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Markov Chain
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He was too young to have been blighted
by the cold world's corrupt finesse;

his soul still blossomed out, and lighted
at a friend’s word, a girl's caress.

In heart's affairs, a sweet beginner,

he fed on hope's deceptive dinner;

the world's éclat, its thunder-roll,

still captivated his young soul.

He sweetened up with fancy's icing

the uncertainties within his heart;

for him, the objective on life’s chart

was still mysterious and enticing—
something to rack his brains about,
suspecting wonders would come out.

s st loyGiling £ heiv-blX-n bl fghit1doe
20,000 letters from Eugene Onegin probability

v| 7,788 v| 0.389
c 4 o0.611
{41,365
/-4 6,423
("4 6,42

cc :
20,000 random independent letters

43,033 v
(#4766 |

(274,755 i F
27,457 l

ZFHR:  http://html.rhhz.net/kjdb/20180812.htm

o B E Ty

First order
Theg sheso pa lyiklg ut. cout Scrpauscricre cobaives wingervet Ners, whe ilened te o
wn taulie wom uld atimorerteansouroocono weveiknt hef ia ngry’sif farll t mmat and,
tr iscond frnid riliofr th Gureckpeag

Third order
At oness, and no fall makestic to us, infessed Russion-bently our then a man thous al-
ways, and toops in he roguestill shoed to dispric! Is Olga’s up. Italked fore declaimsel
the Juan’s conven night toget nothem,

Fifth order
Meanwhile with jealousy bench, and so it was his time. But she trick. Let message
we visits at dared here bored my sweet, who sets no inclination, and Homer, so prose,
weight, nmy goods and envy and kin.

Seventh order

My sorrow her breast, over the dumb torment of her veil, with our poor head is stoop-
ing. But now Aurora’s crimson finger, your christening glow. Farewell. Evgeny loved
one, honoured fate by calmly, not yet seeking?



Markov Chain

AR 72 M Past, Present and Future

HT I IREERT R ATk R 4t

sunn
o sy probability matrix, P probability of rain in two days if it's cloudy today
weather tomorrow .
. ‘ 0.6 : ). 2
s O
2
g ol (Pua)= By xPy )+ (% B+ (o)
| (Poa )°= (0.2 % 0.1) + (0.3 x 0.5) + (0.5 x 0.5) = 0.42
powers of the probability matrix
P p? p? Pt PS P7
Qe O Qo0 000 000 G000
0.600 0.300 0.100  0.460 0.280 0.260  0.436 0.248 0.316  0.438 0.237 0.326  0.440 0.235 0.325  0.441 0.235 0.324
0.200 0.300 cg 0.380 0.200 0.420  0.436 0.216 0.348  0.444 0.230 0.326  0.443 0.235 0.322  0.441 0.235 0.324
*® 00 Q000 00 X
0.400 0.100 0. 0.460 0.200 0.340  0.452 0.232 0.316  0.444 0.237 0.319  0.441 0.236 0.322  0.441 0.235 0.324

22 W iik: https://www.americanscientist.org/article/first-links-in-the-markov-chain
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Page Rank

e Basic idea of Page Rank.
* Calculation of Page Rank.

* Page Rank and Markov chain

Modified from http://www.eee.bham.ac.uk/russellm/ee3j2/Slides%202009/0HP10%20Page%20Rank%202009.pdf



Basic Idea of Page Rank

e Suppose that:
— Page d, contains hyperlinks to 10 pages;
— Page d, just has a single link to page d,

* The contribution of d, to pr(d;) should be
greater than the contribution of d,

 The simplest solution is to allocate a weight of
w,, =1/L(d) to the hyperlink from document d
to document e, where L(d) is the number of
hyperlinks from d.

Modified from http://www.eee.bham.ac.uk/russellm/ee3j2/Slides%202009/0HP10%20Page%20Rank%202009.pdf



Random Surfer Model

* w,, can be thought of as the probability of
following the link to page e if the user is on
page d.

* The case where w,, = 1/L(d) corresponds to
the random surfer model: on any page the
random surfer is equally likely to choose any
of the available links.



Simplified Page Rank Calculation

* Once pr(d) is accepted as a measure of the
importance of d there is a natural consequence;

* In the calculation of pr(d), a hyperlink from a page d,
to d should count for more than a hyperlink from

page d, to d if pr(d,) > pr(d,)
* This motivates:

pr(d) = Z pr(e)Wed

ecL(d)

where L(d) is the set of pages which link to page d.

Modified from http://www.eee.bham.ac.uk/russellm/ee3j2/Slides%202009/0HP10%20Page%20Rank%202009.pdf



Simplified Page Rank Calculation

pr(d) =0.35%1/34+0.1% 14 0.15 % 1/2 = 0.292

Modified from http://www.eee.bham.ac.uk/russellm/ee3j2/Slides%202009/0HP10%20Page%20Rank%202009.pdf



Simplified Page Rank Calculation

* Change pr(d) will change the page ranks of
other pages, which in turn change pr(d);

* |[n other words, the definition of page rank is
recursive,

prasi(d) = 3 prae)w

ecL(d)

Modified from http://www.eee.bham.ac.uk/russellm/ee3j2/Slides%202009/0HP10%20Page%20Rank%202009.pdf



Markov Chain Interpretation

e Let

/’wll w2 - ww\
W1 W22 +++ W2p

\le Wp2 - ’LU1D/

* Notice that each row of W sums to 1.

Modified from http://www.eee.bham.ac.uk/russellm/ee3j2/Slides%202009/0HP10%20Page%20Rank%202009.pdf



Markov Chain Interpretation

[ praga(1) Wi Wy  c++  Wp1 - pr,(1)
Pro+1(2) _ | w2 w2 -+ Wpo pra(2)
| prog(D) | | waip wap o wpp | | pra(D)

* If the system converges, then pr=W" pr.

e pristhe invariant distribution of the Markov
chain.

* In other word, pr is an eigenvector of W'.

Modified from http://www.eee.bham.ac.uk/russellm/ee3j2/Slides%202009/0HP10%20Page%20Rank%202009.pdf



Damping Factor

* |t represents the change that user stopping
clicking links and get bored with the current
page and then request another random page.

* |f the damping factor is 85% then there is
assumed to be about a 15% chance that a
typical users won't follow any links on the

page and instead navigate to a new random
URL

Modified from http://www.eee.bham.ac.uk/russellm/ee3j2/Slides%202009/0HP10%20Page%20Rank%202009.pdf



Page Rank
* Taking into account the damping factor

l—a pr(e)
N l(e)
ecL(d)

o

pr(d) =

Modified from http://www.eee.bham.ac.uk/russellm/ee3j2/Slides%202009/0HP10%20Page%20Rank%202009.pdf
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Hidden Markov Models - HMM

How old are you? W, mER
BAERIR?

slogy Seric

Handbook of
Hidden Markov
Models in
Bioinformatics Hidden Markov
Models in

Finance

ADVANCING THE STATE-OF-THE- AT

S. Mamon | Rebert J. Elliott

%) Springer

) Springer

Monographs on Statistics and Applied Probability 110

Hidden Markov Models
for Time Series
An Introduction Using R

Walter Zucchini
lain L. MacDonald

(ca®) CRC Pres

David R. Westhead
M. S.Vijayabaskar Edifors

Hidden

Markov

Interesting

HIDDEN MARKOV MODELS
APPLICATIONS IN COMPUTER VISION

* MACHINE PERCEPTION
ARTIFICIALINTELLIGENCE
Volume 45

ditors .
Horst Bunke
Terry Caelli




Hidden Markov Models - HMM

How old are you? W, BER , FRURIR

EAZRIR?

Sc1@1 nature
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Hidden Markov Models - HMM
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Hidden states
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Hidden Markov Models - HMM

Whether forcast

"""’O\/DFP__'

Clothing % h‘

Weather

>

Previous Day Present Day Next Day
Acoustic analysis
___________ (= Jrnition Brobabilities ..
: a:,x, 525 a:,:‘ a’z‘z J‘ ( ~ 7~
: | HMM \ p; w. \ 2
! | (1)—=(2)—=(3)— (s )——(x)
s T : = T
-~ Observation . '

Probabilities
Wy,

g v ]

e T o

Dollars/GBP

Finance prediction

Modeling the hidden “regimes” of financial markets — switches between
periods of high volatility & low volatility, bearish & bullish, etc.

_— Upward trends (E)

/ Downward trends (A) 0.3
/ 0.7
12 N
08
72 73 T4 75 76 77 T8 79 80 81 82 83 84 BS BE 87 88 89 50 91 52 I3 4 5 %

Video analysis

with DP

1 Py
/

Time (sec)



Hidden Markov Models - HMM

* HMM has more sets of parameters

e But only this?

Hidden stabes

Cibzervations



HMM vs. Markov Chain

s
/—'\ @ probability matrix, P probability of rain in two days if it's cloudy today
e 0
Weather —i) D P____> ® ® :
0.1
03 04 o .
02, 0.1 23) = °
5 ; 5
0.1 £ p—
©) Ty ® | [ "L‘\:'i‘{‘}:
S 7 04 0 05 -
% Ao
i&s

weather today

Clothing

ps p7

o ‘Il
X @00 00 Qoo
0. 0.300 0.100 0.460 0.280 0.260 0.431

0.436 0.248 0.316 .438 0.237 0.326 0.440 0.235 0.325  0.441 0.235 0.324

® o @co O @ee0 Qo0
> 0,200 0.300 0. 0380 0.200 0.420  0.436 o:s 053 0.444 0230 0.326  0.443 ogs 032 0.441 0.235 0.324
o . . .
Previous Day Present Day Next Day 0.400 0.100 0.500  0.460 0.200 0.340  0.452 0.232 0.316  0.444

0.237 0.319 0.441 0.236 0.322 0.441 0.235 0.324

* The questions are different
* HMM do not need to know the states

* The types of known parameters are also
different



HMM vs. Markov Chain

The questions are different

* Nucleotides {A,C,G,T} are the observables

* Different states generates generate nucleotides at different frequencies

WEEWE BT WERBMESE DR . .
A M) s s A simple HMM for unspliced genes:

9|—>Ixxxxxxxx ATG coecl—1 coe —*]coc TAA xxxxxxxx

Emtle| [y||4HIY|T
,ﬁ—'LHe ycn’e{g
BwAs[E S‘EIYE I}
ngltanh8vieha
Eaniialghiga

7 inter- region around coding region around
genic start codon region stop codon
ATG TAA

* The sequence of states is an annotation of the generated string — each
nucleotide is generated in , start/stop, state



HMM vs. Markov Chain

HMM do not need to know the states




HMM vs. Markov Chain

The types of known parameters are also different

Visible:
. T
A?
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Hidden: pon
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Hidden Markov Models - HMM

A toy HMM: 5’ splice site recognition

Assumption:

A=0.25 A =0.05 ~0.4

C=025 C=0 =0.1

G=0.25 G=0.95 =0.1 _

T=0.25 T=0 =0.4 exons have a uniform base

o OEnd composition on average
0.1 (25% each base), introns

are A/T rich (say, 40%

Sequence: CTTCATGTGAAAGCAGACGTAAGTCA each for A/T, 10% each for
State path: EEEEEEEEEEEEEEEEEEgI 1111 logP C/G), and the 5'SS
1C0 1 —41.22

| consensus nucleotide is

[ 1L 1 —43.90
Parsing: [ 1C0 ) _2232 almost always a@ (say,
[ y —43. 0 o
. . 4258 95% G and 5% A).
! 10 1 —-41.71
46%
Posterior L
decoding: T - So, what's hidden?

Reference: https://www.nature.com/articles/nbt1004-1315
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Hidden Markov Models - HMM

More exsamples in biology

Gene expression Protein sequence alignment
a/zi ? : \ 34: a 55 H i seqi ACG-L D
. O Start with a _rnultlple o sco ___{_\
with 3 Gaussian Mixty N A N seqguence alignment seq3 N E: Gg F D
o S seqgd TCG-WQ qetion
a2 a5 ‘ 123 1 45
q Insertions / deletions can W
\! 1/ ‘ \ be modelled insertion F D

frequency at each position in
the alignment are encoded

4

Profile created

“ v v v B\ 1
b2(0) 62(Ocas) 03(01) b3(Ocna)04(0;)  bS(O; ) 55(0cna)
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Hidden Markov Models - HMM

More exsamples in biology

Brain sceince Public health
(image, electro-signal, etc.)

G [State 1

7 |® *hoei ::;;.;:.;.:::i.:!!.:.I!:::H!HH
WQ;KQGQONJ

State 3 : ® ---|||||||~”||m
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State 6
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Hidden Markov Models - HMM

We are actually HMM animal...

active behavior quiescence

hidden Markov model

Reference: https://engineering.rice.edu/news/neurons-ripple-while-brains-rest-lock-memories



Hidden Markov Models - HMM

We are actually HMM animal...




So, lets start to learn HMM !

www.VADLO.com

“Data don’t make any sense,
we will have to resort to statistics.”

WHEN YOU LOOK AT DATA,
THERE ARE TWO TYPES:
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HMM#B1—FH/NERI BT

o WL 2 H— IR B 25 R

O =(1,3,4,5,5,6,6,3,2,6)

o [ AT N FEA AR T 77
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CIREZ RS

Oft(i) — Pr(ylay% s Y, Uy = Z’)\)

a1(%) = Pr(yi, Y2. -+ 5 Yeg1: Tegr = 0| A)
=Y Pr(yi o, Year T = JoTrp1 = i|N)
J

— Z Pr(yla Yo, 5 Yty Ut — j‘/\)Pr(yH’l’ Tt+1 = Zlajt — j’ )\)
J

_ Z i (J)ajibi(Yes1)



CIKER

« FIIRtL

« AR

A\

vz (Forward Algorithm)




Jri e i

/616(@) — Pr(yt—I-la Y42, 7yT|$t — ia )\)

/Bt(@) = Z Pr(yt—l—byt—i—% L YTy Tyl — ]’3315 =1, )\)

J
= Z Pr(yt-l-iza e ayT|$t-|-1 — ja )\)Pr(yt+1’ L1 = j|$t — i’ )\)
J



. WAL
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J5 4% 5.4 (Backward Algorithm)



ALy ) (1)

o MR A ENIN P IJY=(M:2~- yr), W2
B%Jj(iiﬁﬁj | X = (29,25, -, 29).
o HRmIL

(1) = Pr(X;, =1|Y)
X| = Argmax Ve (7)

AR E TR : TR X0 = (v, 22, 2r)

Pr(zy,xy, - oplyr. - yr)

2 PT(ZEl,CUQ,"' 733T|y1?°” 7yT)
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« HBayesian AT A

Pr(zy, - aplys, - yr)
o P?“(lel,CUQ,"' sy LTy Y1y 7yT)
Pr(y, - .yr)

o YHTHFAHY%EE, MAEN T3 st rIXo#
EREMEZR Pr(z, -+ oriy1, -, yr) BE N o
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Ve(i) = Pr(Xe =iy, y2, -y, A)
B Pr(X:=id,y1, - ,yr|\)

B Pr(yi,-- ,yr|\)
 Pr(Xe=id,y1,02, 0 yr|A)
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Exciting
things are
happening

here.




ViterbiZ 2(1)
o BRI ERBDSIR RS HE RS
o BIEREAN
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Viterbit.y%(11)

5t(j) — (1%%(\[ 51&1(?:)@@‘3') bj(yt)
(7)) = Argmax (6,1 (2)ai;)

1<i<N

t=2---.T;j=1,---,N.



ViterbiZy(1N1)

. |
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1y = Argmax o7 (7)
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ViterbiZ i SE41(1)
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ViterbiZ i SE41(1)

o WL 2 H— IR B 25 R
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ViterbiZ i SE41(1)
o FERSRER LU HIHE (7, A)

A B
A |08 0.2
B |01 0.9
¥IREE | 0.6 0.4

o Z5NE2 (Emission Probability) (B)

2 VS A VR VR AV AVA

A 1/6 |1/6 |1l/6 |1l/6 |1/6 |1/6

B 01 (01 (021 (01 (03 (0.3




Viterbi &% SL45 (1)

Yi 6{(A) W(A) | 8¢(B) w(B)
t=1 |1 1.000x101 |- 4.000x10 -
t=2 |3 1.333x102 | A 3.600x103 B
t=3 |4 1.778x103 | A 3.240x10* B
t=4 |5 2.371x104 | A 1.067x104 A
t=5 |5 3.161x104 | A 2.881x10° B
t=6 |6 4.214x10° | A 7.776x10° B
t=7 |6 5.619x107 | A 2.100x10° B
t=8 |3 7.492x108 | A 1.890x10/ B
t=9 |2 9.989x107° | A 1.701x108 B
t=10 |6 1.322x107° | A 4.592x10° B




Viterbi &% SL45 (1)

Yi 6{(A) W(A) | 6¢(B) w(B)
t=1 |1 1.000x101 |- 4.000x10 -
t=2 |3 1.333x102 | A 3.600x103 B
t=3 |4 1.778x103 | A 3.240x10+ B
t=4 |5 2.371x104 | A 1.067x10* A
t=5 |5 3.161x104 | A 2.881x10° B
t=6 |6 4.214x10° | A 7.776x10° B
t=7 |6 5.619x107 | A 2.100x10° B
t=8 |3 7.492x108 | A 1.890x10/ B
t=9 |2 9.989x107° | A 1.701x108 B
t=10 |6 1.322x107° | A 4.592x10° B




Viterbi &2 SEH41 (1)

RIS ZAIPSE
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o MRAIRAE TH(MLE)
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A = Argmax Pr(y,-- - ,yr|\)
A

o« CIRASHEC AR
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Max: Z 2 log @y,
k

subject to: Zxk =1
k

Estimation: x; = i=1,---
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(1) JeftE—L3pE R By o3 A A

(2) NG RIERELALLGTF, BWAHE (E-step)

(3) R ALAFE, PERHELFIRBERZ T, REIRELELTF
XA R I — B A F XL (M-step)

(4) NGBS R~ (E-step)

(5) A5 HMNERIRIN—/MEBOHE I —LE (M-step)

(6~n) k&t 2%, HIBMREGEWREPERZAZASE 1 ik 8o
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o WIMELHEY
o FRREHE X

o SERETE Z=(Y, X).
* E-Step (EXHHER).

A~

Z=E(Z|Y,0")

« M-step (HUHKOK).

9t = A 7
rg;nax Lo Z,0"V)



MLESLYE Cope RAORAG TF 572D

® I NAZRME T CRIZEAFEA LR AT 2 A
RorAn, HaEHEH RS HBANEE, ﬁ%?ﬁﬁlﬁ?
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EMBEYE (e RHHEEVER)
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MLE® 7% vs. EM&LVE (Examples)

® MLEE

FALFSE S A NI TR, — R R AT aEd. Jlr—=iam,
BRI R, AR ZLARIEN, XA iR TR ? AR 4], A
R—ARAEITH, BT AE e o O — ORI AL [F] i o R, BRI
— A s NS

® EMEE

NI, g — RESHE RS IR, MARFIRGHAHSE 7, AR ARIAS 25 s AR
RIS, P UAREEARIE SN NBRiZ I 204 T —REAME? J
AR B 0 AR, R IENEREREELAT, BWAE, R
AFE, FRFEAFRMAMRE T, R IREEA TR P I LK
PIEFIXER, PRJGFHEE N, IR )5 B ANEE BRI — /N Tk A (AR
—A%, MEER R, HIRBOEPARIEREAZME TN,

Reference: https://blog.csdn.net/zouxy09/article/details/8537620



Statistical modeling

The main

models

>

3

im|
S

| ] Bayessian model

N

A)

Markov Chain

HMM, Viterbi

EM,
Optimization

More complex model Less data required

fA A ) @

¢ 2] ) @i

Deep learning



Statistical modeling

V, |V, Vs |V, [V. |V, A B
A |16 |16 |16 |16 |1/6 |1/6 + ’; g? gg
B |01 |01 |04 |01 |03 |03 W% 06 04
U5 i 5 O=(1,3,4,5,5,6,6,3,2,6)
| I 1

W —W—~~)~—)—~)

FAE A ) @




A2

i fi-‘ Tremendous.
R\ 2N

Yy @ Outstanding!

@ Good for you!
© That is great.

© That is good.
O Sensational!
O What a good try.

THMMZE 2= !

O lhat is clever. \

O Fantastic.

© I knew you could do it.

g =/,
-
~ J o/
S—
L] — p—] = —_— — == om0 p——-} [——3 e =

@ Keep up the good work. |
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http//people.brandeis.edu/~moshep/Projects

/ProjectPresentations2003_2/HMM/CpG_Island
s HMM _final.ppt




H2 FECpG iy ?

CG-poor regions: P(CG)
~0.07!
CG-rich region: P(CG) ~

v
llllll A
e Nl - I
i, 1 1H 2H EH 4H | EH e %1

g E X RN == T ARG R

B - 2 =i i 5 TR o2%C A

T E - - - = % T H

R = S = 2
¥4, SE4H +. SE5H 4+ 5E6H 4. 557H 4. 555H 4. SEAH ++57H ¥

Gene coding region

Promoter region



CpG

* Away from gene regions:
— The Cin CG pairs is usually methylated
— Methylation inhibits gene transcription
— These CGs tend to mutate to TG

* Near promoter and coding regions:
— Methylation is suppressed:

— CGs remain CGs
— Makes transcription easier!



CpG A E X

* CpG-rich regions are associated with genes
which are frequently transcribed.

* Helps to understand gene expression related
to location in genome.



HMM X T CpG &R 5 it & X

e Q: Why an HMM?
* |t can answer the questions:

— Short sequence: does it come from a CpG island or
not?

— Long sequence: where are the CpG islands?

* So, what’s a good model?

— Well, we need states for ISLAND bases and
NON-ISLAND bases ...




HM M #i 78 HE 48

CpG NON-Island (-)

N ¥

CpG Island (+)




—
CpG NON-Island



Visible:

Hidden:

HMMR &

CpG NON-Island




4 N

CG-RICH
sequences

AATAGAGAGGTTCGACTCTG
CATTTCCCAAATACGTAATGCT
TACGGTACACGACCCAAGCTC
TCTGCTTGAATCCCAAATCTG
AGCGGACAGATGAGGGGGC
GCAGAGGAAAAACAGGTTTT
GGACCCTACATAAANAGAGA
GGTTCGTAAATAGAGA

-

HMM Il Z5% [1] @i

HOW?

ML or

Forward/
Backward
algorithm

4 N

CG-POOR
sequences

GGTTCGACTCTGCATTTCCCA
AATACGTAATGCTTACGGTTA
AATAGAGAGGTTCGACTCTG
CATTTCCCAAATACGTAATGCT
TACGGTACACGACCCAAGCTC
TCTGCTTGTAACTTGTTTTNG
TCGCAGCTGGTCTTGCCTTTG
CTGGGGCTGCTGA




HMM iR ] 2l

Viterbi Algorithm

Decoding- Meaning of observation sequence by looking at the
underlying states.

Hidden states A+,C+,G+,T+,A-,C-,G-,T-

Observation sequence CGCGA

State sequences C+,G+,C+,G+,A+ or C-,G-,C-,G-A-
or C+,G-,C+,G-,A+

Most Probable Path C+,G+,C+,G+,A+
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M Il: Gene Finding

* This part is modified from slides download
from www.cs.ubc.ca/~rogic/GeneFinding.ppt



Start codon  codons  ponor site

ATGCCCTTCTCCAACAG
Transcription
start

Promoter > UTR CCTCCCAGECCTIGECEAG

Acceptor site

- -~

Exon

Intron

Poly-A site
/

- -<

Stop codon GGCAGAAACAATAAA'Ye(-Ye
GATCCCCATGCCTGAGGGCCCCTC ﬁ

" 3 UTR

11/1/2019 Bioinformatics @ math.pku

120



Spliced Alignment
Compare with cDNA or EST probes

Start codon Stop codon

v
Genomic DNA _

Start COdon Stop codon

mMRNA Cap- _ -Poly(A)

5’ UTR 3-UTR



Spliced Alignment
Compare with Protein Probes

Start codon Stop codon

v v
Genomic DNA [ T ——

Protein | [




A Eukaryotic Gene

Base Position | 7775000 | 7780000 | 7785000 | 7790000 |
RefSeq Genes
RefSeq Genes ] H- 1
Genscan Gene Predictions
NT 010718.226 J------ +-4------- H-H--3H--1 NT_010718.227 ===~

e This is the human p53 tumor suppressor gene
on chromosome 17.

* Genscan is one of the most popular gene
prediction algorithms.



A Eukaryotic Gene

Base Position 7785000 | 7790000 |

RefSeq Genes

NT_010718.226 NT_010718.227 ==

This particular gene lies on the reverse strand.



An Intron

revcomp(CT)=AG
GT: signals start of intron

G: signals end of intron

BaszPoston  7r77s0 | mn | |mmem | e | mmsa | mmmel| o s | e | e | | s |
_s|G0TGATGTTGTTGGECAGTACTAGGAAAGAGGCAAGGAAAGGTGATAAAAGTGAATCTGAGGCATAACTGCACOCTTGETCTCCTOCACCGCTTCTTGTOCTGCT IRCTTACCTS

Refeq Genes

rrrrrrrrrrrrrrrrrrrrrrrrrrrrrr
Ty LR L R R R RN R R R R R R AR R R RN RN R R R R

revcomp(AC)=GT

TRE3

(3enscan Gena Predictions
NT_D10718.2268 - -

Donor Site

5
s bk p v
Acceplor Site
W
5! A
—:-‘-TITII-II-:-:-:_ g |
FHNMMNNAENNNN e s e e e s 5



Signals vs Contents

* In gene finding, a small pattern within the genomic
DNA is referred to as a signal, whereas a region of
genomic DNA is a content.

* Examples of signals: splice sites, starts and ends of
transcription or translation, branch points,
transcription factor binding sites

 Examples of contents: exons, introns, UTRs,
promoter regions



Prior Knowledge

The translated region must have a length that is a
multiple of 3.

Some codons are more common than others.
Exons are usually shorter than introns.

The translated region begins with a start signal and
ends with a stop codon.

5’ splice sites (exon to intron) are usually GT;
3’ splice sites (intron to exon) are usually AG.

The distribution of nucleotides and dinucleotides is
usually different in introns and exons.



Prior Knowledge

 We want to build a probabilistic model of a gene
that incorporates our prior knowledge.

* E.g., the translated region must have a length
that is a multiple of 3.



Prokaryotic Vs. Eukaryotic Gene Finding

Prokaryotes:

small genomes 0.5 — 10:10°bp
high coding density (>90%)
no introns

Eukaryotes:

* large genomes 107 — 10'° bp
* |ow coding density (<50%)
* intron/exon structure

!

Gene identification relatively easy, _ Gene identification a complex problem,

with success rate ~ 99%

Problems:

overlapping ORFs
short genes
finding TSS and promoters

gene level accuracy ~50%

Problems:
* many



HMMs and Gene Structure

* Nucleotides {A,C,G,T} are the observables
* Different states generates generate nucleotides at different frequencies

A simple HMM for unspliced genes:

O { )

X_Poooxxxxx ATG ccc CCC: | cCC TAA XXXXXXXX
inter- region around coding region around
genic start codon region stop codon

ATG TAA

* The sequence of states is an annotation of the generated string — each
nucleotide is generated in , start/stop, state



Examples of Gene Finders Using HMM

GeneMark — HMMs enhanced with ribosomal binding site recognition

Genie — neural networks for splicing, HMMs for coding sensors, overall structure
modeled by HMM

Genscan — Weight Matrix, Weight Array and decision trees as signal sensors,
HMMs for content sensors, overall HMM

HMMgene — HMM trained using conditional maximum likelihood

Morgan — decision trees for exon classification, also Markov Models

VEIL — sub-HMMs each to describe a different bit of the sequence, overall HMM



EXAMPLE: Finding Genes with VEIL

* The Viterbi Exon-Intron Locator (VEIL) was developed by
John Henderson, Steven Salzberg, and Ken Fasman at
Johns Hopkins University.

Gene finder with a modular structure:

Uses a HMM which is made up of sub-HMMs each to
describe a different bit of the sequence: upstream
noncoding DNA, exon, intron, ...

Assumes test data starts and ends with noncoding DNA
and contains exactly one gene.

Uses biological knowledge to “hardwire” part of HMM, eg.
start + stop codons, splice sites.



The Exon Sub-model

Start Codon 16 Backedzes
K
oS O
fé}'{ ﬁ}\‘r”
O LI AV eTe
! O 9-"\. 91""‘“ e
> .0‘/4}.
27 hplice 5/1’[,:/’ eé 2 aplice 'Sitea
/
9/, (&)

Dowtistreatn



Other Submodels

 The start codon model is very simple:

Upstrea m — Exon

* The splice junctions are also quite simple and can be
hardwired (here is the 5’ splice site):

Y Erugun



The Overall Model

H Start Stop i—E)ownstream
[Upstream codon Exon }E codon
[3' splice siteH intron HS splice site} [ 5’ ponA}
site

For more details, see J. Henderson, S.L.
Salzberg, and K. Fasman (1997) Journal of
Computational Biology 4:2, 127-141.




Genscan

Developed by Chris Burge 1997
One of the most accurate ab initio programs

Uses explicit state duration HMM to model
gene structure (different length distributions
for exons)

Different model parameters for regions with
different GC content






Genscan’s Architecture

HMM'’s states for exons and introns in three different phases, single exon,
5" and 3’ UTRs, promoter region and polyA site and intergenic region

Explicit length modeling
HMMs for exons, introns and intergenic regions

Weight matrix (WM) and weight array(WA) for acceptor site, branch point,
polyA site and promoter region

Decision tree (maximal dependence decomposition) for donor sites

For more detail, see:

Burge, C. and Karlin, S. (1997) Prediction of complete gene
structures in human genomic DNA. J. Mol. Biol. 268, 78-94
Burge, C. B. and Karlin, S. (1998) Finding the genes in
genomic DNA. Curr. Opin. Struct. Biol. 8, 346-354.



Prior knowledge
network

<[\
J ‘
Signaling data ®

under perturbed conditions
(5 stimuli, 7 targeted drugs, 14 readouts)
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W4t 4 A

FLRZH A A4k : Genome Browser, (http://genome.ucsc.edu/), (tracks, annotations, etc.)

AR SFE: Weblogo, ( http://weblogo.berkeley.edu/logo.cgi),

FLRIFIM . MEME, ( http://meme-suite.org/).

BB iTOL, ( https://itol.embl.de/),

FLRHEMZ%:  GeneNetwork, (http://gn2.genenetwork.org/), Cytoscape, ( https://cytoscape.org/),
ARUEES: KEGG, (https://www.kegg.jp/); iPATH, ( https://pathways.embl.de/),

EHEEK 5TEE: PDB, ( http://www.rcsb.org); pFAM, ( http://pfam.xfam.org/),

WAEY)2H : EBI Magnify. ( https://www.ebi.ac.uk/metagenomics/),

EEMNFEHAEEHE: STITCH, ( http://stitch.embl.de/); STRING, ( http://string-db.org),

AW HEEE . DrugBank, ( https://www.drugbank.ca/),

EVIEAE AT & Galaxy, (https://usegalaxy.org/),

R T4 . Echart, ( https://www.echartsjs.com/examples/zh/index.html),






