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Appendix – A  

Sample Gene Sequences 

 

cDNA sequence for EMD gene 

 

 

 

 

 

 

 

Missense mutation information for EMD gene in HGMD 

 

 

  

>gi|195234784|ref|NM_000117.2| Homo sapiens emerin (EMD), mRNA 

ATGGACAACTACGCAGATCTTTCGGATACCGAGCTGACCACCTTGCTGCGCCGGTACAAC 

ATCCCGCACGGGCCTGTAGTAGGATCAACTCGTAGGCTTTACGAGAAGAAGATCTTCGAG 

TACGAGACCCAGAGGCGGCGGCTCTCGCCCCCCAGCTCGTCCGCCGCCTCCTCTTATAGC 

TTCTCTGACTTGAATTCGACTAGAGGGGATGCAGATATGTATGATCTTCCCAAGAAAGAG 

GACGCTTTACTCTACCAGAGCAAGGGCTACAATGACGACTACTATGAAGAGAGCTACTTC 

ACCACCAGGACTTATGGGGAGCCCGAGTCTGCCGGCCCGTCCAGGGCTGTCCGCCAGTCA 

GTGACTTCATTCCCAGATGCTGACGCTTTCCATCACCAGGTGCATGATGACGATCTTTTG 

TCTTCTTCTGAAGAGGAGTGCAAGGATAGGGAACGCCCCATGTACGGCCGGGACAGTGCC 

TACCAGAGCATCACGCACTACCGCCCTGTTTCAGCCTCCAGGAGCTCCCTGGACCTGTCC 

TATTATCCTACTTCCTCCTCCACCTCTTTTATGTCCTCCTCATCATCTTCCTCTTCATGG 

CTCACCCGCCGTGCCATCCGGCCTGAAAACCGTGCTCCTGGGGCTGGGCTGGGCCAGGAT 

CGCCAGGTCCCGCTCTGGGGCCAGCTGCTGCTTTTCCTGGTCTTTGTGATCGTCCTCTTC 

TTCATTTACCACTTCATGCAGGCTGAAGAAGGCAACCCCTTCTAG 



Missense mutated gene sequence for EMD – CM970435 

 

 

 

 

 

 

 

cDNA sequence for DMD gene 

  

>gi|195234784|ref|NM_000117.2| Homo sapiens emerin (EMD), mRNA 

AGGGACAACTACGCAGATCTTTCGGATACCGAGCTGACCACCTTGCTGCGCCGGTACAAC 

ATCCCGCACGGGCCTGTAGTAGGATCAACTCGTAGGCTTTACGAGAAGAAGATCTTCGAG 

TACGAGACCCAGAGGCGGCGGCTCTCGCCCCCCAGCTCGTCCGCCGCCTCCTCTTATAGC 

TTCTCTGACTTGAATTCGACTAGAGGGGATGCAGATATGTATGATCTTCCCAAGAAAGAG 

GACGCTTTACTCTACCAGAGCAAGGGCTACAATGACGACTACTATGAAGAGAGCTACTTC 

ACCACCAGGACTTATGGGGAGCCCGAGTCTGCCGGCCCGTCCAGGGCTGTCCGCCAGTCA 

GTGACTTCATTCCCAGATGCTGACGCTTTCCATCACCAGGTGCATGATGACGATCTTTTG 

TCTTCTTCTGAAGAGGAGTGCAAGGATAGGGAACGCCCCATGTACGGCCGGGACAGTGCC 

TACCAGAGCATCACGCACTACCGCCCTGTTTCAGCCTCCAGGAGCTCCCTGGACCTGTCC 

TATTATCCTACTTCCTCCTCCACCTCTTTTATGTCCTCCTCATCATCTTCCTCTTCATGG 

CTCACCCGCCGTGCCATCCGGCCTGAAAACCGTGCTCCTGGGGCTGGGCTGGGCCAGGAT 

CGCCAGGTCCCGCTCTGGGGCCAGCTGCTGCTTTTCCTGGTCTTTGTGATCGTCCTCTTC 

TTCATTTACCACTTCATGCAGGCTGAAGAAGGCAACCCCTTCTAG 

 

>gi|238018044|ref|NM_004006.2| Homo sapiens dystrophin (DMD), transcript variant Dp427m, mRNA 

ATGCTTTGGTGGGAAGAAGTAGAGGACTGTTATGAAAGAGAAGATGTTCAAAAGAAAACA 

TTCACAAAATGGGTAAATGCACAATTTTCTAAGTTTGGGAAGCAGCATATTGAGAACCTC 

TTCAGTGACCTACAGGATGGGAGGCGCCTCCTAGACCTCCTCGAAGGCCTGACAGGGCAA 

AAACTGCCAAAAGAAAAAGGATCCACAAGAGTTCATGCCCTGAACAATGTCAACAAGGCA 

CTGCGGGTTTTGCAGAACAATAATGTTGATTTAGTGAATATTGGAAGTACTGACATCGTA 

GATGGAAATCATAAACTGACTCTTGGTTTGATTTGGAATATAATCCTCCACTGGCAGGTC 

AAAAATGTAATGAAAAATATCATGGCTGGATTGCAACAAACCAACAGTGAAAAGATTCTC 

CTGAGCTGGGTCCGACAATCAACTCGTAATTATCCACAGGTTAATGTAATCAACTTCACC 

ACCAGCTGGTCTGATGGCCTGGCTTTGAATGCTCTCATCCATAGTCATAGGCCAGACCTA 

TTTGACTGGAATAGTGTGGTTTGCCAGCAGTCAGCCACACAACGACTGGAACATGCATTC 

AACATCGCCAGATATCAATTAGGCATAGAGAAACTACTCGATCCTGAAGATGTTGATACC 

ACCTATCCAGATAAGAAGTCCATCTTAATGTACATCACATCACTCTTCCAAGTTTTGCCT 

CAACAAGTGAGCATTGAAGCCATCCAGGAAGTGGAAATGTTGCCAAGGCCACCTAAAGTG 

ACTAAAGAAGAACATTTTCAGTTACATCATCAAATGCACTATTCTCAACAGATCACGGTC 

AGTCTAGCACAGGGATATGAGAGAACTTCTTCCCCTAAGCCTCGATTCAAGAGCTATGCC 

TACACACAGGCTGCTTATGTCACCACCTCTGACCCTACACGGAGCCCATTTCCTTCACAG 

CATTTGGAAGCTCCTGAAGACAAGTCATTTGGCAGTTCATTGATGGAGAGTGAAGTAAAC 

CTGGACCGTTATCAAACAGCTTTAGAAGAAGTATTATCGTGGCTTCTTTCTGCTGAGGAC 

ACATTGCAAGCACAAGGAGAGATTTCTAATGATGTGGAAGTGGTGAAAGACCAGTTTCAT 

ACTCATGAGGGGTACATGATGGATTTGACAGCCCATCAGGGCCGGGTTGGTAATATTCTA 

CAATTGGGAAGTAAGCTGATTGGAACAGGAAAATTATCAGAAGATGAAGAAACTGAAGTA 

CAAGAGCAGATGAATCTCCTAAATTCAAGATGGGAATGCCTCAGGGTAGCTAGCATGGAA 

AAACAAAGCAATTTACATAGAGTTTTAATGGATCTCCAGAATCAGAAACTGAAAGAGTTG 

AATGACTGGCTAACAAAAACAGAAGAAAGAACAAGGAAAATGGAGGAAGAGCCTCTTGGA 

CCTGATCTTGAAGACCTAAAACGCCAAGTACAACAACATAAGGTGCTTCAAGAAGATCTA 

GAACAAGAACAAGTCAGGGTCAATTCTCTCACTCACATGGTGGTGGTAGTTGATGAATCT 

AGTGGAGATCACGCAACTGCTGCTTTGGAAGAACAACTTAAGGTATTGGGAGATCGATGG 

GCAAACATCTGTAGATGGACAGAAGACCGCTGGGTTCTTTTACAAGACATCCTTCTCAAA 

TGGCAACGTCTTACTGAAGAACAGTGCCTTTTTAGTGCATGGCTTTCAGAAAAAGAAGAT 

GCAGTGAACAAGATTCACACAACTGGCTTTAAAGATCAAAATGAAATGTTATCAAGTCTT 

CAAAAACTGGCCGTTTTAAAAGCGGATCTAGAAAAGAAAAAGCAATCCATGGGCAAACTG 

TATTCACTCAAACAAGATCTTCTTTCAACACTGAAGAATAAGTCAGTGACCCAGAAGACG 

GAAGCATGGCTGGATAACTTTGCCCGGTGTTGGGATAATTTAGTCCAAAAACTTGAAAAG 

AGTACAGCACAGATTTCACAGGCTGTCACCACCACTCAGCCATCACTAACACAGACAACT 

GTAATGGAAACAGTAACTACGGTGACCACAAGGGAACAGATCCTGGTAAAGCATGCTCAA 

GAGGAACTTCCACCACCACCTCCCCAAAAGAAGAGGCAGATTACTGTGGATTCTGAAATT 

AGGAAAAGGTTGGATGTTGATATAACTGAACTTCACAGCTGGATTACTCGCTCAGAAGCT 

GTGTTGCAGAGTCCTGAATTTGCAATCTTTCGGAAGGAAGGCAACTTCTCAGACTTAAAA 

GAAAAAGTCAATGCCATAGAGCGAGAAAAAGCTGAGAAGTTCAGAAAACTGCAAGATGCC 

AGCAGATCAGCTCAGGCCCTGGTGGAACAGATGGTGAATGAGGGTGTTAATGCAGATAGC 

ATCAAACAAGCCTCAGAACAACTGAACAGCCGGTGGATCGAATTCTGCCAGTTGCTAAGT 

GAGAGACTTAACTGGCTGGAGTATCAGAACAACATCATCGCTTTCTATAATCAGCTACAA 

CAATTGGAGCAGATGACAACTACTGCTGAAAACTGGTTGAAAATCCAACCCACCACCCCA 

TCAGAGCCAACAGCAATTAAAAGTCAGTTAAAAATTTGTAAGGATGAAGTCAACCGGCTA 

TCAGGTCTTCAACCTCAAATTGAACGATTAAAAATTCAAAGCATAGCCCTGAAAGAGAAA 

GGACAAGGACCCATGTTCCTGGATGCAGACTTTGTGGCCTTTACAAATCATTTTAAGCAA 

GTCTTTTCTGATGTGCAGGCCAGAGAGAAAGAGCTACAGACAATTTTTGACACTTTGCCA 

CCAATGCGCTATCAGGAGACCATGAGTGCCATCAGGACATGGGTCCAGCAGTCAGAAACC 

AAACTCTCCATACCTCAACTTAGTGTCACCGACTATGAAATCATGGAGCAGAGACTCGGG 

GAATTGCAGGCTTTACAAAGTTCTCTGCAAGAGCAACAAAGTGGCCTATACTATCTCAGC 



Gross deletion mutation information for DMD gene in HGMD 

 

 

Gross deletion mutated gene sequence for DMD – CG137668 

 

  

>gi|238018044|ref|NM_004006.2| Homo sapiens dystrophin (DMD), transcript variant Dp427m, mRNA 

ATGTTGATACCACCTATCCAGATAAGAAGTCCATCTTAATGTACATCACATCACTCTTCC 

AAGTTTTGCCTCAACAAGTGAGCATTGAAGCCATCCAGGAAGTGGAAATGTTGCCAAGGC 

CACCTAAAGTGACTAAAGAAGAACATTTTCAGTTACATCATCAAATGCACTATTCTCAAC 

AGATCACGGTCAGTCTAGCACAGGGATATGAGAGAACTTCTTCCCCTAAGCCTCGATTCA 

AGAGCTATGCCTACACACAGGCTGCTTATGTCACCACCTCTGACCCTACACGGAGCCCAT 

TTCCTTCACAGCATTTGGAAGCTCCTGAAGACAAGTCATTTGGCAGTTCATTGATGGAGA 

GTGAAGTAAACCTGGACCGTTATCAAACAGCTTTAGAAGAAGTATTATCGTGGCTTCTTT 

CTGCTGAGGACACATTGCAAGCACAAGGAGAGATTTCTAATGATGTGGAAGTGGTGAAAG 

ACCAGTTTCATACTCATGAGGGGTACATGATGGATTTGACAGCCCATCAGGGCCGGGTTG 

GTAATATTCTACAATTGGGAAGTAAGCTGATTGGAACAGGAAAATTATCAGAAGATGAAG 

AAACTGAAGTACAAGAGCAGATGAATCTCCTAAATTCAAGATGGGAATGCCTCAGGGTAG 

CTAGCATGGAAAAACAAAGCAATTTACATAGAGTTTTAATGGATCTCCAGAATCAGAAAC 

TGAAAGAGTTGAATGACTGGCTAACAAAAACAGAAGAAAGAACAAGGAAAATGGAGGAAG 

AGCCTCTTGGACCTGATCTTGAAGACCTAAAACGCCAAGTACAACAACATAAGGTGCTTC 

AAGAAGATCTAGAACAAGAACAAGTCAGGGTCAATTCTCTCACTCACATGGTGGTGGTAG 

TTGATGAATCTAGTGGAGATCACGCAACTGCTGCTTTGGAAGAACAACTTAAGGTATTGG 

GAGATCGATGGGCAAACATCTGTAGATGGACAGAAGACCGCTGGGTTCTTTTACAAGACA 

TCCTTCTCAAATGGCAACGTCTTACTGAAGAACAGTGCCTTTTTAGTGCATGGCTTTCAG 

AAAAAGAAGATGCAGTGAACAAGATTCACACAACTGGCTTTAAAGATCAAAATGAAATGT 

TATCAAGTCTTCAAAAACTGGCCGTTTTAAAAGCGGATCTAGAAAAGAAAAAGCAATCCA 

TGGGCAAACTGTATTCACTCAAACAAGATCTTCTTTCAACACTGAAGAATAAGTCAGTGA 

CCCAGAAGACGGAAGCATGGCTGGATAACTTTGCCCGGTGTTGGGATAATTTAGTCCAAA 

AACTTGAAAAGAGTACAGCACAGATTTCACAGGCTGTCACCACCACTCAGCCATCACTAA 

CACAGACAACTGTAATGGAAACAGTAACTACGGTGACCACAAGGGAACAGATCCTGGTAA 

AGCATGCTCAAGAGGAACTTCCACCACCACCTCCCCAAAAGAAGAGGCAGATTACTGTGG 

ATTCTGAAATTAGGAAAAGGTTGGATGTTGATATAACTGAACTTCACAGCTGGATTACTC 

GCTCAGAAGCTGTGTTGCAGAGTCCTGAATTTGCAATCTTTCGGAAGGAAGGCAACTTCT 

CAGACTTAAAAGAAAAAGTCAATGCCATAGAGCGAGAAAAAGCTGAGAAGTTCAGAAAAC 

TGCAAGATGCCAGCAGATCAGCTCAGGCCCTGGTGGAACAGATGGTGAATGAGGGTGTTA 

ATGCAGATAGCATCAAACAAGCCTCAGAACAACTGAACAGCCGGTGGATCGAATTCTGCC 

AGTTGCTAAGTGAGAGACTTAACTGGCTGGAGTATCAGAACAACATCATCGCTTTCTATA 

ATCAGCTACAACAATTGGAGCAGATGACAACTACTGCTGAAAACTGGTTGAAAATCCAAC 

CCACCACCCCATCAGAGCCAACAGCAATTAAAAGTCAGTTAAAAATTTGTAAGGATGAAG 

TCAACCGGCTATCAGGTCTTCAACCTCAAATTGAACGATTAAAAATTCAAAGCATAGCCC 

TGAAAGAGAAAGGACAAGGACCCATGTTCCTGGATGCAGACTTTGTGGCCTTTACAAATC 

ATTTTAAGCAAGTCTTTTCTGATGTGCAGGCCAGAGAGAAAGAGCTACAGACAATTTTTG 

ACACTTTGCCACCAATGCGCTATCAGGAGACCATGAGTGCCATCAGGACATGGGTCCAGC 



cDNA sequence for CAPN3 gene 

  

>gi|27765081|ref|NM_000070.2| Homo sapiens calpain 3, (p94) (CAPN3), transcript variant 1, mRNA 

ATGCCGACCGTCATTAGCGCATCTGTGGCTCCAAGGACAGCGGCTGAGCCCCGGTCCCCAGGGCCAGTTCCTCA

CCCGGCCCAGAGCAAGGCCACTGAGGCTGGGGGTGGAAACCCAAGTGGCATCTATTCAGCCATCATCAGCCGC

AATTTTCCTATTATCGGAGTGAAAGAGAAGACATTCGAGCAACTTCACAAGAAATGTCTAGAAAAGAAAGTTCT

TTATGTGGACCCTGAGTTCCCACCGGATGAGACCTCTCTCTTTTATAGCCAGAAGTTCCCCATCCAGTTCGTCTG

GAAGAGACCTCCGGAAATTTGCGAGAATCCCCGATTTATCATTGATGGAGCCAACAGAACTGACATCTGTCAAG

GAGAGCTAGGGGACTGCTGGTTTCTCGCAGCCATTGCCTGCCTGACCCTGAACCAGCACCTTCTTTTCCGAGTCA

TACCCCATGATCAAAGTTTCATCGAAAACTACGCAGGGATCTTCCACTTCCAGTTCTGGCGCTATGGAGAGTGG

GTGGACGTGGTTATAGATGACTGCCTGCCAACGTACAACAATCAACTGGTTTTCACCAAGTCCAACCACCGCAA

TGAGTTCTGGAGTGCTCTGCTGGAGAAGGCTTATGCTAAGCTCCATGGTTCCTACGAAGCTCTGAAAGGTGGGA

ACACCACAGAGGCCATGGAGGACTTCACAGGAGGGGTGGCAGAGTTTTTTGAGATCAGGGATGCTCCTAGTGAC

ATGTACAAGATCATGAAGAAAGCCATCGAGAGAGGCTCCCTCATGGGCTGCTCCATTGATGATGGCACGAACAT

GACCTATGGAACCTCTCCTTCTGGTCTGAACATGGGGGAGTTGATTGCACGGATGGTAAGGAATATGGATAACT

CACTGCTCCAGGACTCAGACCTCGACCCCAGAGGCTCAGATGAAAGACCGACCCGGACAATCATTCCGGTTCAG

TATGAGACAAGAATGGCCTGCGGGCTGGTCAGAGGTCACGCCTACTCTGTCACGGGGCTGGATGAGGTCCCGTT

CAAAGGTGAGAAAGTGAAGCTGGTGCGGCTGCGGAATCCGTGGGGCCAGGTGGAGTGGAACGGTTCTTGGAGT

GATAGATGGAAGGACTGGAGCTTTGTGGACAAAGATGAGAAGGCCCGTCTGCAGCACCAGGTCACTGAGGATG

GAGAGTTCTGGATGTCCTATGAGGATTTCATCTACCATTTCACAAAGTTGGAGATCTGCAACCTCACGGCCGATG

CTCTGCAGTCTGACAAGCTTCAGACCTGGACAGTGTCTGTGAACGAGGGCCGCTGGGTACGGGGTTGCTCTGCC

GGAGGCTGCCGCAACTTCCCAGATACTTTCTGGACCAACCCTCAGTACCGTCTGAAGCTCCTGGAGGAGGACGA

TGACCCTGATGACTCGGAGGTGATTTGCAGCTTCCTGGTGGCCCTGATGCAGAAGAACCGGCGGAAGGACCGGA

AGCTAGGGGCCAGTCTCTTCACCATTGGCTTCGCCATCTACGAGGTTCCCAAAGAGATGCACGGGAACAAGCAG

CACCTGCAGAAGGACTTCTTCCTGTACAACGCCTCCAAGGCCAGGAGCAAAACCTACATCAACATGCGGGAGGT

GTCCCAGCGCTTCCGCCTGCCTCCCAGCGAGTACGTCATCGTGCCCTCCACCTACGAGCCCCACCAGGAGGGGG

AATTCATCCTCCGGGTCTTCTCTGAAAAGAGGAACCTCTCTGAGGAAGTTGAAAATACCATCTCCGTGGATCGG

CCAGTGAAAAAGAAAAAAACCAAGCCCATCATCTTCGTTTCGGACAGAGCAAACAGCAACAAGGAGCTGGGTG

TGGACCAGGAGTCAGAGGAGGGCAAAGGCAAAACAAGCCCTGATAAGCAAAAGCAGTCCCCACAGCCACAGC

CTGGCAGCTCTGATCAGGAAAGTGAGGAACAGCAACAATTCCGGAACATTTTCAAGCAGATAGCAGGAGATGA

CATGGAGATCTGTGCAGATGAGCTCAAGAAGGTCCTTAACACAGTCGTGAACAAACACAAGGACCTGAAGACA

CACGGGTTCACACTGGAGTCCTGCCGTAGCATGATTGCGCTCATGGATACAGATGGCTCTGGAAAGCTCAACCT

GCAGGAGTTCCACCACCTCTGGAACAAGATTAAGGCCTGGCAGAAAATTTTCAAACACTATGACACAGACCAGT

CCGGCACCATCAACAGCTACGAGATGCGAAATGCAGTCAACGACGCAGGATTCCACCTCAACAACCAGCTCTAT

GACATCATTACCATGCGGTACGCAGACAAACACATGAACATCGACTTTGACAGTTTCATCTGCTGCTTCGTTAGG

CTGGAGGGCATGTTCAGAGCTTTTCATGCATTTGACAAGGATGGAGATGGTATCATCAAGCTCAACGTTCTGGA

GTGGCTGCAGCTCACCATGTATGCCTGA 

 



Splicing mutation information for CAPN3 gene in HGMD 

 

Splicing mutated gene sequence for CAPN3 – CS080653 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

>gi|27765081|ref|NM_000070.2| Homo sapiens calpain 3, (p94) (CAPN3), transcript variant 1, mRNA 

ATGCCGACCGTCATTAGCGCATCTGTGGCTCCAAGGACAGCGGCTGAGCCCCGGTCCCCAGGGCCAGTTCCTCACCCGGC

CCAGAGCAAGGCCACTGAGGCTGGGGGTGGAAACCCAAGTGGCATCTATTCAGCCATCATCAGCCGCAATTTTCCTATTA

TCGGAGTGAAAGAGAAGACATTCGAGCAACTTCACAAGAAATGTCTAGAAAAGAAAGTTCTTTATGTGGACCCTGAGTT

CCCACCGGATGAGACCTCTCTCTTTTATAGCCAGAAGTTCCCCATCCAGTTCGTCTGGAAGAGACCTCCGGAAATTTGCG

AGAATCCCCGATTTATCATTGATGGAGCCAACAGAACTGACATCTGTCAAGGAGAGCTAGGGGACTGCTGGTTTCTCGCA

GCCATTGCCTGCCTGACCCTGAACCAGCACCTTCTTTTCCGAGTCATACCCCATGATCAAAGTTTCATCGAAAACTACGCA

GGGATCTTCCACTTCCAGTTCTGGCGCTATGGAGAGTGGGTGGACGTGGTTATAGATGACTGCCTGCCAACGTACAACAA

TCAACTGGTTTTCACCAAGTCCAACCACCGCAATGAGTTCTGGAGTGCTCTGCTGGAGAAGGCTTATGCTAAGCTCCATG

GTTCCTACGAAGCTCTGAAAGGTGGGAACACCACAGAGGCCATGGAGGACTTCACAGGAGGGGTGGCAGAGTTTTTTGA

GATCAGGGATGCTCCTAGTGACATGTACAAGATCATGAAGAAAGCCATCGAGAGAGGCTCCCTCATGGGCTGCTCCATTG

ATGATGGCACGAACATGACCTATGGAACCTCTCCTTCTGGTCTGAACATGGGGGAGTTGATTGCACGGATGGTAAGGAAT

ATGGATAACTCACTGCTCCAGGACTCAGACCTCGACCCCAGAGGCTCAGATGAAAGACCGACCCGGACAATCATTCCGG

TTCAGTATGAGACAAGAATGGCCTGCGGGCTGGTCAGAGGTCACGCCTACTCTGTCACGGGGCTGGATGAGGTCCCGTTC

AAAGGTGAGAAAGTGAAGCTGGTGCGGCTGCGGAATCCGTGGGGCCAGGTGGAGTGGAACGGTTCTTGGAGTGATAGAT

GGAAGGACTGGAGCTTTGTGGACAAAGATGAGAAGGCCCGTCTGCAGCACCAGGTCACTGAGGATGGAGAGTTCTGGAT

GTCCTATGAGGATTTCATCTACCATTTCACAAAGTTGGAGATCTGCAACCTCACGGCCGATGCTCTGCAGTCTGACAAGCT

TCAGACCTGGACAGTGTCTGTGAACGAGGGCCGCTGGGTACGGGGTTGCTCTGCCGGAGGCTGCCGCAACTTCCCAGATA

CTTTCTGGACCAACCCTCAGTACCGTCTGAAGCTCCTGGAGGAGGACGATGACCCTGATGACTCGGAGGTGATTTGCAGC

TTCCTGGTGGCCCTGATGCAGAAGAACCGGCGGAAGGACCGGAAGCTAGGGGCCAGTCTCTTCACCATTGGCTTCGCCAT

CTACGAGGTTCCCAAAGAGATGCACGGGAACAAGCAGCACCTGCAGAAGGACTTCTTCCTGTACAACGCCTCCAAGGCC

AGGAGCAAAACCTACATCAACATGCGGGAGGTGTCCCAGCGCTTCCGCCTGCCTCCCAGCGAGTACGTCATCGTGCCCTC

CACCTACGAGCCCCACCAGGAGGGGGAATTCATCCTCCGGGTCTTCTCTGAAAAGAGGAACCTCTCTGAGGAAGTTGAA

AATACCATCTCCGTGGATCGGCCAGTGAAAAAGAAAAAAACCAAGCCCATCATCTTCGTTTCGGACAGAGCAAACAGCA

ACAAGGAGCTGGGTGTGGACCAGGAGTCAGAGGAGGGCAAAGGCAAAACAAGCCCTGATAAGCAAAAGCAGTCCCCAC

AGCCACAGCCTGGCAGCTCTGATCAGGAAAGTGAGGAACAGCAACAATTCCGGAACATTTTCAAGCAGATAGCAGGAGA

TGACATGGAGATCTGTGCAGATGAGCTCAAGAAGGTCCTTAACACAGTCGTGAACAAACACAAGGACCTGAAGACACAC

GGGTTCACACTGGAGTCCTGCCGTAGCATGATTGCGCTCATGGATACAGATGGCTCTGGAAAGCTCAACCTGCAGGAGTT

CCACCACCTCTGGAACAAGATTAAGGCCTGGCAGAAAATTTTCAAACACTATGACACAGACCAGTCCGGCACCATCAAC

AGCTACGAGATGCGAAATGCAGTCAACGACGCAGGATTCCACCTCAACAACCAGCTCTATGACATCATTACCATGCGGTA

CGCAGACAAACACATGAACATCGACTTTGACAGTTTCATCTGCTGCTTCGTTAGGCTGGAGGGCATGTTCAGAGCTTTTC

ATGCATTTGACAAGGATGGAGATGGTATCATCAAGCTCAACGTTCTGGAGTGGCTGCAGCTCACCATGTATGCCTGA 

 



Appendix – B  

Feature Extraction and Feature vectors 

R Script of Feature extraction 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

##########Retrieveing Gene id,Gene symbol and chromosome number 

source("http://bioconductor.org/biocLite.R") 

library(biomaRt) 

listMarts() 

ens <- useMart("ensembl") 

listDatasets(ens) 

ens <- useDataset("hsapiens_gene_ensembl",mart=ens) 

getGene(id=2010, type="entrezgene", mart=ens) 

############Creating a mutated sequence file 

library(seqinr) 

require(ade4) 

library(Biostrings) 

d1<-read.fasta(file = "SH3TC2_cdna_ NM_024577.3.fasta") 

ds1 <- d1[[1]] 

mp<-596 

ds1[mp] 

x=read.fasta("SH3TC2_cdna_ NM_024577.3.fasta") 

new=lapply(seq(length(x)), function(i) { 

      s2c(gsub("c","t",c2s(getSequence(x[[i]])))) 

}) 

write.fasta(new,names=names(x),file="sample.fasta",nbchar=60) 

 

d2<-read.fasta(file = "sample.fasta") 

ds2 <- d2[[1]] 

ds2[mp] 

################ Length of the sequence 

ln1 <- length(ds1) 

ln2 <- length(ds2) 

############### Mutated codon position 

cod_p<-mp/3 

print(mp) 

print(ln2) 

print(cod_p) 

cod_pos<-round(cod_p) 



 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

################ Splitting the sequence into codons 

cod<-splitseq(ds1) 

cod[199] 

ori<-cod[cod_pos] 

ori 

cod<-splitseq(ds2) 

mut<-cod[cod_pos] 

mut 

################ Observed allele 

tablecode() 

ala<-1 

arg<-2 

asn<-3 

asp<-4 

cys<-5 

gln<-6 

glu<-7 

gly<-8 

his<-9  

ile<-10 

leu<-11 

lys<-12 

met<-13 

phe<-14 

pro<-15 

ser<-16  

thr<-17 

trp<-18 

tyr<-19 

val<-20 

################## Reference allele 

if ((mut == "tag") || (mut == "taa") || (mut == "tga")){ 

 ref<-0} 

print(ref) 

length(cod) 



 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

#################### Mutation start and mutation end 

for (j in 1:length(cod)){ 

i<-cod[[j]] 

c<-paste(j,i,sep="-") 

cat(c,file="sample.fasta",sep="\t",append=TRUE)} 

cod1<-read.table(file="out2.txt") 

cod1<-read.fasta(file = "sample.fasta") 

cod2 <-cod1 [[1]] 

dstart<-ds[1:650] 

length[dstart] 

dstartstring <- c2s(dstart) 

matchPattern("ata", dstartstring) 

###################### Len variant, protein changed 

lv<-ln1-ln2 

if(ori == ref) 

{lv<-3 

} 

if(ln1==ln2) 

{if(ref == 0) 

{lv<-1} 

else 

{lv<-2}} 

if((lv == 1) || (lv == 2) || (lv == 4) || (lv == 5)) 

{ph<-1} 

print(ph) 

################################# Alteration Type 

print(lv) 

if(lv == 1){ 

altype<-1 

}else if(lv == 2){ 

altype<-2 

}else if(lv == 3){ 

altype<-3 

}else if(lv<ln1){ 

altype<-4 

}else if(lv>ln1){ 

altype<-5 

}print(altype)  

 

 



 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

####################### Amino acid to stop codon, amino acid stop codon 

if(ref == 0){ 

am_st<-1 

am_type<-1 

}else{ 

am_st<-1 

am_type<-0 

} 

print(am_st) 

print(am_type) 

####################### Position of start and stop codon 

tablecode() 

ds <- d2[[1]] 

length(ds) 

dstartstring <- c2s(ds) 

matchPattern("tag", dstartstring) 

##################################### pairwise alignment 

d1<-read.fasta("SH3TC2_cdna_ NM_024577.3.fasta") 

d2<-read.fasta(file = "sample.fasta") 

s1 <- toupper(c2s(d1[[1]])) 

s2 <- toupper(c2s(d2[[1]])) 

## Fit a global pairwise alignment using edit distance scoring 

a1 <- pairwiseAlignment(s1, s2,substitutionMatrix = nucleotideSubstitutionMatrix(2, -1, TRUE),gapOpening = -2, 

gapExtension = -8) 

## Examine quality-based match and mismatch bit scores for DNA/RNA 

## strings in pairwiseAlignment. 

## By default patternQuality and subjectQuality are PhredQuality(22L). 

qualityMatrices <- qualitySubstitutionMatrices() 

a2 <- pairwiseAlignment(s1, s2) 

## Get the substitution scores when the error probability is 0.1 

subscores <- errorSubstitutionMatrices(errorProbability = 0.1) 

submat <- matrix(subscores[,,"0"], 4, 4) 

diag(submat) <- subscores[,,"1"] 

dimnames(submat) <- list(DNA_ALPHABET[1:4], DNA_ALPHABET[1:4]) 

submat 

a3 <- pairwiseAlignment(s1, s2, substitutionMatrix = submat) 



Pairwise alignment scores - Geneiouspro Output 

 

 

 

  



Feature vectors of Non – Synonymous Mutated Gene Sequences 

 

 

Feature vectors of Synonymous Mutated Gene Sequences 

 

 

 



Feature vectors of Insertion, Deletion Mutated Gene Sequences 

 

Feature vectors of Splicing Mutated Gene Sequences 

 

 

 



Feature vectors of AGM dataset 

 

  



Appendix – C  

Python Code 

Naïve Bayes Classifier 

import numpy as np 

import io 

import pandas as pd 

df=pd.read_csv('C:\Users\HCL\Documents\Features_Gross_1.csv') 

from numpy import genfromtxt 

my_data = genfromtxt('C:\Users\HCL\Documents\Features_sci_G.csv', delimiter=',') 

X = my_data[:,0:19] 

y = my_data[:,20] 

from sklearn import preprocessing 

normalized_X = preprocessing.normalize(X) 

standardized_X = preprocessing.scale(X) 

from sklearn import metrics 

from sklearn.naive_bayes import GaussianNB 

model = GaussianNB() 

model.fit(X, y) 

print(model) 

# make predictions 

expected = y 

predicted = model.predict(X) 

# summarize the fit of the model 

print(metrics.classification_report(expected, predicted)) 

print(metrics.confusion_matrix(expected, predicted)) 

 

Decision Tree Classifier 

import numpy as np 

import io 

import pandas as pd 

df=pd.read_csv('C:\Users\HCL\Documents\Features_Gross_1.csv') 

print df 



from numpy import genfromtxt 

my_data = genfromtxt('C:\Users\HCL\Documents\Features_sci_G.csv', delimiter=',') 

X = my_data[:,0:19] 

y = my_data[:,20] 

from sklearn import preprocessing 

normalized_X = preprocessing.normalize(X) 

standardized_X = preprocessing.scale(X) 

from sklearn import metrics 

from sklearn.tree import DecisionTreeClassifier 

# fit a CART model to the data 

model = DecisionTreeClassifier() 

model.fit(X, y) 

print(model) 

# make predictions 

expected = y 

predicted = model.predict(X) 

# summarize the fit of the model 

print(metrics.classification_report(expected, predicted)) 

print(metrics.confusion_matrix(expected, predicted)) 

 

Support Vector Machine 

import numpy as np 

import io 

import pandas as pd 

df=pd.read_csv('C:\Users\HCL\Documents\Features_Gross_1.csv') 

print df 

from numpy import genfromtxt 

my_data = genfromtxt('C:\Users\HCL\Documents\Features_sci_G.csv', delimiter=',') 

X = my_data[:,0:19] 

y = my_data[:,20] 

from sklearn import metrics 

from sklearn.svm import SVC 

# fit a SVM model to the data 

model = SVC() 



model.fit(X, y) 

print(model) 

# make predictions 

expected = y 

predicted = model.predict(X) 

# summarize the fit of the model 

print(metrics.classification_report(expected, predicted)) 

print(metrics.confusion_matrix(expected, predicted)) 

 

Precision Recall Curve 

import matplotlib.pyplot as plt 

import numpy as np 

from sklearn import svm, datasets 

from sklearn.metrics import precision_recall_curve 

from sklearn.metrics import average_precision_score 

from sklearn.cross_validation import train_test_split 

from sklearn.preprocessing import label_binarize 

from sklearn.multiclass import OneVsRestClassifier 

# import some data to play with 

iris = datasets.load_iris() 

X = iris.data 

y = iris.target 

# Binarize the output 

y = label_binarize(y, classes=[0, 1, 2]) 

n_classes = y.shape[1] 

 

# Add noisy features 

random_state = np.random.RandomState(0) 

n_samples, n_features = X.shape 

X = np.c_[X, random_state.randn(n_samples, 200 * n_features)] 

 

# Split into training and test 

X_train, X_test, y_train, y_test = train_test_split(X, y, test_size=.5, 



                                                    random_state=random_state) 

 

# Run classifier 

classifier = OneVsRestClassifier(svm.SVC(kernel='linear', probability=True, 

                                 random_state=random_state)) 

y_score = classifier.fit(X_train, y_train).decision_function(X_test) 

 

# Compute Precision-Recall and plot curve 

precision = dict() 

recall = dict() 

average_precision = dict() 

for i in range(n_classes): 

    precision[i], recall[i], _ = precision_recall_curve(y_test[:, i], 

                                                        y_score[:, i]) 

    average_precision[i] = average_precision_score(y_test[:, i], y_score[:, i]) 

 

# Compute micro-average ROC curve and ROC area 

precision["micro"], recall["micro"], _ = precision_recall_curve(y_test.ravel(), 

    y_score.ravel()) 

average_precision["micro"] = average_precision_score(y_test, y_score, 

                                                     average="micro") 

 

# Plot Precision-Recall curve 

plt.clf() 

plt.plot(recall[0], precision[0], label='Precision-Recall curve') 

plt.xlabel('Recall') 

plt.ylabel('Precision') 

plt.ylim([0.0, 1.05]) 

plt.xlim([0.0, 1.0]) 

plt.title('Precision-Recall example: AUC={0:0.2f}'.format(average_precision[0])) 

plt.legend(loc="lower left") 

plt.show() 

 

# Plot Precision-Recall curve for each class 



plt.clf() 

plt.plot(recall["micro"], precision["micro"], 

         label='micro-average Precision-recall curve (area = {0:0.2f})' 

               ''.format(average_precision["micro"])) 

for i in range(n_classes): 

    plt.plot(recall[i], precision[i], 

             label='Precision-recall curve of class {0} (area = {1:0.2f})' 

                   ''.format(i, average_precision[i])) 

 

plt.xlim([0.0, 1.0]) 

plt.ylim([0.0, 1.05]) 

plt.xlabel('Recall') 

plt.ylabel('Precision') 

plt.title('Extension of Precision-Recall curve to multi-class') 

plt.legend(loc="lower right") 

plt.show() 

 

ROC Curve 

import numpy as np 

import matplotlib.pyplot as plt 

from sklearn import svm, datasets 

from sklearn.metrics import roc_curve, auc 

from sklearn.cross_validation import train_test_split 

from sklearn.preprocessing import label_binarize 

from sklearn.multiclass import OneVsRestClassifier 

from scipy import interp 

 

pd.read_csv('C:\Users\HCL\Documents\Features_sci_G.csv') 

df=pd.read_csv('C:\Users\HCL\Documents\Features_sci_G.csv') 

print df 

from numpy import genfromtxt 

my_data = genfromtxt('C:\Users\HCL\Documents\Features_sci_G.csv', delimiter=',') 

X = my_data[:,0:19] 

y = my_data[:,20] 



y = label_binarize(y, classes=[1,2,3,4,5]) 

n_classes = y.shape[1] 

# Add noisy features to make the problem harder 

random_state = np.random.RandomState(0) 

n_samples, n_features = X.shape 

X = np.c_[X, random_state.randn(n_samples, 200 * n_features)] 

# shuffle and split training and test sets 

X_train, X_test, y_train, y_test = train_test_split(X, y, test_size=.5, 

                                                    random_state=0) 

# Learn to predict each class against the other 

classifier = OneVsRestClassifier(svm.SVC(kernel='linear', probability=True, 

                                 random_state=random_state)) 

y_score = classifier.fit(X_train, y_train).decision_function(X_test) 

# Compute ROC curve and ROC area for each class 

fpr = dict() 

tpr = dict() 

roc_auc = dict() 

for i in range(n_classes): 

    fpr[i], tpr[i], _ = roc_curve(y_test[:, i], y_score[:, i]) 

    roc_auc[i] = auc(fpr[i], tpr[i]) 

# Compute micro-average ROC curve and ROC area 

fpr["micro"], tpr["micro"], _ = roc_curve(y_test.ravel(), y_score.ravel()) 

roc_auc["micro"] = auc(fpr["micro"], tpr["micro"]) 

########################################################################## 

# Plot of a ROC curve for a specific class 

plt.figure() 

plt.plot(fpr[2], tpr[2], label='ROC curve (area = %0.2f)' % roc_auc[2]) 

plt.plot([0, 1], [0, 1], 'k--') 

plt.xlim([0.0, 1.0]) 

plt.ylim([0.0, 1.05]) 

plt.xlabel('False Positive Rate') 

plt.ylabel('True Positive Rate') 

plt.title('Receiver operating characteristic example') 

plt.legend(loc="lower right") 



plt.show() 

########################################################################### 

# Plot ROC curves for the multiclass problem 

# Compute macro-average ROC curve and ROC area 

# First aggregate all false positive rates 

all_fpr = np.unique(np.concatenate([fpr[i] for i in range(n_classes)])) 

# Then interpolate all ROC curves at this points 

mean_tpr = np.zeros_like(all_fpr) 

for i in range(n_classes): 

    mean_tpr += interp(all_fpr, fpr[i], tpr[i]) 

# Finally average it and compute AUC 

mean_tpr /= n_classes 

fpr["macro"] = all_fpr 

tpr["macro"] = mean_tpr 

roc_auc["macro"] = auc(fpr["macro"], tpr["macro"]) 

# Plot all ROC curves 

plt.figure() 

plt.plot(fpr["micro"], tpr["micro"], 

         label='micro-average ROC curve (area = {0:0.2f})' 

               ''.format(roc_auc["micro"]), 

         linewidth=2) 

plt.plot(fpr["macro"], tpr["macro"], 

         label='macro-average ROC curve (area = {0:0.2f})' 

               ''.format(roc_auc["macro"]), 

         linewidth=2) 

 

for i in range(n_classes): 

    plt.plot(fpr[i], tpr[i], label='ROC curve of class {0} (area = {1:0.2f})' 

                                   ''.format(i, roc_auc[i])) 

plt.plot([0, 1], [0, 1], 'k--') 

plt.xlim([0.0, 1.0]) 

plt.ylim([0.0, 1.05]) 

plt.xlabel('False Positive Rate') 

plt.ylabel('True Positive Rate') 



plt.title('Some extension of Receiver operating characteristic to multi-class') 

plt.legend(loc="lower right") 

plt.show() 

 

Script for Tensorflow Linear classifier 

 

from numpy import genfromtxt 

my_data = genfromtxt('deep_new1_1.csv', delimiter=',') 

from sklearn.cross_validation import train_test_split 

X = my_data[:,-1] 

y = my_data[:,1] 

X_train,X_test,y_train,y_test=train_test_split(X,y,test_size=0.3,random_state=0) 

classifier = skflow.TensorFlowLinearClassifier(n_classes=5) 

classifier.fit(X_train,y_train) 

score = metrics.accuracy_score(y, classifier.predict(X)) 

print("Accuracy: %f" % score) 

 

Script for TensorflowDeepNeuralNetworkclassifier 

 

from numpy import genfromtxt 

my_data = genfromtxt('deep_new1.csv', delimiter=',') 

from sklearn.cross_validation import train_test_split 

X = my_data[:,-1] 

y = my_data[:,1] 

X_train,X_test,y_train,y_test=train_test_split(X,y,test_size=0.2,random_state=0) 

from sklearn import metrics 

classifier = skflow.TensorFlowDNNClassifier(hidden_units=[70,80,70], n_classes=5) 

classifier.fit(X_train,y_train) 

score = metrics.accuracy_score(y, classifier.predict(X)) 

print("Accuracy: %f" % score) 

 


