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i Gene Finding

= Genomes of many organisms have
been sequenced
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Genome

Faires de bazes
04, T, 3,00
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Completely Sequenced Genomes

superkindom -= kindom -= phylum -= class -= order -= family - = (genera. species)
Example: eukaryote - amimal - chordata [spinal cord] -= mammalia [suckle young] ->= primate [most highly
developed] -= homimdae [two-legged] -> (homo sapiens) [human, modern human]
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Superkindom Kindom page How many genomes Last update

Archeabacteria : arch 16 Jul-09-02
Bacteria bac 89 jan-13-03
Eukaryote Fungi veast 2 apr-14-02
Eukaryote Protozoa protozoan 1 jan-13-03
Eukaryote Plant plants 2 apr-15-02
Eukaryote Animalia Worm 1 apr-14-02
Eukaryote Anmimalia msect 1 apr-14-02
Eukaryote Animalia mouse/rat 2 jan-18-06
Eukaryote Animalia domestic anumals 2 jan-19-06
Eukaryote Animalia human/chimpanzee g jan-18-06



i Gene Finding

= More than 60 eukaryotic genome
seguencing projects are underway
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Human Genome Project (HGP)

= To determine the sequences of the 3 billion
bases that make up human DNA
= 99% human DNA sequence finished to 99.99%
accuracy (April 2003)
= To identify the approximate 100,000 genes in
human DNA (The estimates has been changed
to 20,000-25,000 by Oct 2004)

= 15,000 full-length human genes identified (March
2003)

= To store this information in databases
= To develop tools for data analysis
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i Gene Finding

= Genomes of many organisms have
been sequenced

= We need to decipher the raw
Segquences
= Where are the genes?
= What do they encode?
= How the genes are regulated?
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i Gene Finding

= Homology-based methods, also called
“extrinsic methods'
» It seems that only approximately half of the
genes can be found by homology to other
known genes (although this percentage is of

course increasing as more genomes get
sequenced).

= Gene prediction methods or "Intrinsic
methods’
= (http://www.nslij-genetics.org/gene/)
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Machine Learning Approach

Split data into a training set and a test set

Use the training set to train a classifier

Test the classifier on test set

The classifier then can be applied to novel data

Training data

!

Machine
Test data Learning Bloglel
algorithm | data
Evaluation Classifier —
of classifier Prediction
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i Data, examples, classes, classifier

ccgctttttgccagcataacggtgtcga, 1
accacgttttttgccagcatttgccagca, 0
atcatcacgatcacgaacatcaccacg, O

9/1/2006

10



i N-fold cross-validation

3-fold cross-validation

E.Coli K12 Genome

4,639,675

Training Set

Test Set

Round 1

Round 2

Round 3

9/1/2006
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Machine Learning Approach

Training data

!

Machine
Test data Lesiiine go,:/el
algorithm | data
Evaluation Classifier —
of classifier Prediction
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Gene-finders

Mame

EE.

GEMNZCAN (seetns the most

accurate)

GEATL

Genlang
GenView

GenebFinder(FGENEH, etc.)

Genell)
Geneldark
eneParser

(Jenie

Ghmmer

MORGAN
MZEF
MetPlantGene
Q1
FROCRIIETES
Sotfind

WEIL

Ilethods
Discriminant Analysis

Sermt Matlow Model

Meural Metwotl:

Definite Clause Grammer

Linear combmation
LD

perceptron, rules
Sth-Marlow
neural networlkes

GHD

terpolated Markow models
(IIs)

Decision Tree

Quadratic Discrimmmant Analysis
Combined Neural Networles
decision tree

spliced alignment

rule base

HI 1

Drgatistn

Hutman, Arabidopsis

vertebrate, caenorhabditiz, arabidopats, maize

hunat, tnouse, arabidopsis, drosophila, E col

WVertebrate, Drosophila, Dicot

Human, Mouse, Diptera

Human, E. coli, Drosophila, Plant, Mematode,

Teast

Vertebrate

Llmost all model orgatism
Human

Human (vertebrate)
tricrobial

vertebrate

Humarn, mouse, Arabidopsis, Pombe
A thaliana

Hutman

vertebrate

Hurnan

vertebrate

Access

WA Cstanford), WWIW (WTT)

WWW (OEDML or JAPATT

W vy Bmail

W W Ernail

W W Ernail
W W Ermail
ftp from the (ATATW page)



i Gene Finding

= Finally, the machine learning method
we are going to implement for the final
project

9/1/2006
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i Markov Chains

= A stochastic process has the Markov property Iif the
conditional probability distribution of future states of
the process, given the present state and all past
states, depends only upon the current state and not
on any past states, I.e. it is conditionally independent
of the past states (the pat/ of the process) given the
present state. A process with the Markov property Is
usually called a Markov process.

= A Markov chain, named after Andrey Markov, Is a
discrete-time stochastic process with the Markov

property.

9/1/2006
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Markov Chains: CpG islands

= The CG island is a short stretch of DNA in which the
frequency of the CG sequence is higher than other
regions. It is also called the CpG island, where "p" simply
Indicates that "C" and "G" are connected by a
phosphodiester bond.

= Whenever the dinucleotide CpG occurs, the C nucleotide is
typically chemically modified by methylation.
= C of CpG is methylated into methyl-C.
= methyl-C mutates into T relatively easily.
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i Markov Chains: CpG islands

Thus, in general, CpG dinuclueotides are rarer in the
genome. F (CpG) < f(C) * 1(G).

Methylation process is suppressed before the “starting
point” of many genes.

These regions (CpG islands) have more CpG than
elsewhere.

Usually, CpG islands are a few hundred to a few
thousand bases long.

Identification of CpG islands is important for gene
finding.
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Markov Chains: CpG islands

APRT
(Homo Sapiens)

9/1/2006

CCOGGEETCOGEE0E GEEAACACCCGCCT CAACGGECAGSECCCAT COGLGAGAGSCCAGCG
CCCCOGECUGETCCAGCCCAGECCCGCCGCCTCOGCCCT GEECTECTCCCT COGEECCCT
GCACCGCCCTCCTGCTACTTGEGACCGCTTCCTCACGCCCTCCTCCACCCOGUGUGCCAGT
CTCCOGUGUGCAGCGT GEEEAT CTOGECCAAT AAACCACAAL CEECGUGEECOGTACGOE
CGCCAGET GUGT Gl GAGACCAGCT CACGCCCCTCCT CCAGCOGCCAAGECCCOGECCC
ACACCTECCT GECT GCAGT CAGAACC GTAGCCOGAGACAACCAACCEOGCCTTGACTCGE
ACTTTTETCOGETTCGAACGTT CTGCTCAGTGET GOGT GEAAT COGAGCGUGTCTTARAR
TCGATGGOGCCTAGZAGT CCAT GAAATACG CTACAGGCTT CUGGUGACGEAT GCCCOUGCT
CCTCACCCACGCTCOGCCCTCOGEGEEAT GCCCCACCCCTCGTCEUGETCCOGCCOGETCCT
CGOGCAGGOGCGCTOGGECTGCCGL T GECTCTTOGCACGUGIZCC GCCGACTCOGAGC
TGCAGCTGETTGAGCAGCGGATCCGCAGCTTCCCCGACTTCCCCACCCCAGGUGTGGTAT
TCAGGT EZCACGCACACGCGCOGCCCTOGT GECGCCCCGACCT GUGEECCTACCGEAATT GEE
GCTECTETGETTACAGT GECCT T GEEAGCT CAGAGAGST T GAGACATAGECT GEECT CAC
ACACCCACGCETAACACCAGGET GEEETTEGEACGT CACGCETCTAGCSET SECACCT GCCAAGCTT
GTECAACAAAGCTGTTTTCTGOGGEAGGCTGAGGACCACACACCACTT CCCACT CCAGGT
TGAGCTGGAGATTCAGARMAGACGCCCTGGAGCCAGGACAGAGGGTGGTCGTCGTGGATGA

TCTGCTGEOCACTGGTGET AACCET CTCCCCGCAGOCAACT SCTET GECT CCAAGESCCT

GETGEEAGT GEEACAGEACCTCOGCTGT GT GACAT GEEATGCAGCTTACTGTT GT CCAGAG
GETGCCTEET GECCACGECCGACACCTTCCTCTCCCCATGCCTTCCCCT CCCCAACCCAGS
GECTGECCT GEAGCACCTGCTCTCT GCAGCCCACGECCAACT CEEEACCT CACCCTCCCAT
CCCCAGGRAACCATGARM GCTGCCTGTGAGCTGCTGGGCCGUCTGCAGHCTGAGEGTCCT GG
AGTGCGTGAGCCTGGTGGAGCTGACCTCGCTTARGGGCAGGGAGANGCTGGCACCTGTAC

CCTTCTTCTCTCTCCTGCAGT AT GAG CCACAGGECCTCCCAGCCCARCATCTCCAGT

18



i Markov Chains : CpG islands

States: ACGT
Emissions: corresponding letter
Transitions: ag; =P(x; =t | x.1 =5)

9/1/2006
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i Markov Chains : CpG islands

The probability that a sequence x is generated by a
Markov chain model

P(x)=P(x,.x;.....x )
= P(X, Xy X,_ ) PO, | X0 X000 X, )

= P(X, X000 X, 5 ) P(x, | XXX, ) P(x, [ x.x,,...x, )

= P(x,)- P(x, | x)... P(x,, | %), %5500 X,y

By applying many times of
P(X,Y)=P(X)-P(Y | X)

9/1/2006 20



i Markov Chains : CpG islands

One assumption of Markov chain is that the probability
of x; only depend on the previous symbol x ,, I.e.,

P(:‘:ﬂ ‘Il..xl.......l‘ﬁ_l)= P(J:ﬂ “’Tn—l)
Thus,

P(x)=P(x) - P(xy [ X)) P(x, | X}, X500, X, )
= P(x;) - P(x, | x)... P(x, | x__,)

—1
— P(il?l) H?:l @:r.i,:r?-a+1
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Markov Chains : CpG islands

Training the model, I.e., estimate the transition
probabilities g, =Pxx,=t|x.;=5s)

Maximum likelihood (ML) approach is used to
estimated the transition probabilities

C
d, = Zs(tl Where C, /s the number of times that letter t
st”

followed letter s

©
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Markov Chains :

= A set of CpG islands
(CpG model)

15t row: The probabilities
that A is followed by each
of the four bases.

The sum of each row is 1

= A set of sequences that
are not CpG islands

(Background model)

9/1/2006

CpG islands

+

A

C

G

T

H Q@ 0

0.180
0.171
0.161
0.079

0.274
0.368
0.339
0.355

0.426
0274
0.375
0.384

G

0.120
0.188
0.125
0.182

y i

H G N

0.300
0.322
0.248
0.177

0.205
0.298
0.246
0.239

0.285
0.078
0.2

0.292

0.210
0.302
0.208
0.292

23



i Markov Chains : CpG islands

= Glven a sequence X, does it belong to CpG islands?

Log likelihood ratio of CpG model vs background model

P(x|model +)
0
8 P(x|model —)

If the log likelihood ratio >0, then x belongs to CpG
Islands.

9/1/2006
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Markov Chains : CpG islands

10 : ' ; N

04 -03 -02 -0.1 0 0.1 02 03 04
Bits

Figure 3.2 The histogram of the length-normalised scores for all the se-
quences. CpG islands are shown with dark grey and non-CpG with light _
grey.



Markov Chains

s 1st-order Markov chains
s Kth-order Markov chains

A sequence 11, 9, ... of random variables is a
k-th order Markov chain if, for all i
P(I"i | T1.,22,... rm’i—l) - P(*TL | Li—ksTi—k41s--- 3:1-"'11—1)

i.e.,it" valueis independent of all but the
previous k values

= Inhomogeneous Markov chains
= Semi-Markov models

9/1/2006

26



Prokaryotes vs. Eukaryotes

= Prokaryotes are organisms without a
cell nucleus.

= Most prokaryotes are bacteria.

= Prokaryotes can be divided into Bacteria
and Archaeabacteria.

= Eukaryotes are organisms which a
membrane-bound nucleus.

9/1/2006
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i Prokaryotes vs. Eukaryotes

= Prokaryotes’ genomes are relatively
simple: coding region (genes) vs. non-
coding region.

= Eukaryotes’ genomes are complicated.

9/1/2006
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Eukaryotic genes

Startcodon codons  pgnor site

CGCO N ([e[e[=) § [ [«[o.V XS {IGTGAGTGAG
Transcription
start
/ Exon
Promoter 5'UTR

Acceptor site

Intron

Poly-A site

Stop codon GGCAGAAACAATAAA'-TS(#.Ts
GATCCCCATGCCTGAGGGCCCCTC 7‘

9/1/2006
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