i Genscan

A The Genscan HMM model
A Training Genscan
A Validating Genscan
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Gene structure assumed by

‘L Genscan

Structure of a Typical Human Gene

5-10 Coding Exons

5'UTR 3 UTR
} \‘\R A
Promoter 5'ss 3'ss g%ﬁl\l
/ N\

donor site acceptor site
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A simple model

Promotor Intergenic

<

PolyA

Single exon gene

50 S0OUTR
Initial Terminal

Inte Exon
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* Exon phases

Need to keep track of codon position in exon.
Initial ‘ Terminal
Exon Exon

O: act gacgtt cgt
1: actg acgttc gt
2. actgacgttcgt
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iGenscanés ar chi

A HMM states for exons and introns in
three different phases, single exon,
50 and 30 UTRs, ©pro
polyA site and intergenic region.

A EXxplicit length modeling of introns
and exons.
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( Rrediction of complete gene structures in human genomicDNAO ( 1 997 ) Bur gJMB 268, . 86 a r

— o = = — = pueils
(-) @s1anay

(+) premio-
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i Genscan model components

A Vector of initial probabilities: U
A State Transition probability Matrix: a

A Set of length distributions: f
conditional on state g.

A Emission probabilities: P(s|q,d)
conditional on state and length.

q

(c) Devika Subramanian, 2009 102



i lsochore groups

Group I 1 1 IV
C + G% range <43 43-51 51-57 >57
Number of genes 65 115 99 101
Est. proportion single -exon genes 0.16 0.19 0.23 0.16
Codelen: single-exon genes (bp) 1130 1251 1304 1137
Codelen: multi-exon genes (bp) 902 908 1118 1165
Introns per multi -exon gene 5.1 4.9 5.5 5.6
Mean intron length (bp) 2069 1086 801 518
Est. mean integenic length (bp) 83000 36000 5400 2600
(c) Devika Subramanian, 2009 103



i Initial probabilities

I [ [ IV
Intergenic (N) 0.892 0.867 0.54 0.418
Intron (10+,11+,12+,10  -,11-,12 -) 0.095 0.103 0.338 0.388
5' Untranslated region (F+, F -) 0.008 0.018 0.077 0.122
3' Untranslated region (T+, T -) 0.005 0.011 0.045 0.072

All other probabillities set to zero.
(c) Devika Subramanian, 2009
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i Transition probabilities

A Probabillities of state transitions not
present in model are zero.

A Deterministic transitions are
assigned probability 1.

A The others transition probabilities
are set according to maximum
likelihood values In training data.

(c) Devika Subramanian, 2009 105



Length distribution for

i INtrons

A No Introns < 65bp. After that

geometric (exponential) distribution.

A Substantial difference between
different C+G groups.

A SO, Intron lengt
geometric distri

N 1S modeled as
oution with different

parameters of ©

(c) Devika

Subramanian, 2009
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i Exon length distribution model

A Exons are very important to model.

A Substantial differences in length
distribution between initial, internal and
terminal exons.

A No substantial difference between
different C+G compositional groups.

A Exon length means considered between 50
and 300 bps.

A Account for phase (3*codons + phase)

(c) Devika Subramanian, 2009 107



i Other length distributions

A5 0 UJ®&ometric with mean 769bp
A3 0 UJ®&ometric with mean 457bp

(c) Devika Subramanian, 2009 108



i Emission models

A Exons -- inhomogeneous 3-periodic 5 th
order Markov model.

A Introns and intergenic regions -
homogeneous 5" order Markov model

A5@and3 6 U TI®mogeneous 5"
order Markov model

(c) Devika Subramanian, 2009 109



Emission models for exons and
INtrons

5t order inhomogeneous
Markov model

Models of Coding and Non-Coding DNA

123112311
4 In an /nhomogeneousMarkov model,
Coding 231123112 we have different distributions at
A different positions in the sequence.
311231123

—————— 5t order homogeneous Markov model :

P(Ot | Ot— 1Ot— 20t— 30'[— 40'[— 5)
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Genscan architecture (2)

A Weighted matrix (WMM) and weighted arrays
(WAM) for acceptor splice site, polyA site and
promoter region.

A WMM: p;(i) is probability of nucleotide | at position I.
A WAM: p; (i) is probability of nucleotide k at position |
conditional on nucleotide j at positioni -1.

A Decision tree (maximal dependence decomposition)

for donor sites.

A Different model parameters for regions with
different GC content.

(c) Devika Subramanian, 2009 111



Splice Site Detection

(http://www-Immb.ncifcrf.gov/~toms/sequencelogo.html)

Donor: 7.9 bits

Acceptor: 9.4 bits
(Stephens & Schneider, 1996)

epre sent s onserwation at

This_fi e logos r
the 5 ?cbncr a.ndS (accepbr)ends thumam s The regon beh.veenihe

black vertical bars is remowed

curing m RRA splicing. The logos gragghical ly

demonstak thatmost of the pattem for locating the infron ends resicdes on the
intron. This allows more codon cholces in the proteincoding exons. The logos also

shicrw 2. common pattern "CAG|GT

< which sugogests hatte mechanisms thatrecoognize

the two ercds of the intron had o common ancestor. See B M. Stepherns and T. D
Schreider, "Features of spliceosoms evolution and Unction inferred from an analysis
ofthe infofmadion at bumah splice sites", 1. Mol Bid , 223, 1124-1135, {1992)

e

T ITaxrl ¥
acceptor

L

3"

cXon
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| Splice site detection

&

Position
%| -8|¢é | -2|-1101|1| 2 |é | 17
Al 26|/é |[60/9] 0| 1|54|e |21
Cl26/é |15|5] 01| 2 |é |27
G| 25|ée [12|78199| 0|41 |¢é | 27
T123/é |13 81 1 (98] 3 |é | 25

(c) Devika Subramanian, 2009
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i Weighted matrix

A Computed by measuring the frequency of every
element of every position of the site (weight)

TACGAT
TATAAT
TATAAT
GATACT
TATGAT
TATGTT

A Score for any putative site is the sum of the
matrix values (converted in probabilities) for that
sequence (log-likelihood score)

1

2

3

4

5

6

—

4 O|O|>
u|lrkr|ol|lo

| O[O O

oa|lo| | O

Ol WwW|O| Ww

4
1
0
1

oO| Ol O] O
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‘L Acceptor splice site

Consensus region from -20 to +3

Pes; 2120191817 16-15-1412312-11 109 8 7 6 S5 4 3 21 1 2 3

T,
GGGGGG A 7
" Todad

SO001010. 101020202820 30 3030203030404 00091. 8210300
Bils: 89

A weighted matrix model for scoring potential splice sites.
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i Promotor model

A Promoters
A 30% of them lack apparent TATA signal
A SO0, split model:
TATA containing promoter

4 Generated with probability 0.7
A 15 bp TATA -box WMM and 8 bp cap site WMM

A TATA -less

» Generated with probability 0.3
4~ Modeled as intergenic -null regions of 40bp

(c) Devika Subramanian, 2009 116



Transcriptional and
Translational Signals

A PolyA signal
A 6 base pairs WMM (AATAAA)
A Translation Initiation signal

A 12 base pairs WMM (6 base pairs prior to start
codon)

A Translation termination signal

A 1 of 3 stop codons according to observed
frequency

A Next 3 nucleotides using WMM

(c) Devika Subramanian, 2009 117



02 04 11 21 16 07 06 10 01 00 00
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i Donor splice site mode|

A Consensus region-3 to +6 (3 on exon,
6 on intron)

A WMM or WAM not sufficient to
model because of dependencies on
non-adjacent nucleotides.

(c) Devika Subramanian, 2009 119



MDD algorithm

Absence of nucleotide G at Eau donor splice simj
position +5 implies a great
consensus matching at
position -1.

(1254)

H=A/C/U
B=C/G/U
V=A/C/G

(c) Devika Subramanian, 2009 120



‘L MDD algorithm

Fos A% [
-3 a1 a5
-2 55 15
-1 Q 4
+ 4 3
+4 TS 4
+E 14 1=
1 4 7
-2 L] jile}
+3 40 4
+i ™ 4
+ 17 i
a 7 43
=3 g 5
4 &2 5
& 19 n
-1 ar 40
+3 7 4
+4 51 5
All sites

Base

A%

C%

%%

%%

Tl snRMNA: 3

All donor splice =ites
{1254)

G% D% For A%

15 13 1 15

15 15 ] 55

T’ 2 [ Gs j ( Hs j 1 2

51 3 1105 197 -3 =l

13 3 e et +4 51

1 &0 l \ + b

18 11 ! -

15 15 ] 41

53 3 +3 55

1& 10 + =r 4

11 42 e 5

18 3 1 b=l

51 5 +3 47

12 11 + =0

25 35 +E M

13 5 - 1 g

% 10 5014zl sGaAaVE 5 4

5 13 (L (310 + &

Position

3 -1 -1 +1 +1 +3 +4 +5 +4
33 &0 ] i} 0 49 71 & 15
37 13 4 4] 0 3 7 5 19
18 14 Bl 100 0 45 12 B4 20
12 13 T 2 1040 3 Q 5 46
G U C A U u C A
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i Using Genscan for gene finding

AModel 0s goal Il s t o gel

A Parse (X) consists of
A Ordered set of states={s ,s,, é} S
where s; WS; / j=1 to 27}
A Associated lengths (durations)
(d) ={dydy, €.} d
A It generates DNA sequence O of length
L = d‘?’zl to ndi'

(c) Devika Subramanian, 2009 122



i Running the model

A An initial state s , Is chosen according to an
Initial distribution U on the states, i.e. U, =

P(s=S)
A A length distribution d , Is generated
conditionalons ;. ¢ (éll)

A A sequence segment s, of length d , Is
generated conditional of s ; and d; I.e.

P(sls,dy)

A Subseqguent state s , IS generated,
conditional on s ,. First order Markov. a ; =
P(S(+1: Sj |S k:Si

(c) Devika Subramanian, 2009 123



i Using model

A Optimal parse can be computed by
Viterbi algorithm for generalized
HMMs (see Rabiliner o0s
section 4D, pages 269 -270).
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‘L Genscan output

GS2 2N I i | il
TAPT I I I »3 Iy LMP7
kb
0 4 8 12 16 20 24 28 32 36 40
IMP24 I | [
GS14 Il | [
N |l Il 1l1p GS3 GS4)Y 1D
A I I TAP2 DoB 1 111D
L T R PURoE 0 Py ey | Ve DR BRered | R RO ey | 4 kb
40 44 48 52 56 60 64
> ] Initial exon [J Internal exon

[> Terminal exon 2> Single-exon gene
GENSCAN predicted exon
B GenBank annotated exon
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i Genscan

A The Genscan HMM model
A Training Genscan
A Validating Genscan

(c) Devika Subramanian, 2009 126



i Evaluating gene finders

ACal cul ati ng accurac
predictions

A Several evaluation studies:

A Burset and Guigo, 1996 (vertebrate
sequences)

A Pavyeral., 1999 (Arabidopsis thaliana )
A Rogic et a/., 2001 (mammalian sequences)

(c) Devika Subramanian, 2009 127



Accuracy Metrics

actual class
_rr-ll-'-_
- B
posiiive negatve
[ fal
.- - fres falze positrves
positive true positives 4152 podt
(TF) (FF)
predicted <
. falze negatives true negatives
negative (FN) TN
.
sensitivity = v __1F
= all pos TP+FN
. - TP TP
spectficiiy =

predicted pos TP +EP

(c) Devika Subramanian, 2009
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iMeasures of Prediction Accuracy

Nucleotide level accuracy

REALITY L

. I S R
PREDICTION; ! - o
- - B
e . ___1IP
Sensitivity  Sn —
Specificit i
p y Sp ]r"):f_'.l + F'IJ'_'J
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Measures of Prediction Accuracy

Exon level accuracy

WRONG CORRECT MISSING

EXON EXON EXON
REALITY
]  mm e
PREDICTION
. g e
TE _TE
ESn Uk ESp p
, _L( TP TP TN IN |
AC= S|P+ N TP+ FP IN+FP TN+FN) ;

(TP *TN) - (FN * FP)

CC = |
((IP + FN) * (IN + FP) * (TP + FP) *(IN + FN)) 2
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i Evaluation Results

MNucleotide accuracy

Exon accuracy

Programs Sﬂﬂﬁﬂpjﬂﬁs
Sn Ap A o Efn ESp | (ESu+tEsp)2 | MFE WE PCa Plp ()8
FGENES 195¢5) | 08 038 | 084+019 | 083 | 067 | 067 | DA7H032 | 012 | 009 020 017 002
GeneMaklmon | 195(0) | 087 029 | 0244012 | 023 | 053 034 | 0354+036 | 013 011 | 029 027 009
Geria 195 (15) 091 0sa 029016 0.2 071 0o 071030 n1g 011 n1s 015 ooz
Genscan 195 (3 0935 090 091 £0.12 0.1 070 070 070032 00z o0 n21 019 ooz
HM Mzene 195 () 093 093 091 £0.13 021 0.7 077 076 £0.30 n12 007 n.14 014 ooz
Morgan 127(0 075 074 0r0+0.21 0.69 0.4da 041 043026 020 02& 0.2 025 noi
MZEF 119¢8 | 070 073 | 0624021 | 066 | 058 | 050 | 0Se+028 | 032 0 023 008 | 016 00l

|
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i Genscan and Chromosome 22

A |. Dunham, Nature 402:489 -95, 1999

A Chromosome 22

A Annotated genes: 94% predicted
partially

A Annotated exons: 84% predicted
partially

A Predicted exons: 30% more than
annotated exons. How many of them are
real exons?
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Integrated approaches for
i gene finding

A Programs that integrate results of
similarity searches with  ab /nitio
techniques (GenomeScan, FGENESH+,
Procrustes)

A Programs that use synteny between
organisms (ROSETTA, SLAM)

A Integration of programs predicting
different elements of a gene (EuGene)

A Combining predictions from several gene
finding programs (combination of experts)
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AND and OR Methods

union

Intersection
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Combining Genscan and
i HMMgene

A High prediction accuracy as well as reliability of
their exon probability make them good candidates.

111 HMMgene

A Genscan predicted 77% of exons correctly,
HMMgene 75%, both 87%
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EUI Method
‘L (exon union 0 intersection)

GENSCAN

HMMGENE

MIX1+

1. Union of exons withp 2 0.75

2. Intersection of exons withp  <0.75

3. Rule for initial exon

—linternal, p>0.75 ————  p>0.75 | ——p<0.75——  p<0.75
initial p>0.75 p<0.75
rule union intersection

(c) Devika Subramanian, 2009

136




iGene intersection (GI) method

1. Intersection of genes

2. Apply EUI method to exons
completely belonging to Gl genes
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