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Abstract CYP1A1 gene belongs to the cytochrome P450

family and is known better as smokers’ gene due to its

hyperactivation as a consequence of long term smoking.

The expression of CYP1A1 induces polycyclic aromatic

hydrocarbon production in the lungs, which when over

expressed, is known to cause smoking related diseases,

such as cardiovascular pathologies, cancer, and diabetes.

Single nucleotide polymorphisms (SNPs) are the simplest

form of genetic variations that occur at a higher frequency,

and are denoted as synonymous and non-synonymous

SNPs on the basis of their effects on the amino acids. This

study adopts a systematic in silico approach to predict the

deleterious SNPs that are associated with disease condi-

tions. It is inferred that four SNPs are highly deleterious,

among which the SNP with rs17861094 is commonly

predicted to be harmful by all tools. Hydrophobic (iso-

leucine) to hydrophilic (serine) amino acid variation was

observed in the candidate gene. Hence, this investigation

aims to characterize a candidate gene from 159 SNPs of

CYP1A1.
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Introduction

Tobacco consumption has claimed more than 5 million

lives worldwide [1]. It has been predicted that by 2030,

mortality due to smoking will be more than 8 million [2].

The consequence of smoking culminates in heart disease,

stroke, cancer, and lung diseases [3], thereby, decreasing

the life span of smokers by nearly a decade compared to

non-smokers [4]. Studies on cigarette smoke revealed that

the mutagenic and carcinogenic effect of its unfractionated

and fractionated particulate components include DNA

adduct formation [5–7].

Cytochrome P450 (CYP450) gene plays a vital role in

encoding enzymes that are responsible for synthesis and

breakdown of lipids, steroidal hormones, and xenobiotic

compounds. CYP1A1 belongs to CYP450 family and is

expressed in lungs. Its activation and detoxification is

influenced by polycyclic aromatic hydrocarbons (PAHs)

[8, 9]. The genetic polymorphisms resulting from DNA

adducts, particularly in enzyme complexes involved in

activating and detoxifying mechanisms, may affect the

whole metabolic pathway [10, 11]. Elevated CYP1A1

expression is associated with pulmonary DNA adducts

formed by PAHs [12] and are related to high lung cancer

risk [13, 14]. The formation of such DNA adducts is due to

polycyclic aromatic hydrocarbons present in cigarette

smoke, and also the expression of CYP1A1 in human lung

tissue [15, 16].

A number of CYP1A1 allele variants have been associ-

ated with a higher activity of the enzyme, and hence for-

mation of higher pulmonary PAH-related DNA adducts

[17]. Such variations are known as ‘‘single nucleotide

polymorphisms’’ (SNPs). Certain SNPs that alter encoded

amino acid of a protein are termed as non-synonymous

SNPs (ns-SNPs). Many studies report that some ns-SNPs

are related to most of the inherited diseases in humans [18].

This study aims to understand the role of those SNPs in

human diseases, which are required to differentiate the

functionally deleterious ns-SNPs from the neutral ones by

the use of bioinformatics tools. It also serves to identify
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ns-SNPs in CYP1A1 gene that shows potential functional

impact contributing to the susceptibility of individual’s to

disease.

Materials and Methodology

Data Mining-SNP Retrieval

The SNPs were retrieved from SNP database of National

Center for Biotechnology Information (NCBI) (http://www.

ncbi.nlm.nih.gov/snp) [19] with various limits (Homo-

sapiens, coding non-synonymous, introns, coding synony-

mous, mRNA 50, and 30 UTR).

Prediction of Possible Deleterious SNPs

Detrimental SNPs were identified with different tools.

Sorting intolerant from tolerant (SIFT) predicts variation in

protein function caused by single amino acid change [20,

21]. Results are based on sequence homology and physical

properties. A recent version SIFT BLink, where the pro-

tein’s accession number (NP_000490.1) is submitted as

input to the SIFT server (http://sift.jcvi.org/www/SIFT_

BLink_submit.html) has been used. The server classifies

substitutions as tolerant or deleterious when their proba-

bility score is C0.05 or\0.05, respectively. Polymorphism

phenotyping (Polphen-2) (http://genetics.bwh.harvard.edu/

pph2/) identifies the impact of amino acid substitutions

based on their structure and function, and classifies it either

as probably or possibly damaging, or benign [22, 23].

I-Mutant2.0 (http://folding.uib.es/cgi-bin/i-mutant2.0.cgi)

is a support vector machine-based web server which per-

forms the automatic prediction of protein stability changes,

upon single-site mutations [24]. The output provides the

difference in Gibbs free energy values (DDG/DDG),

between mutated and wild type (Kcal/mol) [25]. Protein

analysis through evolutionary relationships (PANTHER)

(http://www.pantherdb.org/tools/csnpScoreForm.jsp) clas-

sifies proteins according to family, subfamily, molecular

functions, etc. Based on an alignment with evolutionary

relation, the substitution position-specific evolutionary

conservation score (subPSEC) is calculated and this esti-

mates the possibility of functional impact on the protein by

a particular nsSNP. The subPSEC scores varies from 0

(neutral) to about -10 (most likely to be deleterious) with

the scores B-3 being deleterious [26].

Modeling Protein Structures and RMSD Calculations

Three dimensional (3D) structure analyses between the

native and mutant proteins were performed, as mutations

result in significant changes in proteins structure and

stability [27]. 3D structure of native was modeled using

automated homology modeling using SWISS MODEL

(http://swissmodel.expasy.org/) [28], as no structure avail-

able for CYP1A1. After validating the 3D structure using

PROCHECK (http://www.ebi.ac.uk/thornton-srv/software/

PROCHECK/) [29, 30], mutants were generated through

SWISS PDB Viewer [31]. Both native and mutant struc-

tures were energy minimized by No-mad Ref (http://

lorentz.immstr.pasteur.fr/nomad-ref.php), which uses Gro-

macs by default for minimization [32]. Finally energy

minimized structures were used to compute differences in

total energy. The root mean square deviation (RMSD)

values between native and mutants using SWISS PDB

Viewer were computed.

Trajectory Analysis

Stabilizing residues in proteins were screened by SRide

(http://sride.enzim.hu/), an online server, which identifies

stabilizing residues based on their long-range interactions,

hydrophobicity, and conservation of amino acid residues

[33]. Using solvent accessibility based protein–protein

interface identification and recognition (SPPIDER) (http://

sppider.cchmc.org/), differences in solvent accessibility

and secondary structure prediction between native and

mutants were analyzed [34]. The server used dictionary of

secondary structure protein (DSSP) with Polyview 3D for

the secondary structure prediction and solvent Accessi-

BiLitiEs (SABLE) for calculating solvent accessibility

values [35–37]. In the case of both SRide and SPPIDER,

PDB structures were the input file.

Results and Discussion

Data Mining–Retrieval

In recent years, ns-SNPs have emerged as diagnostic

markers, since they are closely related with various dis-

eases and their development [38, 39]. As on 21st October,

2012, a total of 159 SNPs were retrieved for CYP1A1 and

the study was limited to Homo sapiens, non-coding Syn-

onymous SNPs (ns-SNPs), Introns, 50, and 30 UTR. 134

were human active SNPs, and 68 were coding ns-SNPs.

The remaining 44 and 22 SNPs belonged to introns and 30

UTR, respectively.

Prediction of Possibly Deleterious SNPs

Deleterious ns-SNPs predicted by SIFT, PolyPhen 2.0,

i-Mutant and Panther were 47, 31, 37, and 36, respectively.

Earlier studies have suggested that predicating deleterious

ns-SNPs by combined tool analysis, results in better

1392 Cell Biochem Biophys (2013) 67:1391–1396

123

http://www.ncbi.nlm.nih.gov/snp
http://www.ncbi.nlm.nih.gov/snp
http://sift.jcvi.org/www/SIFT_BLink_submit.html
http://sift.jcvi.org/www/SIFT_BLink_submit.html
http://genetics.bwh.harvard.edu/pph2/
http://genetics.bwh.harvard.edu/pph2/
http://folding.uib.es/cgi-bin/i-mutant2.0.cgi
http://www.pantherdb.org/tools/csnpScoreForm.jsp
http://swissmodel.expasy.org/
http://www.ebi.ac.uk/thornton-srv/software/PROCHECK/
http://www.ebi.ac.uk/thornton-srv/software/PROCHECK/
http://lorentz.immstr.pasteur.fr/nomad-ref.php
http://lorentz.immstr.pasteur.fr/nomad-ref.php
http://sride.enzim.hu/
http://sppider.cchmc.org/
http://sppider.cchmc.org/


Table 1 List of ‘‘possible deleterious ns-SNPs’’ by combined prediction

S. no. rs ID Allele Residue change SIFT PolyPhen PANTHER i-Mutant

Score Score SubPSEC DDG

1 rs17861094 A/G I78N 0 0.997 -5.60 -2.23

2 rs17861094 C/G I78T 0 0.986 -4.29 -3.72

3 rs17861094 A/G I78S 0 0.993 -4.96 -4.23

4 rs138474634 A/G T81I 0.01 0.962 -3.14 -0.9

5 rs77425771 C/T G88S 0 0.864 -4.48 -1.45

6 rs78901429 A/C D108Y 0 0.998 -4.13 -0.83

7 rs151244239 C/T N196D 0 0.916 -4.61 -0.68

8 rs142255433 C/G G204A 0.01 0.735 -3.54 -2.45

9 rs148803099 G/T H209N 0 0.566 -3.24 -1.5

10 rs146622566 A/T S216C 0 0.871 -4.49 -1.11

11 rs19139687103 G/T P233Q 0.02 0.98 -3.54 -2.6

12 rs61747605 A/G P238S 0 0.987 -5.50 -2.38

13 rs149687459 A/G R241C 0 0.969 -5.35 -0.92

14 rs34260157 C/G R279G 0 0.887 -4.72 -0.77

15 rs34260157 C/T R279W 0 0.972 -6.20 -1.02

16 rs4987133 C/T I286T 0 0.665 -4.11 -2.24

17 rs191792412 A/G R355W 0 0.998 -6.99 -0.56

18 rs180744198 C/T R455Q 0 0.999 -5.14 -0.93

19 rs1048943 A/T I462F 0 0.616 -3.37 -1.58

20 rs41279188 G/T R464S 0 0.745 -3.89 -1.52

21 rs36121583 G/T F470V 0 0.999 -5.22 -1.49

22 rs147634852 A/G L474P 0 1 -6.01 -1.04

23 rs56240201 A/C R477G 0.01 0.846 -3.64 -1.63

24 rs56240201 A/G R477W 0 0.885 -5.19 -0.88

25 rs142388113 A/C G495W 0 0.957 -7.38 -0.64

26 rs56343424 A/C R511H 0 0.828 -5.65 -1.33

Table 2 RMSD value and stability residues of ‘‘deleterious ns-snps’’

S. no. Residue change Swiss PDB SRide

Backbone RMSD (Å) Total energy (kJ/mol) Stabilizing residues

Mutant Native

Native -30,249 SER358, PHE377, ASN379, GLY464, LEU465

1 I78T 1.1 -30,307 SER358, PHE377, ASN379, GLY464, LEU465

2 I78S 2.6 -30,103 ARG75, SER358, PHE377, GLY464, LEU465

3 T81I 1.1 -30,300 SER358, THR359,PHE377, ASN379, GLY464

4 G88S 1.1 -30,247 SER358, THR359,PHE377, LEU465

5 G204A 1.9 -30,473 SER358, PHE377, ASN379, GLY464, LEU465

6 H209N 1.0 -30,462 SER358, PHE377, ASN379, GLY464, LEU465

7 R241C 2.5 -29,947 SER358, THR359, PHE377, LEU465

8 R279G 2.0 -30,014 SER358, PHE377, ASN379, GLY464, LEU465

9 R279W 2.7 -30,133 SER358, THR359, PHE377, ASN379, GLY464, LEU465

10 I286T 1.6 -30,411 SER358, PHE377, ASN379, GLY464, LEU465

11 R355W 2.3 -30,194 SER358, THR359, PHE377, ASN379, GLY464, LEU465

12 R455Q 1.1 -30,312 ARG75, PHE353,SER358, PHE377, GLY464, LEU465

13 G495W 1.1 -30,049 SER358, PHE377, ASN379, GLY464, LEU465

De-stabilizing residues in bold
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accuracy [40]. Accordingly, it was seen that only

26 ns-SNPs are predicted as ‘‘possibly deleterious’’, by all

tools and the same are listed in Table 1. Changes in alleles

depicted a total of 8 ns-SNPs for A?G; 5 for C?T; 4 for

A?C; 4 for G?T; 3 for C?G; and 2 for A?T. The A?G

nucleotide variation was observed maximum times with a

SIFT score of zero and C?T followed close. A study

performed on BRCA1 cancer gene showed a change due to

C?T allele was high among the point mutations [41]. This

supports the results obtained with CYP1A1 gene analyzed

in our study, and also validates the fact that point mutations

may possibly be deleterious.

Modeling Protein Structures and RMSD Calculations

To understand structure–function relationships, 3D struc-

tures are required, as point mutations significantly change

stability of protein structures [42]. Hence, the 3D structure

for CYP1A1 was modeled based on template PDB id-2hi4,

which encodes for CYP1A2 chain A [43]. The similarity

index and QMean Z-Score, calculated by SWISS Model,

showed that the modeled structure is relevant, with

73.486 % similarity (31-509 residues) to that of template,

and a Z-Score of -1.4. PROCHECK validated the native

modeled structure and predicted 90 % of residues to be

tightly clustered in the most favored region of the Rama-

chandran Plot. Out of 26 possible deleterious ns-SNP, 25

mutant models were generated using SWISS PDBViewer.

One SNP, viz, R511H, was not considered as the native

structure had residues only till 509. The total energy of

these 25 mutant models varied significantly when com-

pared to the native type, whose total energy was -30,

249 kJ/mol.

RMSD values are directly proportional to structural

deviations [44] and an in silico study on XPA cancer gene

predicted that a ns-SNP C108F, with RMSD ranging from

0.3 to 0.4 Å, plays a significant role during disease initia-

tion [45]. RMSD values calculated by SWISS PDBViewer,

in the present study, identified 13 mutant models with

deviations greater than 1.0 Å as shown in Table 2. Hence,

these 13 ns-SNPs may be predicted to be ‘‘deleterious’’ and

were used for further analysis.

Trajectory Analysis

For the deleterious ns-SNPs, stabilizing residues were

identified and compared with native structure. About seven

of the thirteen deleterious ns-SNPs had either one or more

de-stabilizing residues. The added residues are termed as

‘‘de-stabilized,’’ since the free energy (DDG) value, obtained

using PANTHER, were negative. For the four ‘‘highly del-

eterious ns-SNPs,’’ which had RMSD [2.0 along with

de-stabilized residues, prediction of secondary structure and

solvent accessibility were carried out through SPPIDER

analysis and the results are shown in Table 3. The analysis

identified one ‘‘candidate ns-SNP’’-I78S (Fig. 1), whose

secondary structure had changed from E (beta strand) to C

Table 3 Secondary structure and SABLE of ‘‘highly deleterious ns-SNPs’’

S. No. Residue change SPPIDER

Secondary structure-DSSP Solvent accessibility-SABLE

Native Mutant Native Mutant

1 I78S E C 0 2

2 R241C C C 1 1

3 R279 W C C 3 2

4 R355 W H H 2 2

‘‘Candidate ns-SNP’’ in bold

C coil, E beta strand, H helix; 0 fully buried, 9 fully exposed

Fig. 1 Study summary flow chart (SNPs predicted are listed inside

parenthesis)
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(Coil). Upon close observation, it was noted that, the

immediate few amino acids following isoleucine in the

native structure were coiled and this may probably be a

reason for the noted change. In case of solvent accessibility,

the candidate ns-SNPs predicted the native form as fully

buried (0) and the mutant as slightly exposed (2), wherein, a

score of nine corresponds to a fully exposed nature. Simi-

larly, a report which utilizes SRide analysis to pinpoint a

specific mutation on a cancer gene, FGFR2, for the devel-

opment of disease has been published [46]. The summary of

the entire study is represented as flow chart in Fig. 2.

Conclusion

Overall, by various computational tools, out of 68 ns-SNPs,

one SNP with the id rs17861094 (I78S) was identified to

probably be the ‘‘candidate ns-SNP’’ with three other ns-

SNPs, viz., rs149687459 (R241C), rs34260157 (R271W),

and rs191792412 (R355W) being ‘‘highly deleterious’’. It is

evident from this study that these 4 SNPs may be of high

concern in CYP1A1 gene, and its associated diseases such as

cancer, cardiovascular disease, diabetes, etc. This approach

paves the way for researchers in prioritizing highly delete-

rious SNP’s, and also in identifying and short listing ‘‘can-

didate ns-SNPs’’ for further confirmatory analysis.
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