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i Gene Finding

= Summary of the project
= Download the genome of E. Coli K12

= Gene-finding using kth-order Markov chains,
where k=1, 2, 3

= Gene-finding using inhomogeneous Markov
chains
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Non-Coding Regions

The rest of the genome that are not labeled as gene or
complement does not encode genetic information. These
regions are non-coding regions.

The following figure shows that the positive chain is
divided into three types of region: gene, non-coding
region and complement region.
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i 1st-Order Markov Chain

= Since there are three types of regions on
the sequence we have, we will develop
three models corresponding to them:
gene model, non-coding mode/ and
complement modadel.
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i 1st-Order Markov Chain

s For these models, we use the same structure as
we shown In the example of identifying CpG

Island.

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

The structure of the 15t-order Markov chain model.
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1st-Order Markov

= Then, each model Is
reduced to a transition

This ig the

probability table. Here *i¢/"

Chalin

End state

A C G T

IS an example for the
gene model (1st-order ™
Markov chain). We will
need to estimate the
probabilities for each

H Q 0O X

0.180 0.274 0426 0.120
0.171
0.161
0.079

model.

The probability that the C state transit
mto G
probability that you will zee a C
followed by a G on the genome
seuence

gtate. In another word, it the
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1st-Order Markov Chain

Now we have three models, 1.e. three probability tables. Then, how are we gomg to
make predictiong using them? For example, we have a sequence X=x;x,v;...x, where
X; e {A, T, C, G}. Then, the probability that this sequence belongs to gene is given
ln-'

gene L*Tj geneLle gEHE!LTE | le gong (TE |_"i'2."i:'1j 1 oto gengLT | T -1 n 2 le
gene(le gene (TE | 1ri-1) gene(TE |T2j gene(T | Xy 1j

= P e (X)) gy (X0,X)) - € (X5, X3) - g (X, X))

geneLle 1_[ =3 geneLT l‘iTs)
Where a,,, (x,_;,¥,) 18 the transition probability from x;; to x;in the gene model, and

P (X)) 18 the prior probability that x; appears m genes, that 15, the fraction of the

letters m genes that are x;
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i 1st-Order Markov Chain
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Kth-Order Markov Chain

gene L*Ti j gene LTI\J gene LTE | TI) gane LTB | 'TE'TI) . genef\T | Tn 1 n - le
gene LTI\J gene LTE | le gene LTE | 'TEJ " geneLT | A 1\J
- Pgene Lle ﬂgene LTI sz ’ ﬂgene LTE 'T3) J oo, gene L'Tn—l 2 'Tn)

geneLle 1_[ -3 geneLT 1 Trj

The assumption by 15t-order Markov chain is that x,,Is
iIndependent of x,_.x, _....X; given X, 4, I.€e.,

gene{\T |Tn I"'n-1- le — Pgene('Tn |'Tn—1)

T]. L TE ."TE e 'T?’!—]. » 'TH T]. > TE » TB T L T

[ —|—_I
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Kth-Order Markov Chain

X—>X,—>X, X —» X ,
! 2 | 3 n-1 n Pgm(xn|.Tn_1.*rn_2....*r1)

1%t-order

.Tl_.' .TE_F.TE e .Tn_l_.' X

— B (3 | X, 1%, 5X)) = P (X, 1 3,)
2nd.order

.Tl L .Tz .I'TE e .Tn_z » .T 1 Lt .T

Fane (X | Xy 1%y 3--%1) = P (X%, | %,11%,5)

kit-order

'T]__"TZ_."TE - xﬂ_;r"' .Tn_z » 'T?’l—l L .Tn

Foane (N | Xp1Xn-20-%1) = Fgng (X, | X, 4%,5)



i Kth-Order Markov Chain

= When K=2 is used, the changes in the method

include:
= (1) The size of the transition probability table for each

model will become 16*4.
A & T (3

AA

AT

AC

AG

TA

TC

TG




Kth-Order Markov Chain

(”) The fm‘muh used n CﬂlClﬂﬂTﬂlE the p1‘0babi]i’rie~'4 change to

gene (*11 ) gene (Tl) gene (TE | 'Tl, gene (TE | TE Tl U gene (T | T

— Pgene(le Pgene (TE |'T1f gene(xTE | TETI : gene(T | T -1 n Ej

geneLTlTE) 1_[ =3 gene( —2%e lﬁTs)

When other value of K 1z uged, sumilar changes apply.
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i Kth-Order Markov Chain

K=1,2 ...

One model for each type of sequence: gene, complemernt,
and non-coding.

Every position in the same type of sequence Is considered
the same.

But there are some differences between different
positions.

We need new methods to address these differences.
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‘-thomogeneous Markov Chains

= When DNA is translated into proteins, three bases (the
letters for DNA, which are A, T, G, and C) make up a
codon and encode one amino acid residue (the letter for

Proteins).
Codon1 Codon2 Codon3 Codond4 Codon5
DNA CAACGTCCGACAAGT
Y Y Y Y Y v
MANA QUUGLUAGGLUT .
\ Y Y \J Y Y
Protein - Alanine Glycine Cysteine Serine
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ilnhomogeneous Markov Chains

= Each codon has three positions. In the previous
models (referred as homogeneous models),
we do not distinguish between the three positions.
In this section, we will build different models
(referred as /nhomogeneous models) for
different positions.
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Gene Models

= The gene model will be split into three models,
each for one codon position:

. FPosition 2
agene co de 1 position 1 _ Position 3
agene _code?2
DNA CA

Y Y Y Y Y L |

agene Codes mBNA auue a ' a
- v Y Y Y Y Y

Protein - Alanine Glycine Cysteine Serine
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* Gene Models

 peme codel & pome  coded  pene codd
?:;muj A C G T L;:;mt: A c G T E:mu}

A | A A

C | C C

G | G G

T i T T
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Gene Models

= In the prediction stage, for a given sequence X=Xx,X,X;...X,,
we will have to calculate three probabilities.

(1) The probability that X 12 a gene sequence starting with position 1.
XXX X X X X, X,

'"_‘f_'l
Codon Codon Coclon

Pgene_codel (‘1 ) = Pgene _eodel (‘Tl ) : ngene _codel (‘Tl » X3 ) : ngene_coa‘eE (‘TE » X3 ) : ngene_codeB (‘YB » Xy ) :
ﬁgene _eodel L'T-’Jr * 'TSJ : ﬂgene _ecode 2 L'TS * 'Tﬁ j ’ ﬂgene _eodal L'Tﬁ » 'T? j e
(2) The probability that X 12 a gene sequence starting with position 2.
XX Xz Xy X X g Xg X,

Cocdon Codon

Pgene_code} (‘t{) = Pgene_code 2 (1"1 ) : ngene _code (.‘."1 - Xy ) : ngene_ code3 (‘YE 2 X3 ) : ngene_codel (‘Tﬁ 2 X4 ) :

ﬂgene _codel L'T4 » 'TS j : 'ﬁgene _eodel ('TS = 'Trﬁ j : ﬂgene _eode 2 ('Trﬁ = 'TT" j T
(3) The probability that X 1z a gene sequence starting with position 3.
X XXX, XX XL X,
Lﬂ_,f
Codaon Codon

Pgene_codeE ("1{) = ‘Pgene _codae 3 (xl ) ’ ngene _eode3 (‘Tl - X9 ) ’ ”gene_coa‘e 3 (‘TE » X3 ) ’ ”gene _eodel (‘TE‘ Xq ) ’

":Tgene _eode 2 L'le > 'TSJ : ‘ﬁgene _code 3 L'TS = 'Tﬁj : ‘ﬁgene _rodel L‘Tﬁ = 'T? ) e



i Complement Region Models

= We treat complement region the same way as we do
genes. Three models will be built for three positions.

= Three probabilities will be calculated when prediction is to
be made for a sequence X=x,X,X,...X,,

(1) B, ptoment_coaet (X)) - The probability that X 1s a complement region starting with
position 1.

(2) B, ptement_coae2 (X ) - The probabulity that X 1s a complement region starting with
position 2.

(3) By ppiement_coae3 (¥ ) - The probabulity that X 1s a complement region starting with
position 3.

7/19/2006 19



i Non-Coding Region Model

= Since the non-coding region does not contain
codons, every position will be considered the
same. There is no change to the non-coding
region model. will be calculated as described in
the homogeneous models.

7/19/2006
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ilnhomogeneous Markov Chains

Then for each mput sequence, we need to calculate and compare 7 probabilities:

X)

on —coding ( /

g=Ria

camplement  coda3 (*Y )

.-

covaplement _ coded (*Y )

o~

coraplement _ codel (*Y)

-

gene  codel (‘Y)

~

gene  code (*Y)

-

gene _coda3 (‘Y)
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i Markov Chains

100

AN AN AN AN
4 hd hd hd N

= The test sequence is divided into fragments using a
sliding window of 100 letters.

= Predictions are made for each window.
= Each prediction for a window.

= We need new methods that can make prediction for each
letter.
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i Markov Chains

100

AN
- N

= What if the window is on the boundary of a gene?
= The methods can not predict boundaries precisely.
= We need methods that can do so!
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Hidden Markov Model (HMM) with Duration

= Some changes in terminology
= Gene model - gene state (Q)
= Non-coding model ->non-coding state (n)
= Complement model - complement state (¢)

= NO need to divide the test sequence into windows.
= Predictions will be made for the whole seqguence.

ATGGTCGATAGGGCCAATGCATACATAGACATAGAATAGGGCCAATG
gggggggggggggggggg(\ﬂ[mr}ggggggggpnqnnpgcccccccgc

Y

duration

7/19/2006 25



Hidden Markov Model (HMM) with Duration

= Two gquestions when making predictions
= What is the next state?
= What is the duration of the state?

= To make predictions for a sequence is to find out a path
of states (with duration associated to each state) that
can generate the sequence with maximum probability.
This path is called optimal path.

ATGGTCGATAGGGCCAATGCATACATAGACATAGAATAGGGCCAATG
gggggggggggggggggg(\ﬂ[mr}ggggggggpnqnnpgcccccccgc

Y

(g, 18) > (n, 5) —> (g, 8) —> (n, 6) —> (C, 10)

7/19/2006 26



iHidden Markov Model (HMM) with Duration

= We can use dynamic programming to find the optimal path
for a given sequence.

s Let X=X X,X3X,Xe...X, be the sequence about with
predictions are to be made.
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Hidden Markov Model (HMM) with Duration

= Let Z,(s,d) be the maximum probability that subsequence
X1 X,X3... X, IS generate by a path ending with (s,d).
= Let S, be the maximum probability of generating subsequence
X1 X,X3... X, USING any path.
= Then S, =argmaxZ,(s,d)

(s.d)
= Let P,be the last note of the optimal path that generates

subsequence X,X,Xs...X,. P,=2s refers to its state and P,—>d
refers to the duration of its state. Note that S,=Z7,(P,—>s,
P.—~>d) K

A

ATGGTCGATAGGGCCAATGCATA. . . TAGAATAGGGCCAATG

9999999999g9gggggggnnnnn.. . . nnNNnricccccccccee
(9, 18) > (n,5)— (s,d) i




Hidden Markov Model (HMM) with Duration

= The recursion to calculate Z,(s,d) Is:

2,(s,d)=5_4*Q(R_q —5,5)*D(s,d) ™ E; (X _qXi_gi1--Xc)
k
/\

K-d :
/\

ATGGTCGATAGGGCCAATGCATA. - . AGGGCCAGATGTAGAAT
099999g99g9gggggggggnnnnn.. - . cicccccccccci:r]nnnnrlg

(9, 18) > ..(P y>s, P 2d) (s, d):

Q(P,.42s,8): Transition probability from P, ;j>s to s
D(s,d): Probability that state s has a duration of d
E.(X,.¢X.q.1---X): Probability that state s generates X, 4X._q4.1---Xk



ﬁ(idden Markov Model (HMM) with Duration

Since S,=Z,(P,—~s, P ,~d), then
Sk-d=Zk-d(Px.q?S, Pyg2d)

Thus
2,(,d) =S54 *Q(P_g = 5,5)*D(8,d)* Es (X _g Xc_gs1--Xk)
=2, 4(Rg >8Ry > d)*Q(R_y = 8,5)*D(8,d)™ Es (X g Xy_g---Xi )

k

A
K-d :
/\

ATGGTCGATAGGGCCAATGCATA. - . AGGGCCAGATGTAGAAT
099999g9g9g9gggggggggnnnnn.. - . ciccccccccccz):r]nnnnrlé
(9, 18) > (P g>s, P y2>d) (s, d) :




idden Markov Model (HMM) with Duration

. if s == P,
Z,(s,d)= Sk—d—Pk_d —d *Q(Pk—d—Pk_d La —>$,8)*D(s,d)* Es(Xk—d—Pk_d Sd Xk-d-p_, e Xk)

:Zk—d—Pk_d—>d(P _)S’P _)d)*Q(Pk_d_Pk—d_)d _)S’S)*D(S’d)

k—d—P_q—d K—d—Py_q—d

*
ES (Xk_d_Pk—d —d Xk—d —P_qg—d+1"" 'Xk )

A

K-d

K-d- P, ,>d

ATGGTCGATAG...CGACGGGCCAAﬁGCATAAGGGCGGCCAGATGTAGAAT;
009gggggygag - - -NNNNNNNNNNNMRCCCCCCCCCCCCCCCCCCCECCCCC:

gl ~

(9,18) —» (Rgp,a 2SS _, (Py2s,Py2>d) — (s, d):
Pea-p,5a ™ d)



idden Markov Model (HMM) with Duration

= Now we have the recursion function

Zi(=.d)= Max-<
[Zk_d_P_ éd(P_ e P_ cim d) .-I:Q(Pk_‘i_‘a‘ ~d 7 S‘S):I-. D{S.{f)-‘l'- E-s (xa‘:—a’—}‘_ Sdtp_d-p —>a’+1"'x.t)

(Zk_d(ﬁ_d =38R, A" OF_; =88 T DEd) Y E (X, _ X gn-X2) }

= We will discuss Q(P,_42S.,S), D(s,d), and E.(X, X qg.1--X)
later. Here, let’s assume that they are known.

= We can calculate Z,(s,d) for all k, s, d where k<=n, and
d<=k

7/19/2006 32



ﬁ(idden Markov Model (HMM) with Duration

| K:O,
| K:].,

» Z,(0,1)=1, Z2,(c,1)=1, Z,(n,1)=1
» Z,(9,0)=1, Z,(c,0)=1, Z,(n,0)=1

u SO:1
p 2<=K<=n

Zi(s.d)= Max<

— d)

lZ.t—a’—P_ La(P I 2T

S, =argmaxZ,(s,d)

(s,d)

(Zk_d(ﬁ_d =38R, A" OF_; =88 T DEd) Y E (X, _ X gn-X2)

:I-'Q'[Et-d-.a_ g —28,8)" D(s,d)* E, (x.t_a’—P_ Sd N pod P del

(P.2s,
P.~>d)



= S5, ,P.—2s, P,~>d (for all 1<=k<=n) are the three tables we

need to keep during this dynamic programming.

ATG

S1
P,2s
P,~>d

S2
P,=>s
P,~>d

S
P,=2>s

P,>d

GTCGATAGCGACGGGCCAATGCATAAGGGCGGCCAGATGTAGAAT

7/19/2006
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idden Markov Model (HMM) with Duration

= At the end of the dynamic programming we will have
S,,P,2s, P,~d for all 1<=k<=n. Then we can make

predictions for the whole sequence using a back-track
approach.

ATGGTCGATAGCGACGGGCCAATGCATAAGGGCGGCCAGATGTAGAAT




idden Markov Model (HMM) with Duration

= At the end of the dynamic programming we will have
S,,P,2s, P,~d for all 1<=k<=n. Then we can make

predictions for the whole sequence using a back-track
approach.

ATGGTCGATAGCGACGGGCCAATGCATAAGGGCGGCCAGATGTAGAAT
nnnnn




idden Markov Model (HMM) with Duration

= At the end of the dynamic programming we will have
S,,P,2s, P,~d for all 1<=k<=n. Then we can make

predictions for the whole sequence using a back-track
approach.

ATGGTCGATAGCGACGGGCCAATGCATAAGGGCGGCCAGATGTIAGAAT
nnnnn

P.2s=g
P,~d=30

P,2s=n
P,2d=5




idden Markov Model (HMM) with Duration

= At the end of the dynamic programming we will have
S,,P,2s, P,~d for all 1<=k<=n. Then we can make

predictions for the whole sequence using a back-track
approach.

ATGGTCGATAGCGACGGGCCAATGCATAAGGGCGGCCAGATGTIAGAAT
999999999999999999999999g9gggggnnnnn

P.2s=g
P,~d=30

P,2s=n
P,2d=5




idden Markov Model (HMM) with Duration

= At the end of the dynamic programming we will have
S,,P,2s, P,~d for all 1<=k<=n. Then we can make

predictions for the whole sequence using a back-track
approach.

ATGGTCGATAGCGACGGGCCAATGCATAAGGGCGGCCAGATGTIAGAAT
999999999999999999999999g9gggggnnnnn

P ,2s=c
Pk9d=10 Pk93=g
P,>d=30

P,2s=n
P,2d=5




idden Markov Model (HMM) with Duration

= At the end of the dynamic programming we will have
S,,P,2s, P,~d for all 1<=k<=n. Then we can make

predictions for the whole sequence using a back-track
approach.

ATGGTCCGATAGCGACGGGCCAATGCATAAGGGCGGCCAGATGTIAGAAT
cccececceqgggggggggggggggggggggygggggggggnnnnn

P ,2s=c
Pk9d=10 Pk93=g
P,~>d=30

P,2s=n
P,2d=5




idden Markov Model (HMM) with Duration

= At the end of the dynamic programming we will have
S,,P,2s, P,~d for all 1<=k<=n. Then we can make

predictions for the whole sequence using a back-track
approach.

ATGGTQCATAGCGACGGGCCAATGCATAAGGGCGGCCAGATGTIAGAAT
cccececceqgggggggggggggggggggggygggggggggnnnnn

P ,2s=c
Pk9d=10 Pk93=g
P,>d=30

P,2s=n
P,2d=5




idden Markov Model (HMM) with Duration

= At the end of the dynamic programming we will have
S,,P,2s, P,~d for all 1<=k<=n. Then we can make

predictions for the whole sequence using a back-track
approach.

ATGGTOGATAGCGACGGGCCAATGCATAAGGGCGGCCAGATGTAGAAT
nnnnnrcccccccecdggggggggggyggyaggggggggagaggggggnnnnn

P.,2s=n
P,~2d=6

P ,2s=c
Pk9d=10 Pk93=g
P,~>d=30

P,2s=n
P,2d=5




Hidden Markov Model (HMM) with

iDuration

= Let's go back to the statement “We will
discuss Q(P,_42s,S), D(s,d), and E.(X,_4Xi_q4.
1--X,) later. Here, let's assume that they
are known.”

= Now, we need to know how to estimate
these functions.

7/19/2006 43



Hidden Markov Model (HMM) with

iDuration

= Let’s go back to the statement “We will discuss
Q(Py.42sS,S), D(s,d), and E.(X,_4X_q4.1---Xi) later.
Here, let’s assume that they are known.”

= Now, we need to know how to estimate these
functions.
Q(P,_42s.,S): Transition probability from P, ;2s to s
D(s,d): Probability that state s has a duration of d
E.(X,_¢X..g.1---Xi): Probability that state s generates X, _4X,
d-1+- Xk

7/19/2006 44



i—(idden Markov Model (HMM) with Duration

s Q(P,_4s,S): Transition probability from P, ;=S to S
There are three states: gene (g), complement (c), and non-coding

()

QL) |9 C n

\

0 Q(9.0) < .
C

N.. Number of genes

n Ng.. Number times of a gene

Is followed by a complement

A _

7/19/2006 45




ﬁ(idden Markov Model (HMM) with Duration

= D(s,d): Probablility that state s has a duration of d

= We just need find out the length distribution for gene,
complement and non-coding.

non-codin
{ Gene 1 Complement { g
D(c,d) /\ Dnd)| /T
D(a.d) /\
0 200 3 0 200 3 0 100 200 300
0 100 200 300 0 100 200 300
duration duration

duration

7/19/2006 46



ﬁ(idden Markov Model (HMM) with Duration

s E.(X_¢%.g.1---X): Probability that state s generates X, _4X, 4.
10Xk

= This is the probability that a short sequence is generated
by gene, complement or non-coding state.

= This can be calculated using the homogenous or non-
homogenous Markov chains we introduced in the

beginning of the class.
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