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Abstract

A promoter is a specific region of DNA that facilitates thensaription of a par-
ticular gene. Promoters are typically located near the gé¢iney regulate, on the same
strand and upstream (towards tieegion of the sense strand). Promoters contain specific
DNA sequences and response elements which provide bindexfer RNA polymerase
and for proteins called transcription factors that recRMA polymerase. Promoter pre-
diction programs (ppps) are computational models whichatindentifying the promoter
regions in a genome. The main approaches of the promoteicpogdare either assigning
scores to all single nucleotides to identify TSS or idemtifya promoter region without
providing scores to all nucleotides. In this project n-gri@atures are extracted and used
in promoter prediction. Here a systematic study is madedoavier the efficacy of n-grams
(n=2,3,4,5) as features in promoter prediction problemurbllenetwork classifiers with
these n-grams as features are used to identify promoterBuman genome. In this case
for n=4 we are getting optimal values.
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Chapter 1

Introduction

The human genome is made up of all of the DNA in the chromos@segll as that in
mitochondria. The human genome is the genome of Homo sapidmsh is stored on 23
chromosome pairs. The haploid human genome occupies atgusk over 3 billion DNA
base pairs. Twenty-two of these are autosomal chromosoirse waile the remaining pair
is sex-determining. The haploid human genome contain$R3otein-coding genes, far
fewer than had been expected before its sequencing. Irofagtabout 1.5% of the genome
codes for proteins, while the rest consists of non-coding\RBnes, regulatory sequences,
introns, and (controversially named) "junk” DNA (inter geregions). The general scheme
of the shown in figure 1.1.

1.1 Promoter

A promoter is a region of DNA that facilitates the transdoptof a particular gene.
Promoters are typically located near the genes they regudatthe same strand and up-
stream (towards th& region of the sense strand). Promoters contain specific DNA s
guences and response elements which provide a bindingsiBINA polymerase and for
proteins called transcription factors that recruit RNAypoérase.

¢ In bacteria, the promoter is recognized by RNA polymeraskaamassociated sigma
factor, which in turn often brought to the promoter DNA by astivator protein
binding to its own DNA binding site nearby.

¢ In eukaryotes, the process is more complicated, and atdesen different factors
are necessary for the binding of an RNA polymerase Il to tioenater.
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Figure 1.1: A schematic representation of the locationhefgromoter region, TFBSs,
exons, introns and utr regions.

1.2 Structure of a genome

Promoter of the genes that transcribe relatively large amnotimRNA have similar
structure. They have a TATA sequences about 30bp upstreamtfre site where tran-
scription begins, one or more promoter elements fixturerapst. The function of the
region can be analyzed by determining its bases which aeseary for efficient transcrip-
tion. Once the transcription of gene is confirmed one usdsggsn enzymes to make
specific deletion in the gene or in the regions surrounding'fie main elements of the
promoter are shown in the figure 1.1.

1.2.1 Promoter region

The non-coding nucleotide sequence prior to the transonstart region that is
characterized by the presence of a number of conserved seguance sequences is gen-
eral termed as a promoter.

1.2.2 Introns

An intron is a DNA region within a gene that is not translatetbiprotein. These
non-coding sections are transcribed to precursor MRNAR&A) and some other RNAs
(such as long non coding RNAs), and subsequently removedpogcess called splicing
during the processing to mature RNA. Introns are common kaswtic pre-mRNA, but in
prokaryotes they are only found in tRNA and rRNA. Intronséaariable length and alter-
nate with exons in intron-containing genes. Introns corgaveral short sequences that are



Figure 1.2: location of introns and exons within a gene.

important for efficient splicing, such as acceptor and daites at either end of the intron
as well as a branch point site, which are required for propkciag by the Spliceosome.
Some introns are known to enhance the expression of the gatiéy are contained in by
a process known as intron-mediated enhancement (IME). $dnoas, such as the Group
| and Group Il introns, after transcription possess ribogyautivity, enabling them to cat-
alyze their own splicing out of a primary RNA transcript. Tin@in element of the introns
are shown in fig.1.2.

1.2.3 Exons

An exon is a nucleic acid sequence that is represented in #terenform of an
RNA molecule after either portions of a precursor RNA (ingbhave been removed by cis-
splicing or by two or more precursor RNA molecules have begatéd by trans-splicing.
The mature RNA molecule can be a messenger RNA or a functiormalof a non-coding
RNA such as rRNA or tRNA. Depending on the context, exon céar te the sequence in
the DNA or its RNA transcript. Each exon contains part of tpermreading frame (ORF)
that codes for a specific portion of the complete protein.



1.2.4 3'Utr

The three prime untranslated regih TR) is a particular section of messenger
RNA (mRNA). It follows the coding region. An mRNA molecule des for a protein
through translation. The mRNA also contains regions thabhat translated. In eukaryotes
these regions are the cdapuntranslated regiors untranslated region, and polyA tail.

1.3 Promoter elements

1.3.1 Core promoter

The minimal portion of the promoter required to properltiate transcription.
e Transcription Start Site (TSS).
e A set of binding sites for RNA polymerase to bind.

e General transcription factor binding sites.

1.3.2 Proximal promoter

The proximal sequence upstream of the gene that tends taiogtmary regulatory ele-
ments.

e Specific transcription factor binding sites

1.3.3 Identification of promoter location

As promoters are typically immediately adjacent to the gargiestion, positions
in the promoter are designated relative to the transcripgiart site (TSS). Transcription
of RNA for a particular gene (i.e, positions upstream areatiegg numbers counting back
from, for example -100 is a position 100 bp upstream) staots fTSS.

1.3.4 Promoter Recognition

TATA Binding protein
TATA binding protein plays a role in promoter recognitiolATRA binding promoter (TBP)



was first isolated and purified from humans in 1996. It is coseploof single polypeptide
chain and capable of binding specifically to that TATA box cdmyg promoters. TBP is
saddle shaped protein with DNA binding fold. The concave DiAding surface mediates
specific and non-specific contacts with the DNA through anantallel beta sheet. TBP
is functional in mutants lacking the N-terminus. The c-tens contains two homologous
repeats of 88 amino acids that is TBP originally evolved ftame dimer of identical chains.
The identical domains have asymmetric surface patternsfo$ide chains. TBP can thus
bind DNA other proteins.

1.3.5 Eukaryotic promoters

Eukaryotic promoters are extremely diverse and are difficutharacterize. They
typically lie upstream of the gene and can have regulat@yehts several kilobases away
from the transcription start site. In eukaryotes, the ttapson complex can cause the
DNA to bend back on itself, which allows for placement of riegory sequences far from
the actual site of transcription. Many eukaryotic promstdretween 10 and 20% of all
genes, contain a TATA box (sequence TATAAA), which in turmds a TATA binding
protein which assists in the formation of the RNA polymeraaascription complex. The
TATA box typically lies very close to the transcription gtaite (often within 50 bases).

1.4 Problem Statement

Identification of promoters in human genome.

1.5 Motivation

e Promoter prediction is an important and complex problemis Thmplexity arises
from the uncertainty in the position of the occurrence ofgh@moter in the genome.

e Pattern recognition algorithms typically require featutbat could captures com-
plexity.

e DNA also provides code for proteins and targets for actrgtenhancers, repressors,
transcription binding factors etc.



¢ In earlier work most of the times only small portion of the gere is used to evalu-
ate a promoter prediction programs (PPP), which is not asteasetting for whole
genome promoter recognition/prediction.

e Promoter prediction programs (ppp) are computational nsoathich aim at identi-
fying the promoter regions in a genome.

1.6 Our Approach - Neural Network Method

We would like to find out the efficacy of these features in idgimtg the promoters in
Homo Sapiens. N-gram features of promoters are given ag topine neural network
classifier. Here prediction of promoter is modeled as a pigkassification problem. Su-
pervised learning is used for the classification of pronwmtelere we have used the DBTSS
data as positive data set and the EBRJTR data negative data set.

1.7 Organization of thesis

The current chapter describes the promoter identifies thielggm and briefly ex-
plains approach being used and introduction to problemp@n& introduces the related
work, existing methods and discuss the material that is eequesite to understand our
approach clearly and completely. Chapter 3 refers to the daitection, feature extrac-
tion, (n-gram) and pattern file generation. Chapter 4 retectassification of the promoter
and non-promoter sequences and Also explains the SNNSatiomul Chapter 5 gives the
classification of results promoter recognition, discussibresults and conclusions of this
project. The future work needed to be carried out for furtlesearch.



Chapter 2

Literature Survey

Promoter recognition is a real problem that computatigndkntifies the transcription
start site (TSS) or thé&’ end of the gene without time-consuming and expensive experi
mental methods that align ESTs, cDNAs or mRNA against to titieeegenome. Promoter
prediction is an important and complex problem. This coipfearises from the uncer-
tainty in the position of the occurrence of the promoter i genome. Pattern recognition
algorithm typically requires features that could captinie tomplexity. In earlier work in
most of cases only a small portion of the genome is used taaieathe promoter predic-
tion program (PPP), which is not realistic setting for whgémome promoter prediction.
Promoter prediction programs(PPP) aim to identify promoggions in a genome using
computational models.

2.1 Promoter prediction programs

Most of the promoter prediction programs try to predict thkaat location of the
promoter region of the known protein-coding genes, whil@sdocus on finding the tran-
scription start site (TSS). Some research has show that thaften no single TSS, but
rather a whole transcription start region(TSR) contaimmgtiple TSSs that are used with
different frequencies. Generally two main approaches sed in promoter prediction [4].
1. First approach assigns scores to all single nucleotaktentify TSS.

2. Second approach identifies a promoter region withoutignoy scores for all nu-
cleotides.
In this article analyzes the performance of 17 programs atasks:



e Genome wide identification of the start of genes.

¢ Genome wide identification of TSRs.

2.2 EXxisting methods and results in literature

e precision :(T%]}P)

e recall :(T%PTN)
Name Precision recall
DragonGSF 37—48 51 —-70
DragonPF 61 —-65 62—064
FristEF 79—-81 35—40
Eponine ~ 40 ~ 67
NNPP2.2 69 —93 2.0-—45

McPromoter2.0 26 — 57 70 — &7
Promoter2.0 44 — 57 ~ 4.5
proSom 0.38 0.66

Table 2.1: Results of all protocols on all PPPs.

The above protocols gives the results of precision andireglales. DragonGSF
predicts the value of precision is between 37-48% and recall-70%, DragonPF predicts
the value of precision is between 61-65% and recall 62-649%tHEF predicts the value of
precision is 79-81% and recall 35-40%, Eponine predictsviiee of precision isz 40
and recalk 67%, NNPP2.2 predicts the value of precision is 69-93% and r@dai4.5%,
McPromoter2.0 predicts the value of precision is 26-57%randll~ 4.5, proSom predicts
the value of precision is 0.38% and recall 0.66% [5].

e Promoter prediction programs,features and classificatios

We select the 13 representative PPPs that can analyze kamgeng sequences and
report strand-specific TSS predictions(refer table 2.2ZRT8, Eponine used SVM as the
part of their deign, EP3, Promoterscan, Wu-method usedi®osveight matrix (PWM).
CpGcluster used distance based algorithm. CpGProD usesht gliscriminating analy-
sis (LDA). DragonGSF, DragonPF, McPromoter used neuravords. NNPP2.2 has used
Time Delay neural network.Promoter Explorer has used AloaBalgorithm. proSOM has
used SOM. These programs have used as features varioussasppoomoter and other
regions of the DNA [6].



Name Classifier Features

ARTS SVM,Kernels CpGilsland,Specific transcription fadiording site(TFBS)
CpGcluster Distance based algo. CpGlsland, TSS,CpG Deotioié

CpGProD LDA CpGlsland,AT/GC content

DragonGSF neural network CpGlsland, TSS,DPF promoter

EP3 PWM TATA Box, TSS,Promoter,CpGlsland,INR

Eponine SVM TATA Box,GC Box,TSS

DragonPF NN Promoter,Exon,Intron, TSS

McPromoter NN, Interpolated Markov Models TATA Box,CITA B&C Box, nucleosome position
NNPP2.2 Time Delay NN TATA Box ,INR

PromoterExplorer AbaBoost algorithm CpGlsland,DNA setpge

Promoterscan PWM(position weight matrix) TATA Box, Traription factor binding site

proSOM SOM TATA boX,

Wu-method PWM TATA Box,CAAT BoxEnd TranScription site(INEpGlands

Table 2.2: PPV, feature and classifier

2.3 Promoter recognition system

There are three classification methods for human promategretion system [12].

¢ Discriminative model that finds the optimal thresholds @ssification boundaries
in the signal, context and structure features space. Typieghods include artifi-
cial neural networks (ANNSs), discriminant functions angbpgart vector machines
(SVMs).

e Generative model that describes the generative procesgnafl scontext and struc-
ture observations. Position weight matrix (PWM), nearesgimborhood and hidden
Markov models (HMMs) belong to generative models.

e Ensemble that combines multiple classifier for multipletdie@s in order to achieve
a consensus and robust recognition results.

2.4 Promoter recognition in a genome sequence

The main aim of the promoter recognition is to locate the mtanregion in the
genome sequence. In this case we propose a scheme for ¢ppatimoters in a given
DNA sequence segment of human genome of length N in a patididection. Locating
TSS in the promoter region is being taken here. Considermgovindow of length 300bp
extracting from the DNA sequence. These are representbe 't v%'...v7..) feature vec-
tors which are used by the neural network classifier. Eacheofégment gets classified as

9



Table 2.3: Results of three promoterinspector classifiers

Non-promoter set Crossvalidation Evalution set
Promoter Non-promoter Promoter Non-promoter
Exon 82.6 70.6 80.3 75.1
Intron 57.6 80.8 60.3 81.2
3'Utr 65.5 78.6 63.5 77.6

Promoter (P) or non-promoter (NP). If a segment m-(m+29@)assified as a promoter,
then the nucleotide m s annotated as P and if it is classifietbagpromoter then m is
annotated as NP. This process of annotation is continuethéoentire sequence to get a
sequence of Ps and NPs. We proposed that if a contiguous segiriength more than
a certain threshold has all Ps then we annotate that regipnoasoter region otherwise
non-promoter regions[11].

Promoterinspector is a program that predicts eukaryotidigaromoter regions with
high specificity in mammalian genomic sequences. The prnodg?eomoterinspector fo-
cuses on the genomic context of promoters rather than tkaat éocation. Promoter In-
spector is based (refer table 2.3) on three classifiers,hndpecialize in to differentiating
between promoter region and a subset of non-promoter segsi@ntron, exon ang utr).

In contrast to this, PromnFD and PromFind use only one dlagsie the features are ex-
tracted from one promoter set and one set of various non-gersequences. To compare
the two approaches, two versions of Promoterinspectoruile version vl was based on
one st of mixed non-promoter sequences, while version v2owdison the basis of exon,
intron and3’utr. Both versions of promoterinspector were applied taekatron,3’utr and
promoter evaluation sets[10].

The identification of promoters and first exons has been onleofmost difficult prob-
lems in gene-finding. The FirstEF [7] program identifies anpoter region and first exons
in the human genome, which may be also be useful for the atmotaf other mammalian
genomes. FirstEF consists of different discriminant fiore structured as a decision tree.
The probabilistic models are designed to find potential §pice donor sites and CpG-
related and non-CpG-related promoter regions based orirdisant analysis. For every
potential first splice-donor site and upstream promotepred-irstEF decides whether the
intermediate region could be a potential first exon baseds®et af quadratic discriminant

10



functions. Training and testing using different discriamb functions, the first exons and
promoter regions from the first-exon database are usedidpéper accuracy is tested in
two ways. First, a systematic cross-validation analysigeildormed using the data in the
first-exon database; second, the program on the completesegs of human. By using
different models to predict CpG-related and non-CpG-egldirst exons, cross-validation
results predicted that the program could predict 86% of tisedxons with 17%.

Table 2.4: Accuracy of FirstEF based on cross-validation

Exon type Sensitivity | Specificity | correlation coefficient
CpG-related 0.92 0.97 0.94
not CpG-related 0.74 0.60 0.65
all exons 0.86 0.83 0.83

A promoter recognition method named PCA-HPR is used to éoeakaryotic
promoter regions and predict transcription start sitesS§)S Here the autors have com-
puted codon (3-mer) and pentamer (5-mer) frequencies aadedt codon and pentamer
frequency feature matrices to extract informative andrdrsoative features for effective
classification. Principal component analysis (PCA) is mggplo the feature matrices and a
subset of principal components (PCs) are selected forifitag®on. They used three neu-
ral network classifiers to distinguish promoters versusiexpromoters versus introns, and
promoters versus 3’ un-translated region (3'UTR). Thesecampared with three well-
known existing promoter prediction systems such as Dra@m&ponine and FirstEF.
Validation shows that PCA-HPR achieves the best performanth three test sets for all
the four predictive systems.

Promoter prediction systems use two type of features fasdiaation namely, con-
text features like n-mers, and signal features such as TAT BCAAT-box and CpG
islands. Among the favorable promoter prediction prograigonine builds a PWM to
detect TATA-box and G+C enrichment regions as promoter+idgions;FirstEF uses CpG-
related and non-CpG related first exons as signal featuresjd®erinspector uses IUPAC
words with wild cards as context features. Good experimesiilts are achieved by inte-
grating these two types features. DPF applies a separatglemaG+C rich and G+C poor
regions, and selects 256 pentamers to generate a PWM facioed Furthermore, Drag-
onGSF adds the CpG-island feature to DPF. In this papertediéiaree promoter systems,

11



DragonGSF, Eponine and FirstEF to compare the performamd¢esd set 1. A promoter
region is counted as a true positive (TP) if TSS is locatethiwithe region, or if a region
boundary is within 200bp’ of such a TSS. Otherwise the predicted region is counted as a
false positive (FP). The test results of Eponine and FirsiiERest set 2, we adopt the same
evaluation method as DragonGSF when one or more predidatims the region of [2000,
+2000] relative to a TSS, a TP is counted. All predictionsahifall on the annotated part

of the gene in the region are counted as FP [8].

program | True positive| False positive Sensitivity(%)| PPV(%)
DragonGSF 9 14 64.2 39.1

FirstEF 9 12 64.2 42.9

Eponine 9 16 64.2 36.0
PCA-HPR 9 11 64.2 45.0

Table 2.5: Performance comparison of four prediction sgster four human gene

program | True positive| False positive Sensitivity(%)| PPV(%)
DragonGSH 269 69 68.4 79.6

FirstEF 331 501 84.2 39.8

Eponine 199 79 50.6 71.6
PCA-HPR 301 65 76.6 82.2

Table 2.6: Performance comparison of four prediction systeor 22 chromosomes

2.5 Related work

Earlier n-gram based promoter recognition methods wegd tn promoter predic-
tion and its application to whole genome promoter prediciioE.coli and Drosophila[11].
Here we extending the earlier work by extracting n-gramsuwsidg them to identify pro-
moters in human genome. Patterns or features that chazacéepromoter/non-promoter
are needed to be extracted from the given set of promoter anégpbromoter sequences.
Here promoter recognition is addressed by looking at theajlsignal characterized by
their frequency of occurrence of n-grams in the promoteioregn few papers have made
an investigation using nucleotide frequencies as featarpsomoter recognition [9].

12



Chapter 3

Experimental Methods

3.1 Data Collection

3.1.1 DBTSS database

In this project we are using three benchmark data sets. Tdresgenerated in a
collaboration between the Informatics group of the Berk&eosophila Genome project
at the Lawrence Berkeley National Laboratory (LBNL), then@putational Biology Group
at the UC Santa Cruz, the Mathematics Department at Staafutdhe Chair for Pattern
Recognition at the University of Erlangen, Germany. Thesgloase contain three data
sets.

1. DBTSS
2. EID
3. 3UTR

These data sets are collected from website:www.fruitiitydata/seqg-tool/datasets.com.

3.2 Dataset Creation

In this project we are using four data sets.

o DBTSS(23,027).

13



e EID(16,000).
e 3UTR(16,000).
o EPD(1863).

In these data sets DBTSS, EPD are the promoter data sets and,Bxtrons(from
EID) and3’UTR are non-promoter data sets. From DBTSS we have extrpobedoter se-
guences [-250, +50] bp around the experimental TSS. DBT®&uo® 24 chromosomes,
each chromosome has 1000 nucleotide sequences. From EIDLAE we have extracted
non-promoter sequences of length 300 bp.

3.3 Feature Extraction

e Whatis n-Gram?
An n-gram is a subsequence of lengtnfrom a given sequence. The subsequence
in question can be phonemes, syllables, letters, wordss# pairs according to the
application. It is DNA sequence segments in this case.

e To extract the global signal for a promoter, frequency ofuscence of n-gramsis
calculated on the DNA alphabet A, T,G,C.
1. A-Adenine
2. T-Thymine
3. G-Guanine
4. C-Cytosine

e The set oin-gramsfor n=2 is 16 possible pairs such as AA,AG,AC,TA, ... and so on
Similarly for n=3,4,5 are also calculated.

i I ; n =
oVn—mlﬁzﬁél,fOI’ n—2,3,4,5.

fI'=the frequency of occurrence of the ith n-gram feature faréqular n value.

|L|= denotes the length of the sequence.

The features valuelg’ are normalized frequency counts.
N-grams for n=2,3,4 and 5 are computed for both promoter amdpnomoter data
sets.
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3.4 Neural Network Input File Generation (Stuttgart Neu-

ral Network Simulator)

1. n-gram File Generation

2. Pattern File Generation

Promoter prediction in Homo Sapiens is done using n-granurfeaxtraction from the
sequence where n=2, 3, 4, 5. n-gram features are extracteddb training sequence and
these are given to neural network. we use Stuttgart Neuraédtk Simulator (SNNS) for
simulations. Similarly n-grams are computed for test déda.a

3.4.1 n-gram File Generation(Description with an Example)

The 2-gram method extracts various patterns of two consecoticleotide in se-
quence and counts the number of occurrences of the extrpatesi The pair frequency
count of sequence extracted from positive data set is cptsdive bi-gram features and
pair frequency count of sequence extracted for negativae sktis called negative bi-gram
features.

For example, for following sequence, the 2-gram featurésie in the following way.
CCATCACAATGGAAAGAAGCTTCCCTGTCAAGAGGACTCAGCTACAGAAGGEACCA
AATGTGGTAGGAGGGGCCTGTTAATTAGACCAAGGCAGTCACACATCAGCASGTAA
AACAGAGACAAGAGGAGGTGTGGCTGGGCTGGGCTGGATCTTGGATGAATRAGCC
TTCCCATAGGGCAGGATATCCTGTCTAAAACAAGAGCCTTGGTTAAAACCCTATA
AAAGGTTCTCATCACACTGACCTGGTACTCCTCACACCACTTAACAGCCACTGTT
TCATCCCACCTGGGCATTAG

21 for AC (indicating AC occurs 21)

27 for AG (indicating AG occurs 27)

21 for CC (indicating CC occurs 21)

18 for TG (indicating TG occurs 18)

15 for AT (indicating AT occurs 15)

18 for TC (indicating TC occurs 18)

17 for GA (indicating GA occurs 17)

27 for AA (indicating AA occurs 27)

13 for TT (indicating TT occurs 13)

22 for CT (indicating CT occurs 22)

27 for GG (indicating GG occurs 27)

15



15 for TA (indicating TA occurs 15)

13 for GC (indicating GC occurs 13)

31 for CA (indicating CA occurs 31)

14 for GT (indicating GT occurs 14)

For example x4 x5 x1 x4 x2 x5 x1 bi-gram method gives the foifmresults:
1 for x4 x5,

2 for x5 x1,

1 for x1 x4,

1 for x4 x2,

1 for x2 x5

3.4.2 2-gram program Generation

PERL program is used to generate the 2-gram file. This progises FASTA
format sequence as input file and generates bi-gram outpuEample is given below for
sequences are convert the FASTA format sequence files iatbitgram output file. The
bi-gram output file is used for pattern file generation, whgh input file for the SNNS
(Stuttgart Neural Network Simulator).

1)0.07023 0.07023 0.06020 0.05017 0.09030 0.07358 0.00@ED17 0.04348 0.10368
0.04682 0.09030 0.06020 0.05686 0.04348 0.09030
2)0.06355 0.11706 0.05351 0.05351 0.06355 0.05686 0.08@B0D10 0.09030 0.08361
0.04348 0.04348 0.07023 0.04348 0.03679 0.07023

From 3383 sequences it is negative sequence patternsesf@esvith output pattern unit
0.

3383)0.066890.11371 0.06355 0.05686 0.09699 0.056860301L.04013 0.05686 0.09699
0.03010 0.07023 0.04013 0.05351 0.07692 0.07023

6754)0.04348 0.10702 0.07023 0.05351 0.06020 0.066880201.05686 0.02007 0.05017
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0.07358 0.06355 0.07023 0.05686 0.13712 0.05351

Above patterns are for 2-grams for one test set and traihgisilarly
generate the n-gram files for all n=3,4,5 values.

3.4.3 Pattern File Generation

Generate the training set and test pattern files.

The training set will be a mixture of both promoter and noarpoter data sets.

Similarly the test set is also consisting of both promotet aon-promoter data and
is used to evaluate the performance of the classifier.

we have generated pattern files for all DBTSS database, hal&iabase and EPD
database.

SNNS pattern definition file V3.2

generated at mon Apr 04 3:33:30 2010

No. of patterns : 6754

No. of input units : 16

No. of output units : 1

# Input pattern : 1

0.07023 0.07023 0.06020 0.05017 0.09030 0.07358 0.00@HEDD7 0.04348 0.10368
0.04682 0.09030 0.06020 0.05686 0.04348 0.09030

# Output pattern : 1

1

# Input pattern : 2

0.06355 0.11706 0.05351 0.05351 0.06355 0.05686 0.08@3B0D0 0.09030 0.08361
0.04348 0.04348 0.07023 0.04348 0.03679 0.07023

# Output pattern : 2

Upto 3381 sequences it is positive sequences patternsespeel with output unit’1’

# Input pattern : 3382

0.05351 0.07358 0.08696 0.08027 0.08696 0.09365 0.003B¥%82 0.05686 0.08027
0.02676 0.05351 0.06689 0.06020 0.11371 0.01672
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# Output pattern : 3382

0

From 3382 sequences onwards it is negative sequence gateresented with output pat-
tern unit’0’.

# Input pattern : 6754

0.03679 0.04348 0.06689 0.01003 0.07358 0.01338 0.016¥DO3 0.05017 0.06689
0.06355 0.18395 0.01003 0.15385 0.02007 0.18060

# Output pattern : 6754

0

Above patterns are for 2-grams for one test set and trairebgusd as like generate the
training set and test pattern files for all n=3,4,5.
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Chapter 4

Classification

4.1 Supervised Learning

Classification methods can be either supervised or unsigeekv In supervised
learning a set of example pairs(x,d), where x belongs to xaenple set, d is the category
of x are given. A set of training examples are used to trairctassifier. Once training is
complete, same configuration values can be used to testdhda set and estimate the
classification accuracy.

4.2 Feed Forward Neural Network

An artificial neural network (ANN), often just called a "n@limetwork” (NN),
is a mathematical model or computational model based owdicadl neural networks. It
consists of an interconnected group of artificial neurort @nocesses information using
a connection list approach to computation. Most commonaiewatwork is a single layer
Perceptron In this network, the information moves in onlg direction, forward, from the
input nodes, through the hidden nodes (if any) and to theuvuipdes. There are no cycles
or loops in the network. For a given artificial neuron, letrthkem + 1 inputs with signals
ay througha,, and weightso, throughw,,. Usually, thea, input is assigned the value + 1,
which makes it a bias input witly;; = b;. This leaves only n actual inputs to the neuron:
from a, to a,,. Output of j-th neuron is; = (3%, Wj;a;).The output is analogous to the
axon of a biological neuron, and its value propagates totinpthe next layer, through a
synapse. It may also exit the system possibly as part of goubuéctor.
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Figure 4.1: Feed Forward Neural Network

4.3 SNNS Simulation Flow Chart

A neural network consists of units and directed, weightekidi(connections) be-
tween them. In analogy to activation passing in biologi@lnons, each unit receives a net
input that is computed from the weighted outputs of priotsimiith connections leading
to this unit. The actual information processing within thets is modeled in the SNNS
simulator with the activation function and the output fuact The activation function first
computes the net input of the unit from the weighted outpltasof prior units. It then
computes the new activation from this net input (and pogsiblprevious activation). The
output function takes this result to to generate the outptiteunit.
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Input the Training Data

it

1
Setthe |l"|pUI Layer Units,Hidden Layer Units and
Dutput Layer Units of the Neural Network Configuration

Initialize the Initializing Parameters,
— »learning Parameters,weight parameters
and cycle Parameters

Y
Adjusting the Learning parameters ,find the most probable
weights by the training neural network configuration
(First Level of Inference)
b

Estimating the Mean square Error Parametears
(Second level parameters)

N
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Results and Graphs
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Figure 4.2: neural network learning flow chart

4.4 SNNS Simulation

Loading the pattern files

1.

2.

Pattern file for Training
Pattern file for Testing
Pattern file for validation

Gnerate neural network using BIGNET (Details in annes2iy

. Trainning of the neural network is started.
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4.5 Classification Performance

In a binary classification problem the training set will be ixtore of both positive
and negative data sets. Similarly the test set also comgisfiboth positive and negative
data is used to evaluate the performance of classifier. Aahaatwork classifier is trained
using n-grams of training set as input feature vectors amal the test set is evaluated using
by same network. The below figures are depict the averageatepabetween the positive
and negative for n=2, 3, 4,5 respectively. It can be obsettvatthe plots depict the sepa-
rability of promoter and non-promoter data sets in difféfeature spaces.

A feed forward neural network with three layers is used fanpoter classification. The
nodes in the input layer are 16, 64, 256, 1024 features for 872, 5 respectively. The
experimentation is done with different number of hiddene®that give an optimal classi-
fication performance. The output layer has one node to giwesayodecision as to whether
the given input sequence is a promoter or non-promoterldbeimss validation is used to
investigate the effect of various n-gram on promoter cfecsgion by neural network. Av-

erage performance over these folds is being reported. Tdnesgation are using Stuttgart
Neural Network Simulator(SNNS). The classification resalte evaluated using perfor-
mance measures such as Precision, Specification, Seysiti8i 5.4 given these results.
Using these, we would like to find out the efficacy of theseuest in identifying promoter

in human genome [2].
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Chapter 5

Results, Discussion and Conclusions

5.1 Confusion Matrix

In Predictive Analysis a table of confusion (also known a®iafgsion matrix)
is useful in estimating the prediction accuracies. Cowfugnatrix has two rows and two
columns that report the number of true Negatives (TN), f8lesitives (FP), false Nega-
tives (FN), and true Positives (TP). In the field of artifidialelligence, a confusion matrix
is a visualization tool typically used in supervised leagh(in unsupervised learning it is
typically called a matching matrix). Each column of the matepresents the instances in
a predicted class, while each row represents the instanaas actual class. One benefit
of a confusion matrix is that it is easy to see if the systenoisfusing two classes (i.e.
commonly mislabeling one as another). When a data set idamdzd (when the number
of samples in different classes vary greatly) the erroroéteclassifier is not representative
of the true performance of the classifier.

Notations: PPV=Positive Predicted Values, NPV=Negative Predictddasg
Sensitivity=True Positive Rate, Specificity=False PusitRate

TP = True positives, FP = False positives,

FN = False negatives, TN = True negatives
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Figure 5.1: Confusion matrix

5.2 Classification measures

5.2.1 Correct Classification

This specifies the correct classification number of the featu

5.2.2 Wrong Classification

Correct Classification =T'P + T'N)

This specifies the wrong classification number of the feature

5.2.3 Precision

mis Classification {F'P + F'N)

A precision of 100% means the classifier classifies the seg3eh00% accu-
rately. This parameter gives overall accuracy of predict©lassifier predicts positive and
negative sequences, positive sequence prediction is meehsith the parameter sensitivity
and negative predicted sequences is measured with the @@raspecificity.

Precision = (

(TP+TN)

TotalNo.ofpatterns)
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5.2.4 Sensitivity

Sensitivity, or recall rate, is a statistical measure of hneell a binary classifica-
tion test correctly identifies a condition, whether the harhas contain the promoter or not
For example, In this one we have to create the pattern file 2i016 patterns for classifi-
cation of sequences. Out of 27016 patterns with few posatincgefew negative sequences,
the classification output for example is mentioned in thevaliable can be calculated as
follows:

Sensitivity =true positive rate =TP rate= %

A sensitivity of 100% means that the test recognizes alltp@si
classes as positive. Sensitivity alone does not tell us helMie test predicts other classes
(that is, about the negative cases). In the binary classditathis is the corresponding
specificity test, or equivalently, the sensitivity for thier classes. Sensitivity is not the
same as the positive predictive value (ratio of true passtito combined true and false
positives), which is as much a statement about the propodicactual positives in the
population being tested as in the test.

5.2.5 Specificity

A specificity of 100% means that the test recognizes all megatses as nega-
tive. The maximum is trivially achieved by a test that claewery class is negative regard-
less of the true condition. Therefore, the specificity aldaes not tell us how well the test
recognizes positive sequences. We also need to know thigagnef the test to the class,
or equivalently, the specificity’s to the other classes. ¢t teith a high specificity has a
low Type | error rate. Specificity is sometimes confused \iliig precision or the positive
predictive value (PPV), both of which refer to the fractioinreturned positives that are
true positives. The distinction is critical when the classtdifferent size. A test with very
high specificity can have very low precision if there are fawrentrue negatives than true
positives, and vice versa.

Specificity = false positive rate = FP rate :(TA:[Fifr\;ﬂm
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5.2.6 Mean squared error

The mean squared error (MSE) of an estimated pararé(&er
MSE@) = E[0 — 6]

The MSE of an estimatdtwith respect to the estimated paramétes defined
as

MSE@) = var(0) + E[f — 6]

The MSE is equal to the sum of the variance and the squaredfdias estima-
tor

MSE@) = var(0) + Bias?(betab)

Since MSE is an expectation, it is a scalar, and not a randoiable. It may be
a function of the unknown parametérbut it does not depend on any random quantities.
However, when MSE is computed for a particular estimatat thfe true value of which is
not known, it will be subject to estimation error. In a Baygssense, this means that there
are cases in which it may be treated as a random variable.

5.2.7 SNNS Result File Analysis

Algorithm BackPropagationMomentum

Learning Parameters

alpha(neta) Mu C Dmax
Learn rate Momentum term Flat spot elimination Max ignoredrs
0-1 0-0.4 0-0.05 0-0.25

MSE= mean square error
INIT= initialization values
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5.3 Neural network Parameters

5.3.1 DBTSS
S.no| Featureg Input Layer| Hidden Layer| Output Layer
1 2-gram 16 8 1
2 3-gram 64 24 1
3 4-gram 256 64 1
4 S-gram 1024 256 1

Table 5.1: Network Configuration of SNNS. Which shows i) Nianbf Input Layer Nodes
i) Number of Hidden Layer Nodes and iii) Number of Output EayNodes for DBTSS
datase.

In this project we generate parameter for input layer,hiddger and output layer. Then
connecting full-connection between the input, hidden antpuat layer and connect the
configuration set for input layer, hidden layer and outpyétdor DBTSS.

5.4 Best Performance values

In this project we are using the best network configuratiarbféold cross valida-
tion. The tables 5.3 gives the results for data sets. Cleagdn of both promoter (DBTSS
data sets) and non-promoter is best for n=4. precision a&f%2 Specificity of 86.5%,
Sensitivity of 64.2% and PPV of 89.2% are obtained for this derecision of 72.5%,
Specificity of 81.8%, Sensitivity of 67.4% and PPV of 87.2%r promoter set containing
of DBTSS and EPD data sets. The result show that for DBTSS ma#h deatures give
the better performance than other n-grams and for EPD n=8 fgatures give the better
performance than other n-gram features.
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S.No| Features | Precision| Specificity | Sensitivity| PPV
1 N=2 gram || 0.68463 | 0.84048 0.57364 | 0.83513
2 N=3 gram| 0.70851| 0.81923 0.63906 | 0.84882
3 N=4 gram | 0.72419 | 0.86507 0.64323 | 0.89239
4 N=5gram| 0.76556 | 0.69432 0.80824 | 0.81527
Table 5.2: Best Accuracy Values for DBTSS
5.4.1 DBTSS

5.5 Discussion

In proposed approach human promoters are classified usiagralmetwork clas-
sifier. Since the optimal features are not known we startasisdication model with with
minimum number of features n=2 and incrementally increas@aximum number of fea-
tures. The features are given as input to a single layer f@®dhfd neural network. Back
propagation momentum learning algorithm using is used&ming of the neural network.
Algorithm parameters are : i) learn rate ii) momentum teinjnFlat spot elimination and
iv) maximum ignored errors.

Different number of feature values are used to arrive at #s performance.
Test results are measured using measures such as presaificity and sensitivity and
PPV. Maximum accuracy achieved using SNNS is 89.2% in the 0&®BTSS data set.
The best accuracy values of the results are tabulated imkie $.3 in chapter5.

In this experiment, we focus on extracting the statistieatdires. There is evi-
dence of a statistical preference in terms of codon usagerpatn protein coding regions.
The majority of promoter prediction methods available nangatly extract a limited num-
ber of context features from sequences. Here we are not @oinpdeature selection and
using the entire set of n-grams.

In this project Classification of both promoter (DBTSS d&tg and non-promoter
is best for n=4. We obtained a precision of 72.4%, specif@i§6.5%, sensitivity of 64.2%
and positive predctive value of 89.2% for this set. The teslwbws that for DBTSS n=4
gram features give the better performance than other ngyréhe results here consolidate
the results obtained for Drosophila Melanogaster in thekvdmne by Sobha et al. They
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obtained best performance results for n=4. Does this theketiagrams as a special pa-
rameter for the eukaryotes is needed to be further investi§a

5.6 Conclusions

A study of the n-gram (n=2, 3, 4, 5) as features for a binaryralenwetwork clas-
sifier is done. In human genome 4-gram features give the amalpperformance with
neural network classifier. The results show that the classi@in result 4-gram are better in
identification of the promoter than the other n-grams. Hupramoter classification gives
the better accuracy results of 89.2%.

5.7 Future work

As the future work two probelms can be addressed:

1. Application of n=4 grams for promoter prediction in whgienome.

2. Promoter identification and prediction of other highekayote genomes can be
done. We can further focus on the association between pi@wcand TSS or gene
starts.
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Appendix A

Annexture-1

A.1 Data sets

In this project we are using DBTSS, EIBUtr and EPD data sets. DBTSS and
the EPD are the promoter datasets and BIDtr are the non-promoter data sets.

1. DBTSS.
chrl
CCATCACAATGGAAAGAAGCTTCCCTGTCAAGAGGACTCAGCTACAGAAGAAC
CAAATGTGGTAGGAGGGGCCTGTTAATTAGACCAAGGCAGTCACACATCARAG
GTAAAACAGAGACAAGAGGAGGTGTGGCTGGGCTGGGCTGGATCTTGGATSAT
CAAGCCTTCCCATAGGGCAGGATATCCTGTCTAAAACAAGAGCCTTGGTTAAA
CCCCTATAAAAGGTTCTCATCACACTGACCTGGTACTCCTCACACCACTTACA
GCCACTTGTTTCATCCCACCTGGGCATTAG

AGATGCAGGAGGAACCCCTCTCAAAGAGCGCCACGGAGAAAACTTCAGAGACGG
GCGCGATGATCCAGCACAACGCCAGGACCTGCAGCCCAGCCCACCTCTCCGGG
CTGCTGTGGCGCAGGCGCAGTGGCGCCGCGCTCCGGCCCCAGCGCGCATGTG
CCCGGCTGCGGCGCTTCGGGCAggceggecggcggeggeggeggeggegdGRG&ESAGTTTCC
GCTTTGTACTCCACCCCGGTAGCAGCTCCGCGGCAGGGACAGCTTCCTCCG
GACGCTTGGCGGGCTTCGCTCT
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CATCCCAGAGACTACCCTTTTCTCCATAGACGTGACCATCAACCAACCAGG
GTCAGAATCAGTCAGCCTCTGTCATGTTCCTAGGTCCTTGGCGAACTGGET
GGCGGGGTCCCAGCAGCCTAGGAGTACAGTGGAGCAATGCCTGACGTAAGET
AACAAAGATCACGTGAGACGAATCAGTCGCCTAGATTGGCTACAACTAAGTG
GTTGGGAGCGGGGAGGTCGCGGCGGCTGCGTGGGGTTCGCCCGTGACATAA
TACAACTTTGTGCTGGTGCTGGCAAAGTTTGTGATTTTAA

In DBTSS there are 24 chromosomes. Each chromosome corit@@ihriucleotide
sequences of the length 300 bp.

. EID

EID consist of exon and intron data sets. These are non-gesrdata sets.

1.Exon

chrl
ATGCGTAGACACACACATCCTTACTCTGCGCGCATCCCTGGCCTGGTGGAR
GAAGATCGAGCGCTCTGGGTGGACTTACGGCCACAGGACGGGGGCAGAGTC
GCAGGGAGGCCCCTCCGAGGCCCAGTGGGCCCTGCGCTGGLCCCCGGLCCGCA
ACGCCGCCGCGGTGGGGTGGGCGGATTCCCCCGGAGCAGGCCCAGGLCCECT
CTCCTGAGCTCTCCTGCAGCGCCGCCTGCTGGCCACAGAGAGCCCACGTGC
CCGGCCGCCAGGCCTGGGCATCTCCCCTCCTGCAGCGCCG

2.Intron
gcatgaaaggctggccaggttggctaaatgggaccacagcagaageatgagpatgtgcacgaaggaagagagagce
cgggggaggtggcgggcetgggtgtgcagagtgggcctgagctccggecttggacgcecctcececgtggecgcageag
ggtcatgaggggagctgacttctgattagggcatttcatccttctctgeagctgagaactggtcagcectcactccecttgetg
agaccaatagcaacccctgatgatctcgccacaggtccagcaggtgeccca

. 3'Utr
AGCATTTTCTTGATGACCCTGCACAATACTGTGAGGAAAATTGACTGCAGAA
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GCCTACTTCACACCGCCTTCTCTTATTTTCTGCCCATTGATAAACCTCTCC
CATATTTTGCAAAGAGGAAATTCACAGCAAAAGTCCACATTATGTCAGCTTT
CTCATATTGAGAGCTCTGCTATGCCACTGTTGAATTTTTCCCAAGATTCCG
TCCCTAGCCCTCACTTCAAACTCTGCTTCCTTGGACAGATTTGGCAATAGT
TTGTAAGTGATGTGGACATAATTGCCTACAATAATGAAAA

. EPD
CTGTCGGTGACATCACGGATAGGGCGACTTCTATGTAGATGAGGCAGCGGAG
GGCTGCTGCTTCGCCACTGGCTGTTTCACCACGAAGGAGCTCCCGTGCCGHE
GAGCGGGTTCAGGACCGCTGGTCGGACCTGAGGGTCCCAGCTGTGTGTCAG
CTAGGAAGGCTCGGGGGTGCGCGGGGCAAGTGACCATGTGTGTAAAGGG G
GTATATGGAGCTGTGACAGGGCAGAAGTGTGTGAAGTCATACTTACCTGGEG
GGGAGATACCATGATCACGAAGGTGGTTTTCCCAG
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Appendix B

Annexture-2

B.1 Generate neural network using BIGNET

step 1: Loading the pattern files of
1. Pattern file for Training
2. Pattern file for Testing

3. Pattern file for validation

4. The Graph file will be between these two files and the findligrahe simulation
stops, the promoter pattern file of validation is used andltesre stored through
step 8.

Note: After loading the protein pattern file of validation simudats should not be

run, thisfile is only used to save the results on the trainomgedor the neural network
with that configuration, by clicking on the File button in SSNnanager panel and
clicking on the Res button for storing the results with the fiame of your choice.

step 2: Generation of Bignet in general type

1. Input Layer
X-direction : 1
Y-direction: 16
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2. Hidden Layer
X-direction : 1
Y-direction : 8

3. Output Layer
X-direction : 1
Y-direction : 1
In this way We calculate the n =3, 4, 5.

4. Connecting full-connections between the input, hiddeh@utput layer.
5. Creating the Bignet for the configuration set for inputlden and ouput layer.
step 4. Setting the Training functions:

1. learning function: Backpropagation Momentum (Feed feodA_earning)
Setting the four values for this function
1. Learnrate (range : 0to 1)
2. Momentum term ( range: 0 to 0.4)
3. Flat spot elimination ( range: 0 to 0.05)
4. Max ignored errors ( range: 0 to 0.25)

2. update function: Topological order
3. initialization function: Randomized weights ( range.0®to 0.05)
step 5 : control panel settings

1. valid option : 1 (for enable valid graph visibility)
O (for disabling valid graph visibility)

2. pattern: 1 ( by defaultitis 0)
3. cycles: 1to0 50,000
step 6: Simulation Graph

1. From SNNS manager Panel by clicking the graph button, iGodpimulation can be
seen

2. Graph for Mean Square Error setting (MSE)

3. Grid Layout for pointing out the graph location

39



B.2 Backpropagation Learning Algorithm

Initialize the weights in the network (often randomly)

Do

For each example e in the training set

O = neural-net-output(network, e) ; forward pass

T = teacher output for e

Calculate error (T - O) at the output units

Computedw;for all weights from hidden layer to output layer ; backwaesg
Computedw; for all weights from input layer to hidden layer ; backwargpaontinued
Update the weights in the network

Until all examples classified correctly or stopping cribersatisfied

Return the network

B.2.1 Backpropagation algorithm summary
1. Present a training sample to the neural network.

2. Compare the network’s output to the desired output framh sample. Calculate the
error in each output neuron.

3. For each neuron, calculate what the output should have, lagel a scaling factor,
how much lower or higher the output must be adjusted to méeldésired output.
This is the local error.

4. Adjust the weights of each neuron to lower the local error.

5. Assign "blame” for the local error to neurons at the presidevel, giving greater
responsibility to neurons connected by stronger weights.

6. Repeat the steps above on the neurons at the previousdsiveg each one’s "blame”
as its error..

step 7: Simulation start and end from control panel
1. Clicking on Reset button, the Bignet learning weightsraset to 0
2. Clicking on Init button, the initialized to values set hretcontrol panel

3. Clicking on Shuffle button, shuffles the pattern featuoestért simulation
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4. Clicking on All button, simulation starts and could bers@ethe graph and display
window

5. Clicking on Stop button, simulation stops
step 8: Saving Results
1. Clicking File button, from SNNS manager panel, the filewser is displayed
2. Click Res button, type the result file name and click Sawhuor saving the file

3. Atfter clicking on Save button Result File Format windoveop where we can choose
start pattern, end pattern,result file mode, include inpiitepns and include output
patterns.

4. Default Settings for result file storage start patterr bal 1
end pattern will be number of patterns and pattern file hgs28@16
include input patterns will be no
include output patterns will be yes for easier result filelysia.
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Appendix C

Annexture-3

PERL program is used to generate the pattern files, whiclpig iiile for Stuttgart Neu-
ral Network Simulator.
for example:
1. Test file:
SNNS pattern definition file V3.2
generated at Mon Apr 04 3:33:30 2010
No. of patterns : 6754
No. of input units : 16
No. of output units : 1
# Input pattern : 1
0.07023 0.07023 0.06020 0.05017 0.09030 0.07358 0.00@EDD7 0.04348 0.10368
0.04682 0.09030 0.06020 0.05686 0.04348 0.09030
# Output pattern : 1
1
# Input pattern : 2
0.06355 0.11706 0.05351 0.05351 0.06355 0.05686 0.08@3B0D0 0.09030 0.08361
0.04348 0.04348 0.07023 0.04348 0.03679 0.07023
# Output pattern : 2

Upto 3381 sequences it is positive sequences patternsespeel with output unit’1’
# Input pattern : 3382
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0.05351 0.07358 0.08696 0.08027 0.08696 0.09365 0.003B¥%82 0.05686 0.08027
0.02676 0.05351 0.06689 0.06020 0.11371 0.01672

# Output pattern : 3382

0

From 3382 sequences onwards it is negative sequence gagenesented with output pat-
tern unit’0’.

# Input pattern : 6754

0.03679 0.04348 0.06689 0.01003 0.07358 0.01338 0.016¥DO3 0.05017 0.06689
0.06355 0.18395 0.01003 0.15385 0.02007 0.18060

# Output pattern : 6754

0

2.Training file:

SNNS pattern definition file V3.2

generated at Mon Apr 04 3:33:30 2010

No. of patterns : 27016

No. of input units : 16

No. of output units : 1

# Input pattern : 1

0.04682 0.01003 0.09030 0.10368 0.10368 0.04013 0.00QB6G3 0.03010 0.04348
0.06020 0.08361 0.01003 0.08696 0.13378 0.05351

# Output pattern : 1

1

# Input pattern : 2

0.05017 0.07358 0.10702 0.03010 0.05017 0.09365 0.016¥2616 0.06689 0.06020
0.06020 0.08361 0.05017 0.07692 0.03679 0.11706

# Output pattern : 2

Upto 13524 sequences it is positive sequences patterresesped with output unit '1’

# Input pattern : 13524 0.03344 0.02676 0.08361 0.0836136:08.07023 0.01003 0.07358
0.03344 0.04682 0.06355 0.05017 0.06020 0.04682 0.1889907

# Output pattern : 13524

1
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# Input pattern : 13525

0.01672 0.09699 0.06355 0.00669 0.02676 0.06020 0.12®0HE9 0.14047 0.02676
0.05686 0.06020 0.05017 0.05017 0.02341 0.19398

# Output pattern : 13525

From 13525 sequences onwards it is negative sequencengatégaresented with output
pattern unit'0’.
# Input pattern : 27016
0.04013 0.01672 0.05686 0.07692 0.16388 0.08696 0.00@HEHY9 0.04348 0.06355
0.02676 0.07692 0.06689 0.06689 0.11371 0.03344
# Output pattern : 27016
0
Above patterns are for bi-gram for one test set and traine@igand as like Generate the
training set and test pattern files all n=3,4,5.
when given the above pattern file gives to input file for StttdgNeural Network
Simulator. Here PERL program is use to calculate the valae®fecision, Specificity,
Sensitivity, promoter prediction value(PPV).After siratd the above file we have to cal-
culate the Precision, specificity, Sensitivity, PPV valt@sach n-grams.
SNNS result file V1.4-3D
generated at Tue Mar 2 23:47:21 2010
No. of patterns : 27016
No. of input units : 16
No. of output units : 1
startpattern : 1
endpattern : 27016
teaching output included

#1.1

1 ——>Expected value
0.45925 ——Actual value
#2.1

1

44



[ =

FILE CONTROL THFD | _DrsPLAY | [SDDISFLAV] [ GRAPH | [ BIGNET
PRUNIHG | [ CASCADE | [ KOHOHEN | [CWEIGHTS | FROJECTION| [ANALTZER | [THUERSION
FRINT HELF CLASSES auIT

Ho & = =3
snns-control pattern: 1tr ——
siEPs i [0
CYCLES [1000]] t
LAETERE (L L]

(=] (] e
vALID  [1f] 1test

LEARN  [0.20  |[o.a0 ][o.0s0 [[o.250 |
UPDATE
REHAP

Init, func: Randonize_Weights

Print to file:

Scale %:[4] [¥] Scale *:[{][¥] Display:[ HSE |

#13525.1
0
0.76407
#13526.1
0

#27016.1
0
0.47119

] £ 5 ] g 5 I &
5 & = & 4 B 2 o

| B B el i e B e W

2
2

H
%

B
]

=° l-:
3 g

I
£
G

e
3

o
S

=

=

h

=
&
13

s

o

S5
8
&

SEmNE
b b

I

2
I
b

Figure C.1: SNNS simulation diagram.

In this way we are calculate results for pattern files of n=3,4.
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