded to
be probably damaging, with a significant impact on the protein
structure.”

Functional nsSNP Characterization. SNP&GO, PhD-
SNP, nsSNP analyzer, PROVEAN, and P-MUT were used to
characterize functional nsSNPs. The support vector machine
approach was used by the predictor of human deleterious
single-nucleotide polymorphism (PhD SNP) to classify and

explain the non-synonymous SNP effect on protein. PhD SNP
analyses classified genes into two categories: deleterious and
neutral.”!

PROVEAN was used to determine pathogenic SNPs.
PROVEAN BLASTED the query sequence against NCBI
and categorized the mutation as harmful or neutral based on
the cutoff value. PROVEAN’s threshold value is —2.5, and
values higher than this are classified as deleterious.””

SNP&GO also used the SVM algorithm. PMUT uses neural
networking to analyze different types of sequence information
and classify mutants based on the obtained information. The
mutated protein sequence in FASTA format was submitted to
the PMUT, and the result might be disease or neutral based on
the sequence’s probability score.”

nsSNP Prediction on the Molecular Phenotype of
Protein. The SNP effect was used to predict the nsSNPs on
the coding region of the KRAS protein. It is not only calculated
the conservation score but also predicted the landscape of
protein homeostasis.”* The SNP effect uses a variety of
methods, including TANGO to predict mutant aggregation
propensity, WALTZ to predict amyloid propensity, and
LIMBO to predict chaperon binding. The TANGO score of
wild and mutant amino acids was determined using different
TANGO scores (dTANGO), which were used to determine
aggregation propensity. The dWALTZ score was used to
predict the amyloid-forming region of a protein. The
chaperone binding propensity mutant is predicted using the
dLIMBO score. The crystal structure of KRAS protein was
retrieved from Protein Data Bank (PDB). For modeling of the
mutated structure, FoldX (http://foldxsuite.crg.eu/) was used.

Impact of Nonsynonymous Mutations on Protein
Stability. Protein stability is important for maintaining its
structure and function. The LI MUTANT 3.0 program was used
to anticipate how a mutation will affect the stability of the
KRAS protein. The authenticity of the -IMUTANT result was
verified by comparing it to the MUPRO result. Both systems
utilized the same algorithm to determine whether a mutation
would increase or reduce stability.”> The SRide server was used
to predict the stabilizing residues of the normal and mutant
proteins.

Prediction of 3D Structures of Mutant Models. Protein
functions, such as binding affinity in the presence and absence
of mutation, and other key features are better explained by the
protein’s three-dimensional (3D) structure. The experimental
methods used to obtain the 3D structures of proteins are X-ray
crystallography and nuclear magnetic resonance (NMR)
spectroscopy. However, these procedures are both costly and
time—consuming.26 Because the computational methods are
rapid and cost-effective, they are utilized as an alternative to
experimental methods to predict the protein structure.”’
Mutant models were predicted using I-TASSER Swiss models.

In Silico Site-Directed Mutagenesis and RMSD
Calculation. In the program TRITON interfaced with
MODELLER,*® the 3D structure of mutant protein was built
based on homologous modeling. PROCHECK™ predicted
stereo chemical quality of each model, while ERRAT checked
the environment profile. NOMAD-Ref and CHIMERA were
used to reduce the potential energy of mutant structures and
calculate the RMSD of native and mutant structures.

Statistical Analysis. Continuous normally distributed data
are expressed as the means + SDs. All statistical calculations
were carried out using SPSS statistical software. A t-test was
used to compare data between two groups. Data were analyzed
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Table 1. Screening and Identification of Pathogenic nsSNPs Using Different Bioinformatic Tools

variant ID allele change  amino acid change ~ SIFT  PolyPhen2 ~SNP&GO PANTHER PHD SNP PROVEAN P-MUT

rs4362222 T/A/C/G R161S 0 0.97 disease neutral disease deleterious —5.303 disease 0.71
rs539423712 A/G V160A 0.01 0.998 neutral disease neutral deleterious —3.536 disease 0.56
rs387907206 T/C K147E 0 0.967 disease disease disease deleterious —3.625 disease 0.63
rs121913527 C/A/G/T Al146P 0 1 disease disease disease deleterious —4.516 disease 0.53
rs1565884227 Cc/T Al134T 0 0.946 disease neutral neutral deleterious —3.307 disease 0.61
rs1463850736 C/A/G/T A130P 0.04 0.978 disease neutral disease deleterious —3.253 disease 0.69
rs730880471 C/T DI1I19N 0 0.995 disease neutral disease deleterious —4.566 neutral 0.47
rs770248150 T/A/G K117N 0.01 0.994 neutral neutral disease deleterious —4.558 neutral 0.47
rs780974222 C/G G75A 0.03 0.988 neutral neutral neutral deleterious —5.938 disease 0.54
rs387907205 A/C/G Y71D 0 0.996 disease disease disease deleterious —9.374 disease 0.70
rs1555194026 C/A S651 0.01 0.935 neutral neutral disease deleterious —5.318 neutral 0.32
rs727503108 C/A G60V 0 1 neutral disease neutral deleterious —8.427 neutral
rs104894359 C/G/T G60R 0 1 disease disease neutral neutral disease 0.71
rs104894359 C/G/T G60S 0 1 disease disease disease deleterious —5.617 disease 0.71
rs104886029 G/A AS9V 0.03 0.972 disease neutral disease deleterious —3.706 disease 0.71
rs104894364 G/A TS8I 0 1 disease disease disease deleterious —5.623 disease 0.71
rs727503109 T/C 136M 0 0.976 neutral neutral disease neutral —2.345 disease 0.70
rs104894366 G/A/C P34L 0 1 disease disease disease deleterious —8.449 disease 0.71
rs104894366 G/A/C P34R 0 1 neutral disease neutral deleterious —7.598 disease 0.53
18794727277 T/A N26Y 0 0.967 neutral neutral disease deleterious —5.622 disease 0.65
rs730880472 A/C L23R 0.05 0.994 disease disease disease deleterious —4.925 disease 0.58
rs121913538 C/A/G L19F 0.01 0.999 disease neutral disease deleterious —3.373 disease 0.54
rs121913236 G/C/T Q22R 0.01 0.982 neutral neutral neutral deleterious —3.324 neutral 0.49
1s776785730 A/C/G S17R 0 0.999 disease disease disease deleterious —4.344 disease 0.70
rs1555195579 C/A G15V 0 0.999 disease disease disease deleterious —7.434 disease 0.71
rs104894365 Cc/T V141 0 0.959 neutral neutral disease neutral —0.819 disease 0.71
rs121913535 C/A/G/T G13C 0.02 0.997 neutral neutral disease deleterious —7.619 disease 0.57
rs104894361 T/A/C/G KSN 0.01 0.989 neutral neutral disease deleterious —3.603 disease 0.64

via analysis of variance with the Tukey—Kramer multiple 60.81%

comparisons test. P values <0.05 were considered significant.

B RESULTS

Nonsynonymous (nsSNP) Analysis Showed 28 out of

335 SNPs as Detrimental. To evaluate the tolerance index

(TI) score of a mutant protein, 335 nsSNPs were subjected to 16.22%

the sorting intolerant from tolerant (SIFT) algorithm. By 9.46% 8.11% 5.41%

matching the homologous sequence, SIFT determines the TI
score in the range of 0—1 to elevate the conserved amino acid.
SIFT evaluated 28 SNPs as detrimental out of 335, with TI
scores ranging from 0 to 0.04. Out of the 28 SNPs, around 17
occupy with the lowest TI score of 0, indicating that they have
a significantly deleterious effect on the protein structure. Five
SNPs have a TT of 0.01, one has a TT score of 0.02, three have
a TI score of 0.03, and only one has a TI score of 0.04. These
digits indicate that SNPs are of great importance. Table 1
shows the SIFT TI score. Distribution of SNPs in different
regions are shown in Figure 1.

Functional Modification of Coding nsSNP Prediction
Showed 21 of the 335 nsSNPs as Potentially Harmful.
The effect of nsSNPs on the protein structure and function was
predicted using the PolyPhen2 online server. The PolyPhen2
server looked up the sequence and 3D structure of the protein
queries and compared them to what were already known. The
likelihood score predicts the effect of mutation on the structure
and function of protein by aligning both the structure and
similarity observed in them. Only 21 of the 335 nsSNPs
uploaded to the server had a probability score greater than
0.98, indicating that they are likely to be harmful. As shown in
Table 1, A146P, G60R, G60V, G60S, E34L, T58I, and P34R
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Figure 1. Different regions showing distributions of SNPs of the
human KRAS gene.

have the highest score of 1, while others have scores in the
range of 0.98—0.999.

Twelve nsSNPs were discovered to be mutual in the results
of both servers when the SIFT and PolyPhen2 results were
combined. Even though the two servers utilized different
methodologies, such as SIFT’s conclusion being based on
structural details and PolyPhen2 being a structure-based tool,
the research revealed a good correlation by two ways (Table
1).

Phenotypic Influence of Mutation by the SNP Effect.
The SNP effect was exploited to investigate the phenotypic
impact of KRAS variants. The server assessed the tendency of
chaperon binding, aggregation, and amyloid propensity, but
the solution revealed that a majority of these characteristics
were unaffected by these variants. Those variations that can
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Table 2. Analysis of nsSNPs in Human KRAS Protein through the SNP Effect

variant ID dTANGO score aggregation tendency dWALTZ amyloid propensity dLIMBO chaperone binding tendency
rs387907206 1.11 not effected —0.10 not effected 0.03 not effected
rs121913527 0.00 not effected —0.00 not effected —-0.43 not effected
rs387907205 1.58 not effected 0.11 not effected —27.93 not effected
rs104894359 0.00 not effected —39.44 not effected 0.00 not effected
rs104894364 0.00 not effected 0.02 not effected -3.74 not effected
rs104894366 0.00 not effected 10.68 not effected —0.05 not effected
rs730880472 —49.71 not effected —393.90 decrease 8.08 not effected
rs121913538 50.70 increase —1.02 not effected 0.00 not effected
15776785730 —28.26 not effected 10.36 not effected 0.03 not effected
rs1555195579 40.34 not effected 0.11 not effected 0.00 not effected
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Figure 2. Difference between different variants. WALTZ amyloid propensity (right panel) and TANGO aggregation difference (left panel).

Table 3. DDG (Change in Free Energy Variation upon Mutation) Was Applied in Which DDG <0 = Decrease in the Stability,
While the DDG Value >0 = Increase in the Stability of Protein

variant id position wild type mutant

rs387907206 147 K E
rs121913527 146 A P
rs38790720S 71 Y D
rs104894359 60 G S
rs104894364 58 T 1

rs104894366 34 P L
rs730880472 23 L R
rs121913538 19 L F
1s776785730 17 S R
rs1555195579 15 G A%

DDG-value (kcal/mol) I-MUTANT MUPRO
-0.38 decrease decrease
—-0.24 increase decrease
—1.24 decrease decrease
—1.13 decrease decrease

0.19 increase increase
—0.46 decrease decrease
—1.78 decrease decrease
—1.02 decrease decrease

0.04 increase decrease
-0.35 decrease increase

change the properties and structure of the KRAS protein are
probably not these characters. The burden of permanent f-
strand-driven aggregation of protein and amyloid generation
on living organisms is enormous. Because of these character-
istics, not only the protein loses its function but it also places
abnormal pressure on the cell, as a considerable amount of
energy is used in expressing the gene and degrading the
defective protein. L23R-only (rs730880472) showed a
decrease in amyloid propensity with a dWALTZ score of
—393.90, while the L19F (rs121913538) showed an increase in

13365

mass tendency with a dTANGO score of 50.70, as indicated in
Table 2 and Figure 2.

Effect of Mutation on Protein Stability. Using the I-
MUTANT server, the stability of KRAS was related to that of a
mutant structure. The results of IMUTANT are constructed
on the ProtTherm database, which contains the most extensive
collection of experimental thermodynamics data on free energy
differences in protein stability due to mutations.

For DDG (A Gibbs free energy) stability prediction, models
with mutations such as K147E, Y71D, A146P, G60S, E34L,
TS8I, L32R, S17R, L19F, and G1SV were uploaded to the I-

https://doi.org/10.1021/acsomega.3c00804
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Figure 3. Structure and residues of KRAS protein. (A) Detection of evolutionary conservation of residues in human KRAS protein predicted by the
ConSurf server. (B) Score from 1 to 9 defines the conserved region. With the increase in value, the residues were more conserved. Red dots

indicate positively charged amino acids.

MUTANT server. Except for A146P, S17R, and T58I, which
have been linked to increased structural stability, all the
mutations demonstrate a decrease in protein stability. The
lowest DDG value (—1.78 kcal/mol) was due to the mutation
in L23R. DDG values for all other mutations varied from
—0.24 to —1.78 kcal/mol, implying lower protein stability due
to DDG values being less than 0. Table 3 displays the results.
The mutant was also sent to MUPRO to ensure that the results
were valid. Except for the A146P and S17R mutations, the

results were nearly identical. As indicated in Table 3, I-
MUTANT showed an increase in stability, while MUPRO
showed a decrease in stability, as shown in Table 3.
Analysis of Conservation by Using the ConSurf
Server. The degree of protection of KRAS protein deposits
was found and analyzed. All ten harmful mutations were found
in highly conserved areas in our findings (7-8-9). P34L was
anticipated to be an exposure mutation, while mutants like
K147E, G60S, Al146P, and TS8I were projected to be
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Figure S. 3D structures of native and mutant models of human KRAS protein. Changes in the protein structure can be observed in each model.

functional and exposure mutations. As illustrated in Figure 3A,
the mutations G15V and S17R were expected to be buried
structural amino acids, while three mutations identified, L23R,
L19F, and Y71D, were anticipated to be buried residues in the
structure of protein. Figure 3B shows a colored 3D ConSurf
model of the KRAS structure of protein.

Wild-type 3D Model of KRAS Protein. The sequence
determines a protein’s structure, and the structure determines a
protein’s unique function; hence, the 3D model of a protein is
important to determine various attributes such as affinities of
the protein ligand, domain, binding pocket, motif, and
interface protein sites. The complete wild-type 3D model of
KRAS protein with PDB ID (4OBE) with a resolution score of
2.85 was downloaded from the PDB, as illustrated in Figure 4.
The wild-type model consists of an a helix, f# sheets, and loops
with ligands bound to distinct locations.

Models of Mutants by Swiss Models. The Swiss model
server was used to estimate the structure of mutants through
the homology modeling method after retrieving the native full
structure of HRAS from the PDB. PyMOL and CHIMERA
software were used to generate the mutated model, which
included rs104894228 (G13R), rs750680771 (D38H),
15730880460 (G6OV), rs730880460 (G60D), rs727504747
(AS9L), rs1564789552 (Y64H), rs917210997 (G11SR),
rs1204223913 (P110L), rs369106578 (R123G),
15730880464 (R123P), and rs1564789700 (146T) (Figure
5). Mutations cause structural changes in the HRAS protein.
GROMOS 96 was used to minimize energy, which reduced the
amount of energy and force that acts on each atom in a group
of atoms to obtain the most thermodynamically stable
structure of KRAS. The energy value of the final and stable
KRAS model was —18 756 kJ/mol, compared to —108 915 KkJ/
mol before the energy minimization process. The mutant
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residue is smaller in size than the wild-type, and the mutation
at this site can add charge at this position, changing the amino
acid at position 147 from lysine (K) to glutamic acid (E),
which can interrupt interactions with other molecules. The
alteration of amino acid alanine (A) mutates into proline (P)
at position 146, causing the wild-type residue to sink to the
center of the protein (Figure 6). The wild-type group is smaller
in size as compared to the mutated one, which is possibly not
able to adjust in the allowed space and hence affects the
protein structure, and the change of tyrosine to aspartic acid at
position 71 may result in a loss of external contact. These
mutations cause a lack of hydrophobic interaction on the
protein’s surface. At position 60, a wild-type residue glycine is
mutated into serine (Figure 6), due to which torsion angles are
certainly out and disturb the local structure because the mutant
residue is not fitted in the correct site. It will be in a difficult
position to form correct hydrogen bonds since the mutant
residue at position TS8I is larger than the wild type.

With the substitution of leucine for proline at position 34,
the wild-type size becomes smaller than the mutant type;
therefore, the protein interaction is interrupted. At position 23,
leucine is converted to an arginine (Figure 6). Hence, the wild-
type residue is tiny, and the mutant residue could not fit in the
center of the protein, causing hydrophobic contact to be
disrupted. At position 19, leucine changes into phenylalanine,
so the mutant residue will be buried in the protein’s core, and
due to its larger size, it will most likely not fit. The tiny wild-
type serine residue is replaced by a larger mutant-type arginine
in mutation of S17R, and such mutant residues altered charge
when they come into contact with wild-type serine residues,
causing protein folding issues. The protein will lose hydro-
phobic characteristics because of this mutation. Due to the fact
that wild-type amino acid (glycine) is far more elastic to all
residues, replacing glycine at position 15 with valine could
disrupt the protein structure due to unique torsion angles. The
mutant residue will not fit in the protein center due to its larger
size.

B DISCUSSION

The KRAS gene belongs to the RAS family that has 188 amino
acid residues and a molecular mass of 21.6 kD, which plays an
important role in intracellular signal transduction, while non-
synonymous SNPs cause amino acid variation in a chain of
proteins, which has an impact on the structure and function of
the protein. nsSNPs are responsible for the majority of genetic
diseases. It is difficult to distinguish between normal and
harmful SNPs, as well as to identify the amino acid that plays a
significant role in development of disease.”” By combining
several algorithms and database information, in silico analysis
can help to discriminate between neutral and deleterious SNPs.
On the basis of the structure and phylogenetic information, a
mutated amino acid is evaluated, and quite precise results were
gained.”’ Non-synonymous SNPs in the coding area can
modify the amino acid sequence of a protein, affecting its
function and increasing disease susceptibility."”

Using computational approaches, the SNP databases were
evaluated in this work to explore SNPs that could possibly be
deleterious for KRAS. There were 335 hits while searching for
nsSNPs in KRAS. rsIDs of mutants were uploaded to SIFT and
PolyPhen2 servers to investigate the function impacts of
nsSNPs. SIFT identified 28 nsSNPs as non-tolerable, while
PolyPhen2 identified 21 nsSNPs as potentially or certainly
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Figure 6. Mutagenesis of different residue substitutions at different
positions in KRAS protein by applying the Project HOPE server. The
substitution of alanine to proline at the 146th position led the residue
to bend toward the central core. The substitution of tyrosine to
aspartic acid at the 71st position may result in the loss of external
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Figure 6. continued

contact and interaction. The alteration of glycine to serine at the 60th
position possibly affects hydrophobic interaction of the protein
surface. With the substitution of a leucine for a proline at position 34,
the wild-type size becomes smaller than the mutant type; therefore,
the protein interaction is interrupted. At position 23, the leucine is
converted to an arginine, the wild-type residue is tiny, and the mutant
residue could not fit in the center of the protein, causing hydrophobic
contact.

harmful. The modifications in results could be due to the
server’s usage of a different algorithm.

Polyphen 2 and SNAP were claimed to have superior
performance in finding functional nsSNPs than other Insilco
Technologies.”” The above-mentioned server can be utilized to
discriminate between casual and non-casual associations
between nsSNPs and the phenotype of interest in this
scenario. The amyloid and chaperone binding SNP effect
was exploited to test the influence of SNPs on aggregation of
protein propensity. The links between nsSNPs and their
placement in the protein structure have been explored by
several groups.”” Therefore, the complete tertiary structure was
downloaded from the Protein Data Bank with its PDB ID
(40BE), and its mutant models were modeled by using the
Swiss model server. The mutant and wild-type models were
subjected to CHIMERA for their energy minimization and
RMSD calculations. The aberration between the two structures
is measured by their RMSD values, which can alter stability
and functional movement.**

ConSurf identified all 10 residues P34, K147, G60, A146,
P581, G1S, S17, L23, L19, and Y71 as extremely conserved
with a score of 9. By Project HOPE server, K147 is required
for binding of protein, but substitution into E147 alters the
domain structure and reduces the protein’s binding capacity.
Each mutation disrupted the protein’s architecture and
function in the same way G60, A146, PS81, G1S, S17, 123,
L19 and Y71 are protein residues with high ConSurf
conservation scores in the range of 7—9. HOPE, on the
other hand, revealed a functionally and structurally significant
residue.

The presence of disease-associated nsSNPs is comforting in
today’s genomic assessment. As a result, we used an in silico
method to detect nsSNPs associated with disease in the KRAS
gene, as well as a literature review to find the nsSNP
associations with other different cancer types that had not been
previously documented. We identified that only 11 of the 335
non-synonymous changes in the coding area were categorized
as harmful using sequence and through-sequence structure-
based software. The results of structural analysis showed that
these nsSNPs can alter the structure and function of KRAS and
also change their location of ligand-binding and stability of
protein and up-regulate KRAS functions. As a result, this
research could be useful in determining the role of KRAS
nsSNPs in the development of various cancers, as well as
preventing the impacts of changes in KRAS gene activity. The
novelty of this study is that we finished computational
screening and analysis of deleterious nsSNPs in human
KRAS protein through bioinformatics approaches. However,
this study is limited to the computational approach, while
experimental validation of this study is needed for better
understanding of protein functions. The advantage of this
study was to screen the nsSNPs for the identification of the

most deleterious nsSNPs in the human KRAS gene and to
check their impact on the structure and function of KRAS
protein.

B CONCLUSIONS

In conclusion, we carried out comprehensive analysis of SNPs
of the KRAS gene and characterized them according to their
pathogenicity and different properties by applying several
computational tools. From total SNPs, 10 SNPs out of 48
missense variants were found to be highly pathogenic and/or
deleterious, while the remaining SNPs were likely neutral.
Structural analysis of these pathogenic variants revealed a high
degree of disrupted protein structures and stability, which
suggests that these variants affect protein function by
abolishing the wild/normal 3D structure of KRAS protein.
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