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Appendix — A

Sample Gene Sequences

cDNA sequence for EMD gene

>gi[195234784|ref[NM_000117.2| Homo sapiens emerin (EMD), mRNA
ATGGACAACTACGCAGATCTTTCGGATACCGAGCTGACCACCTTGCTGCGCCGGTACAAC
ATCCCGCACGGGCCTGTAGTAGGATCAACTCGTAGGCTTTACGAGAAGAAGATCTTCGAG
TACGAGACCCAGAGGCGGCGGCTCTCGCCCCCCAGCTCGTCCGCCGCCTCCTCTTATAGC
TTCTCTGACTTGAATTCGACTAGAGGGGATGCAGATATGTATGATCTTCCCAAGAAAGAG
GACGCTTTACTCTACCAGAGCAAGGGCTACAATGACGACTACTATGAAGAGAGCTACTTC
ACCACCAGGACTTATGGGGAGCCCGAGTCTGCCGGCCCGTCCAGGGCTGTCCGCCAGTCA
GTGACTTCATTCCCAGATGCTGACGCTTTCCATCACCAGGTGCATGATGACGATCTTTTG
TCTTCTTCTGAAGAGGAGTGCAAGGATAGGGAACGCCCCATGTACGGCCGGGACAGTGCC
TACCAGAGCATCACGCACTACCGCCCTGTTTCAGCCTCCAGGAGCTCCCTGGACCTGTCC
TATTATCCTACTTCCTCCTCCACCTCTTTTATGTCCTCCTCATCATCTTCCTCTTCATGG
CTCACCCGCCGTGCCATCCGGCCTGAAAACCGTGCTCCTGGGGCTGGGCTGGGCCAGGAT
CGCCAGGTCCCGCTCTGGGGCCAGCTGCTGCTTTTCCTGGTCTTTGTGATCGTCCTCTTC
TTCATTTACCACTTCATGCAGGCTGAAGAAGGCAACCCCTTCTAG

M

issense mutation information for EMD gene in HGMD

Ed emd_all - Excel 7 @M - & X
HOME | INSERT  PAGELAYOUT ~FORMULAS DATA  REVIEW  VIEW Signin
<= X . = K = . AuteSum - A
cur TimesNewRo-|10  -| A A& - FwepTed Generat - ¥ 4 [ Normal Bad Good € X [ ZAutosum - A M
By Copy - “Z - . i~ L
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Missense mutated gene sequence for EMD — CM970435

>gi[195234784|ref[NM_000117.2| Homo sapiens emerin (EMD), mRNA
AGGGACAACTACGCAGATCTTTCGGATACCGAGCTGACCACCTTGCTGCGCCGGTACAAC
ATCCCGCACGGGCCTGTAGTAGGATCAACTCGTAGGCTTTACGAGAAGAAGATCTTCGAG
TACGAGACCCAGAGGCGGCGGCTCTCGCCCCCCAGCTCGTCCGCCGCCTCCTCTTATAGC
TTCTCTGACTTGAATTCGACTAGAGGGGATGCAGATATGTATGATCTTCCCAAGAAAGAG
GACGCTTTACTCTACCAGAGCAAGGGCTACAATGACGACTACTATGAAGAGAGCTACTTC
ACCACCAGGACTTATGGGGAGCCCGAGTCTGCCGGCCCGTCCAGGGCTGTCCGCCAGTCA
GTGACTTCATTCCCAGATGCTGACGCTTTCCATCACCAGGTGCATGATGACGATCTTTTG
TCTTCTTCTGAAGAGGAGTGCAAGGATAGGGAACGCCCCATGTACGGCCGGGACAGTGCC
TACCAGAGCATCACGCACTACCGCCCTGTTTCAGCCTCCAGGAGCTCCCTGGACCTGTCC
TATTATCCTACTTCCTCCTCCACCTCTTTTATGTCCTCCTCATCATCTTCCTCTTCATGG
CTCACCCGCCGTGCCATCCGGCCTGAAAACCGTGCTCCTGGGGCTGGGCTGGGCCAGGAT
CGCCAGGTCCCGCTCTGGGGCCAGCTGCTGCTTTTCCTGGTCTTTGTGATCGTCCTCTTC
TTCATTTACCACTTCATGCAGGCTGAAGAAGGCAACCCCTTCTAG

cDNA sequence for DMD gene

>@i[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




Gross deletion mutation information for DMD gene in HGMD
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Gross deletion mutated gene sequence for DMD — CG137668

>@i[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




cDNA sequence for CAPN3 gene

>gi|27765081|ref[NM_000070.2| Homo sapiens calpain 3, (p94) (CAPNS3), 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
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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

HiHHHHHHHRetrieveing 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)

HittHHHAHAH#H#Creating a mutated sequence file

library(seqinr)

require(ade4)

library(Biostrings)

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

dsl <- 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[[i1]1))))

b

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

d2<-read.fasta(file = "sample.fasta™)

ds2 <- d2[[1]]

ds2[mp]

HiHHHHHA A Length of the sequence
In1 <- length(ds1)

In2 <- length(ds2)

HHHHAHHHAHAA# Mutated codon position
cod_p<-mp/3

print(mp)

print(In2)

print(cod_p)

cod_pos<-round(cod_p)




HHHHHH AR Splitting the sequence into codons

cod<-splitseq(dsl)

cod[199]

ori<-cod[cod_pos]

ori

cod<-splitseq(ds2)

mut<-cod[cod_pos]

mut

HHHHHHHHHHHHHHH 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

HitHHHHAHEHHER A Reference allele
if ((mut =="tag") || (mut =="taa") || (mut == "tga")){
ref<-0}

print(ref)

length(cod)




HHHHEHAHARHAA A Mutation start and mutation end
for (j in 1:length(cod)){

i<-cod[[j1]

c<-paste(j,i,sep="-")
cat(c,file="sample.fasta",sep="\t",append=TRUE)}
codl<-read.table(file="out2.txt")
codl<-read.fasta(file = "sample.fasta")

cod2 <-codl [[1]]

dstart<-ds[1:650]

length[dstart]

dstartstring <- c2s(dstart)

matchPattern("ata", dstartstring)

HIHHHHHHHAHH AR Len variant, protein changed
Iv<-In1-In2

if(ori == ref)

{Iv<-3

}

if(In1==In2)

{if(ref == 0)

{Iv<-1}

else

{lv<-2}}

if((v==1)[|(lv==2) [[(lv==4) || (Iv==5))
{ph<-1}

print(ph)

HHHHHHHHHHHHAHTHHAH A A Alteration Type
print(lv)

if(lv == 1){

altype<-1

Yelse if(lv == 2){

altype<-2

Yelse if(lv == 3){

altype<-3

Yelse if(lv<In1){

altype<-4

Yelse if(lv>In1){

altype<-5

}print(altype)




HIHHHHHHHHHHHAHRHAHEHA# Amino acid to stop codon, amino acid stop codon
if(ref == 0){

am_st<-1

am_type<-1

Jelse{

am_st<-1

am_type<-0

}

print(am_st)

print(am_type)

HHHHHHHHHHHHAHRAHEAA Position of start and stop codon

tablecode()

ds <- d2[[1]]

length(ds)

dstartstring <- c2s(ds)

matchPattern("tag", dstartstring)
HHHHHHHHHHHHHR A A pairwise alignment
dl<-read.fasta("SH3TC2_cdna_ NM_024577.3.fasta")
d2<-read.fasta(file = "sample.fasta")

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

s2 <- toupper(c2s(d2[[11]))

## Fit a global pairwise alignment using edit distance scoring

al <- pairwiseAlignment(s1, s2,substitutionMatrix = nucleotideSubstitutionMatrix(2, -1, TRUE),gapOpening = -2,
gapExtension = -8)

## Examine quality-based match and mismatch bit scores for DNA/RNA
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gi12380180441z=£ ML 004006,

gi12380180441z=£ ML 004006,

gi12380180441z=£ ML 004006,

gi12380180441z=£ ML 004006,

gi12380180441z=£ ML 004006,

gi12380180441z=£ ML 004006,

gi12380180441z=£ ML 004006,

gi12380180441z=£ ML 004006,

gi12380180441z=£ ML 004006,

gi12380180441z=£ ML 004006,

gi12380180441z=£ ML 004006,

gi12380180441z=£ ML 004006,

gi12380180441z=£ ML 004006,

gi12380180441z=£ ML 004006,

1238018044 1zef |1 004006,

SNucleotide alignment 2 Alignment of 2 sequences: gil238018044|ref|NM_004006.21
. 9i1238018044 Izef MM _004006.21

(99%),
0/11058 (0%)

21 1 &0
21 1 &0
21 [ 120
TTCACS CRRTTTTC: GC? cTc
21 [ 120
21 121 180
TTCAGTGACCTAC] ccT GGEC]
21 121 180
21 181 240
creeC cacs TCATGCCCTGARCARTGTCARCARGGC]
21 181 240
21 241 300
crGC GRAC] TGACATCGT!
21 241 300
21 301 380
TRRACTGACTC GGTC
21 301 380
21 el 420
TGGCTGGAT CRRACCRAC] C
21 el 420
21 421 480
cre CCGACRATCARCTCS cacs crreacc
2| 421 480 v




Feature vectors of Non — Synonymous Mutated Gene Sequences

n ) N-0-H)- Missense_nonsense features_30_4.xlsx - Microsoft Excel - x
= | Home | Insert  Pagelayout  Formulas Data  Review  View @ - o x
= ¥ cut Calibri -l - AR = (S wrap Text General - ﬁ g E- L ? lﬁ
123 Copy @] Fill -
Paste F Format painter B L O[O A [ Merge & Center - || § + % o || %8 5% Fcuur?ndawgﬂ‘r;a\v a:?(;’g\aet' st;eel;v mnset Delete Format T gﬁ(:rsf ;T:Ct&'
Clipboard & Font & Alignment & Mumber o Styles Cells Editing |
[ Al - fe| Gene D
A B C D E F G H 1 1 K L M N (o] P Q R 5 i
Position  Amino
Position ofstop acid Amino
of start  codon changes acid
codon last tostop changes
1st base basein codon{y/ tostop Consens Consens editdissc qualitysc Subs
1 |Gene IDIGene Sym Chromosc Seq_Lengl Alteration Mutation Mutation_Length of Protein ch Reference Observed incDNA  CDNA N) codon us_Start us_end ore ores serr
2 22113 21907.28 188
3 1756 1 23.1 11058 2 103 105 1 1 [ o 32 11056 1 1 1 102 22113 21907.28 188
4 1756 1 23.1 11058 2 133 135 1 1 6 ] 32 11056 1 1 1 133 22113 21907.28 18|
5] 1756 1 23.1 11058 1 157 159 1 1 11 2 32 11056 0 0 1 157 22113 21907.28 188
6 1756 1 23.1 11058 1 160 162 1 1 1 2 32 11056 0 0 1 160 22113 21907.28 188
7 1756 1 23.1 11058 2 178 180 1 1 & o 32 11056 1 2 1 177 22113 21907.28 188
8 1756 1 23.1 11058 2 193 195 1 1 7 0 32 11056 1 2 1 192 22113 21907.28 188/~
9 1756 1 23.1 11058 2 193 201 1 1 8 0 32 11056 1 3 1 198 22113 21907.28 188
10 1756 1 23.1 11058 2 253 235 1 1 [ o 32 11056 1 1 1 252 22113 21907.28 188
1 1756 1 23.1 11058 2 271 273 1 1 11 o 32 11056 1 2 1 271 22113 21907.28 188
12 1756 1 23.1 11058 2 313 315 1 1 12 ] 32 11056 1 2 1 312 22113 21907.28 18|
13 1756 1 23.1 11058 1 346 348 1 1 11 15 32 11056 0 0 1 346 22113 21907.28 188
14 1756 1 23.1 11058 2 352 354 1 1 13 0 32 11056 1 3 1 353 22113 21907.28 188
15 1756 1 23.1 11058 2 403 410 1 1 7 o 32 11056 1 2 1 408 22113 21907.28 188
16 1756 1 23.1 11058 2 427 429 1 1 13 0 32 11056 1 3 1 428 22113 21907.28 188
17 1756 1 23.1 11058 2 433 435 1 1 2 ] 32 11056 1 3 1 432 22113 21907.28 18|
18 1756 1 23.1 11057 3 38 40 1 o 2 2 32 11055 o o 1 38 22113 21907.28 188
19 1756 1 23.1 11057 5 58 61 1 1 17 5 32 11055 0 0 1 57 22113 21907.28 188
20 1756 1 23.1 11056 E 114 116 2 1 7 7 32 11054 ] ] 1 111 22113 21907.28 188
21 1756 1 23.1 11055 5 158 162 3 1 11 7 32 11053 0 0 1 159 22113 21907.28 188
22 1756 1 23.1 11057 5 166 168 1 1 8 1 32 11055 0 0 1 22113 21907.28
i
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Feature vectors of Synonymous Mutated Gene Sequences

A D RSCU features_ex.csv - Microsoft Excel - =

R [ Hnme_\ Insert  Pagelayout  Formulas Data  Review  View @ - = x

(= el . Sanall= = . ﬁ g TFem i [RFH | Z Autosum - ?

] bl Calibri “u ‘A A | |_ S wrap Text General £ = @ - Eﬁ

P ramatpanter | (B L2 A [ = EMerge  conter || 8= % o 83| oo e smpes | T O T G e e Sl

Clipboard (F] Font ir] Alignment {F] Humber ir] Styles Cells Editing
‘ Al ~ 3 fx‘ aaa
B C D E F G H 1 J K L M N (o] P Q R 5

1 |aaa 1aac aag aat aca acc acg act aga age agg agt ata atc att caa cac cag cat cca
2 | 1.051135 0.812121 0.948806 1.187879 152 0.76 0.24 1.48 1.848485 0991736 1.424242 1.363036 0.526316 1.105263 1.368421 0.87013 0.863636 112987 1.1363p4 1.]
3 | 1.051135 0.812121 0.948806 1.187879 1.52 0.76 0.24 1.48 1.848485 0.991736 1.424242 1.363636 0.526316 1.105263 1.368421 0.87013 0.863636 1.12987 1.136364 1.]
4 | 1.051195 0.812121 0.948806 1.187879 1.52 0.76 0.24 1.48 1.848485 0.987654 1.424242 1.358025 0.526316 1.105263 1.368421 0.87013 0.863636 1.12987 1.136364 1.4
5 | 1.051195  0.812121 0.548806 1.187879 1.52 0.76 0.24 1.48 1.848485 0.987554 1.424242 1.358025 0.526316 1.105263 1.368421 0.872964 0.863636 1.127036 1.1363p4 1.J
6 | 1.051185 0.812121 0.948806 1.187879 1.52 0.76 0.24 1.48 1.848485 0.987554 1.424242 1.358025 0.526316 1.105263 1.368421 0.87013 0.863636 1.12987 1.136364 1.0
7 | 1051135 0.812121 0.948806 1.187879 152 0.76 0.24 1.48 1.848485 0387554 1.424242 1.358025 0.526316 1.105263 1.368421 0.87013 0.863630 112987 1.1363p4 1.0
8 | 1.051135 0.812121 0.948806 1.187879 1.52 0.76 0.24 1.48 1.848485 0.987554 1.424242 1.358025 0.526316 1.105263 1.368421 0.87013 0.863636 1.12987 1.136364 1.0
9 | 1.051185 0.812121 0.948806 1.187879 1.52 0.76 0.24 1.48 1.848485 0.987654 1.424242 1.358025 0.526316 1.105263 1.368421 0.87013 0.863636 1.12987 1.136364 1.J
10| 1.051195 0.812121 0.948806 1.187879 1.52 0.76 0.24 1.48 1.848485 0987554 1.424242 1.358025 0.526316 1.105263 1.368421 0.872964 0.863636 1.127036 1.1363p4 1.0
11| 1.051185 0.812121 0.948806 1.187879 1.52 0.76 0.24 1.48 1.848485 0.987654 1.424242 1.358025 0.526316 1.105263 1.368421 0.86645 0.863636 1.133551 1.136364 1.0
12| 1.051195 0.812121 0.948806 1.187879 152 0.76 0.24 1.48 1.857868 0.387054 1.431472 1.358025 0.526316 1.105263 1.368421 0.87013 0.863630 112987 1.1363p4 1.0
13| 1.051195 0.812121 0.948806 1.187879 1.52 0.76 0.24 1.48 1.848485 0.987554 1.424242 1.358025 0.526316 1.105263 1.368421 0.87013 0.863636 1.12987 1.136364 1.0
14| 1.051185 0.812121 0.948806 1.187879 1.52 0.76 0.24 1.48 1.848485 0.987654 1.424242 1.358025 0.526316 1.105263 1.368421 0.86645 0.863636 1.133551 1.136364 1.J
15| 1.054795 0.812121 0.945206 1.187879 1.52 0.76 0.24 1.48 1.848485 0987554 1424242 1.358025 0.526316 1.105263 1.368421 0.87013 0.863636 112987 1.1363p4 1.0
16| 1.051195 0.812121 0.948806 1.187879 1.52 0.76 0.24 1.48 1.848485 0.987654 1.424242 1.358025 0.526316 1.105263 1.368421 0.87013 0.863636 1.12987 1.136364 1.0
17| 1.051195 0.813277 0.948806 1.180723 152 0.76 0.24 1.48 1.848485 0387554 1.424242 1.358025 0.526316 1.105263 1.368421 0.87013 0.863630 112987 1.1363p4 1.0
18 | 1.051195 0.812121 0.948806 1.187879 1.52 0.76 0.24 1.48 1.848485 0.991736 1.424242 1.363636 0.526316 1.105263 1.368421 0.87013 0.863636 1.12987 1.136364 1.0
19| 1.051185 0.812121 0.948806 1.187879 1.52 0.76 0.24 1.48 1.848485 0.987654 1.424242 1.358025 0.526316 1.105263 1.368421 0.86645 0.863636 1.133551 1.136364 1.J
20| 1.051195 0.812121 0.948806 1.187879 1.52 0.76 0.24 1.48 1.848485 0.987554 1.424242 1.358025 0.526316 1.105263 1.368421 0.86645 0.863636 1.133551 1.1363p4 1.0
21| 1051185 0.812121 0.948806 1.187879 1.52 0.76 0.24 1.48 1.848485 0.987654 1.424242 1.358025 0.526316 1.105263 1.368421 0.86645 0.863636 1.133551 1.136364 1.0
22| 1.051195 0.812121 0.948806 1.187879 152 0.76 0.24 1.48 1.848485 0387554 1.424242 1.358025 0.526316 1.105263 1.368421 0.87013 0.863630 112987 1.1363p4 1.0
23| 1.051195 0.812121 0.948806 1.187879 1.52 0.76 0.24 1.48 1.848485 0.987554 1.424242 1.358025 0.526316 1.105263 1.368421 0.87013 0.863636 1.12987 1.136364 1.0
24| 1.051185 0.812121 0.948806 1.187879 1.52 0.76 0.24 1.48 1.848485 0.987654 1.424242 1.358025 0.526316 1.105263 1.368421 (.872964 0.863636 1.127036 1.136364 1.J
25| 1.051195 0.812121 0.948806 1.187879 1.52 0.76 0.24 1.48 1.848485 0987554 1424242 1.358025 0.526316 1.105263 1.368421 0.87013 0.863636 112987 1.1363p4 1.0
26| 1.051195 0.812121 0.948806 1.187879 1.52 0.76 0.24 1.48 1.857868 0.987654 1.431472 1.358025 0.526316 1.105263 1.368421 0.87013 0.863636 1.12987 1.136364 1.0
27| 1.051195 0.812121 0.948806 1.187879 152 0.76 0.24 1.48 1.848485 0387654 1.424242 1.358025 0.526316 1.105263 1.368421 0.87013 0.363630 ¥
"W 4 » n| Rscu_features_ex ¥ [ m
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Feature vectors of Insertion, Deletion Mutated Gene Sequences

o) R I Features_Gross_l.csv - Microsoft Excel - =2 X
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= ¥ cut Calibri -l - (AR = (S wrap Text General - ﬁ g g- @ L ? lﬁ
133 Copy @] Fill -
Paste T I O[> A [ Merge & Center - || $ - % » || %8 5% Fcuur?ndawgﬂ‘r;a\v a:?(;’g\aet' st;eel;v Inseit Delete Format & Cear - gﬁ(:rs'( ?erl‘edct&'
Clipboard & Font = Alignment = Number o Styles Cells Editing |
[ H21 - £e|1
A B & D E F G 1 J K L M N o P Q R S T
1 |GenelD GeneSym Seqlen  AlterType No.Exons Exonstart Exonend |Inframe_(Lenvarian' Gene_stai Gene_enc editdisscc qualityscc Subscores A G C T GC AT
2 1756 1 11058 2 2 10 11 2 1 684 684 22113 21907.28 18816.67 33.33 20.75 23.7 22.22 44.45
3 1756 11058 2 8 10 17 2 1 684 684 22113 21907.28 18816.67 33.31 20.75 23.7 22.22 44.46
4 1756 1 11058 2 44 10 43 2 1 637 637 22113 213907.28 18816.67 33.33 20.73 23.7 22.21 44.46
5] 1756 1 11058 2 45 10 45 2 1 701 701 22113 21907.28 18816.67 33.32 20.75 23.7 22.23 44.45
6 1756 1 11058 2 2 12 13 2 1 732 732 22113 21807.28 18816.67 33.33 20.75 23.69 22.22 44.45
7 1756 1 11058 1 3 10 12 1 1 747 747 22113 21907.28 18816.67 33.33 20.73 23.7 22.22 44.45
8 1756 1 11058 2 13 16 29 1 1 793 793 22113 21907.28 18816.67 33.33 20.75 23.69 22.22 44.45
9 1756 1 11058 2 11 13 23 1 1 808 808 22113 21907.28 18816.67 33.33 20.75 23.7 22.22 44.45
10 1756 1 11058 2 14 30 44 1 1 809 809 22113 21907.28 18816.67 33.33 20.75 23.7 22.23 44.45
1 1756 1 11058 2 2 48 49 1 1 824 824 22113 21907.28 18816.67 33.32 20.75 23.7 22.23 44.45
12 1756 1 11058 2 7 1 7 2 1 827 827 22113 213907.28 18816.67 33.32 20.73 23.7 22.23 44.45
13 1756 1 11058 2 2 10 11 2 1 859 859 22113 21907.28 18816.67 33.33 20.75 23.7 22.21 44.46
14 1756 1 11058 2 8 10 17 2 1 860 860 22104 218%99.17 18804.67 33.32 20.75 237 22.23 44.45
15 1756 1 11058 2 44 10 43 2 1 917 917 22104 21899.17 18804.67 33.32 20.73 23.7 22.23 44.46
16 1756 1 11058 2 45 10 45 2 1 930 930 22094 21893.19 18798.97 33.33 20.75 23.7 22.21 44.46
17 1756 1 11058 1 2 12 13 2 1 935 935 22084 21887.21 18793.27 33.33 20.75 23.7 2221 44.46
18 1756 1 11058 2 3 10 12 1 1 945 945 22104 21899.17 18804.67 33.33 20.75 23.7 22.22 44.45
19 1756 1 11058 2 13 16 29 1 1 953 953 22106 21901.16 18806.37 33.32 20.75 23.7 22.23 44.45
20 1756 1 11058 2 11 13 23 1 1 963 963 22106 21301.16 18806.37 33.32 20.73 23.7 22.23 44.45
21 1756 1 11058 2 14 30 44 1 1 969 969 22106 21901.16 18806.37 33.32 20.75 23.7 22.23 44.45
22 1756 1 11058 2 2 13 20| 1] 1 992 992 22116 21915.16 18820.37 33.32 20.75 23.69 22.23 44.45
23 1756 1 11058 2 2 18 19) 1| 1 998 998 22106 21901.16 18806.37 33.32 20.73 23.69 22.23 44.45
24 1756 1 11058 2 1 2 2| 1 1 1007 1007 22106 21901.16 18806.37 33.32 20.75 23.7 22.23 44.45
25 1756 1 11058 1 1 2 2] 1] 1 1065 1065 22106 21901.15 13806.38 33.32 20.75 23.71 22.22 44.47
26 1756 1 11058 2 2 7 8| 1 1 1127 1127 22113 21907.28 18816.67 33.32 20.75 23.7 22.23 44.45
27 1756 1 11058 2 6 1 [ jl |-H 1 1147 1147 22113 21907.28 18816.67 33.33 20.75 23.7 22.22 44.45
"W 4 » M| Features_Gross_1 /%] 4 [ m
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Feature vectors of Splicing Mutated Gene Sequences

_:!F. R I splicing_2_altered.xls [Compatibility Made] - Microsoft Excel - =2 X
N~ | Home | Insert  Pagelayout  Formulas Data  Review  View @ -
& cut Calibri -[an - (A= (S wrap Text General - ﬁ g g- ;‘ @ L ? lﬁ
= 133 Copy @] Fill -
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[ Mg - £l
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1 Geneld GeneSym chr Seqlen  Mutpositi Stopcodor Exonnum Intronnum Exon_len Exontype Intronexont Splicesite Sendscare 3endscore branchsco Conservation_ PSSMscon Codingreg Label

2 1756 1 23 11058 440 1 4 0 78 2 11254 32 0 0 0 0.953 2235 26.45 A

3 1756 1 23 11058 440 1 4 0 78 2 11254 13 0 0 0 1.493 2235 26.45 A

4 1756 1 23 11058 433 1 4 o 78 2 11254 13 o o o 3.135 2234 26.41 A

5] 1756 1 23 11058 457 1 4 0 78 2 11254 17 0 0 0 -0.507 2234 26.37 A

6 1756 1 23 11058 488 1 4 0 78 2 11254 32 0 0 0 0.415 2234 26.34 A

7 1756 1 23 11058 503 o 4 o 78 2 11254 16 0 o o 4451 2234 27.25 A
E 1756 1 23 11058 549 1 5 o 93 2 11254 ZI .I o o 5.446 2234 26.43 A

9 1756 1 23 11058 Sed 1 3 ] 93 2 11254 2 ] ] ] 4.695 2234 2641 A

10 1756 1 23 11058 565 1 5 0 93 2 11254 16 0 0 0 3.162 2234 26.39 A

1 1756 1 23 11058 580 1 5 0 33 2 11254 13 0 0 0 2.981 2234 26.4 A

12 1756 1 23 11058 583 1 3 o 33 2 11254 51 o o o 4.215 2234 26.43 A

13 1756 1 23 11058 615 1 6 0 173 2 11254 52 0 0 0 4.574 2234 26.37 A

14 1756 1 23 11058 616, 1 6 0 173 2 11254 65 0 0 0 4377 2234 26.38 A

15 1756 1 23 11058 673 1 6 o 173 2 11254 52 o o o 1.718 2234 26.34 A

16 1756 1 23 11058 686 1 6 o 173 2 11254 47 o o o 5.861 2234 26.36 A

17 1756 1 23 11058 691 ] 6 ] 173 2 11254 37 ] ] ] 0.991 2234 27.26 A

18 1756 1 23 11058 701 1 6 0 173 2 11254 29 0 0 0 5.861 2234 26.37 A

19 1756 1 23 11058 709 1 6 0 173 2 11254 17 0 0 0 4.718 2234 26.37 A

20 1756 1 23 11058 721 1 6 o 173 2 11254 14 o o o 4.718 2234 26.35 A

21 1756 1 23 11058 724 1 6 0 173 2 11254 11 0 0 0 2174 2234 26.34 A

22 1756 1 23 11058 T4E 1 6 0 173 2 11254 17 0 0 0 3.667 2234 26.38 A

23 1756 1 23 11058 734 1 6 o 173 2 11254 58 o o o 4.255 2234 26.42 A

24 1756 1 23 11058 799 1 7 o 119 2 11254 36 o o o -0.362 2234 26.43 A

25 1756 1 23 11058 821 ] 7 ] 119 2 11254 27 ] ] ] 4.292 2234 27.25 A

26 1756 1 23 11058 883 1 7 0 119 2 11254 47 0 0 0 4.292 2234 26.43 A

27 1756 1 23 11058 903 1 8 0 182 2 11254 47 0 0 0 4.292 2234 26.4 A
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Feature vectors of AGM dataset

CERCEN" DR pooled_scikit.csv - Microsoft Excel - 2 x
Home | Insert  Pagelayout  Formulas Data  Review  View @ - o x
:;E:;y Calibri Slu AN (S wrap Text General - ﬁ @ %‘ ;‘ @ El::ltfsum ” ? lﬁ
P Fommat panter |21 8.7 (B =[O =ih] B £ B erge  conter - g e P | DS et
Clipboard & Font = Alignment = Number o Styles Cells Editing |
[ D2 - fe| 220
A | 8 | c e e [ F | & | = s ok [ M N 0 P [ a | r s |
1 |Geneld GeneSym chr Mutpositi Seglen  AlterType CodonNui Mutstart Mutend  GeneposnLenvarian Proteinch Referallel Obseralle Posstartce Posstopec Aminoacii Aminoacit editdisscc qud
L2 1756 1 23| MD.I 11058 2 35 103 105 347 1 1 6 0 32 11056 1 1 22113 21
3| 1756 1 23 440 11058 2 45 133 135 377 1 1 6 0 32 11056 1 1 22113 21
4 1756 1 23 433 11058 2 33 157 153 402 1 1 11 2 32 11056 1 1 22113 21
5 1756 1 23 457 11058 2 54 160 162 405 1 1 11 2 32 11056 1 1 22113 21
_6 | 1756 1 23 488 11058 2 60 178 180 422 1 1 6 0 32 11056 1 2 22113 21
7 1756 1 23 503 11058 1 65 193 195 437 1 1 7 o 32 11056 1 2 22113 21
8 | 1756 1 23 549 11058 2 67 199 201 443 1 1 8 o 32 11056 1 3 22113 21
9| 1756 1 23 Sed 11058 2 a5 253 2535 457 1 1 6 ] 32 11056 1 1 22113 21
10 1756 1 23 565 11058 2 91 271 273 517 1 1 11 0 32 11056 1 2 22113 21
| 1756 1 23 580 11058 2 105 313 315 557 1 1 12 0 32 11056 1 2 22113 21
12 1756 1 23 583 11058 2 116 346 348 531 1 1 11 13 32 11056 1 1 22113 21
13 1756 1 23 615 11058 2 118 354 356 625 1 1 13 0 32 11056 1 3 22113 21
14| 1756 1 23 616, 11058 2 137 409 411 630 1 1 7 0 32 11056 1 2 22104 21
15] 1756 1 23 673 11058 2 143 423 431 700 1 1 18 o 32 11056 1 3 22104 21
16 | 1756 1 23 686 11058 2 145 433 435 704 1 1 2 o 32 11056 1 3 22094 21
17| 1756 1 23 691 11058 1 231 691 693 935 1 1 13 3 32 11056 ] ] 22084 21
18| 1756 1 23 701 11058 2 234 700 702 945 1 1 16 0 32 11056 1 2 22104 21
15| 1756 1 23 709 11058 2 237 709 711 953 1 1 6 0 32 11056 1 2 22106 21
20 1756 1 23 721 11058 2 241 721 723 963 1 1 & o 32 11056 1 2 22106 21
21 1756 1 23 724 11058 2 242 724 726 969 1 1 6 0 32 11056 1 2 22106 21
22| 1756 1 23 748 11058 2 250 748 750 992 1 1 7 ] 32 11056 1 2 22116 21
23| 1756 1 23 734 11058 2 252 734 736 998 1 1 7 o 32 11056 1 2 22106 21
24| 1756 1 23 793 11058 2 267 793 801 1007 1 1 6 0 32 11056 1 2 22106 21
25| 1756 1 23 821 11058 1 274 820 822 1065 1 1 13 E 32 11056 ] ] 22106 21
26| 1756 1 23 883 11058 2 295 883 885 1127 1 1 2 0 32 11056 1 3 22113 21
27 1756 1 23 903 11058 2 301 301 903 1147 1 1 13 0 32 11056 1 2 22113 21
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Appendix - C
Python Code

Naive 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_scorel[:, 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 = {1:0.2})'
".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):
fprli], tpr[i], _=roc_curve(y_test[:, i], y_score[:, i])
roc_aucl[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™])
HHHHHH
# 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], [O, 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()
HH R R R
# 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_aucli]))
plt.plot([0, 1], [O, 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_newl.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.TensorFlowDNNClIassifier(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)



