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Prediction of (human) gene structure

Gene identification

v" Use and development of computational approaches to
accurately predict gene structure.

v" Important due to progress of large-scale sequencing projects.

v" Part of detailed automatic (functional) annotation of genes and
genomes (sequences).

v" Ultimate goal: near 100% accuracy.

v Reduce amount of experimental verification work.



Genomes

According to National Center for Biotechnology
Information (NCBI; dec. 2007)

Complete microbial genomes: 623

Microbial genomes in progress: 912

Complete Eukaryotic genomes: 23
Assembly of Eukaryotic genomes: 183

Eukaryotic genomes in progress: 230



Categories of gene prediction programs

Gene prediction methods

/\

Ab initio Horﬂology

Gene signals | | Gene content v'translated DNA matches

\ \ known protein sequence

v'start/stop codons v'exons of genomic DNA
v'intron splice signals match a sequenced cDNA

v'transcription factor binding sites
v'ribosomal binding sites
v'polyadenylation sites

v statistical description
of coding regions

v difference between coding
and non-coding regions




Difference between eukaryotes and procaryotes

EUCARYOTES

intron exon
DNA on. o

TRANSCRIPTION

TRANSLATION

protein

Nucleus

Genome: 10Mbp-670Gbp
Human: 3Gbp

3% protein coding

Many repetitive sequences

Gene: exon structure

PROCARYOTES

TRANSCRIPTION

mRNA
l TRANSLATION

protein

No nucleus
Genome: 0.5-10Mbp

>90% protein coding
Few repetitive sequences
Gene: single contiguous stretch



Gene prediction in prokaryotes



Prokaryotes stack multiple genes together for
expression (““operons”)

Promoter Genel Gene2 Gene N Terminato

Transcription l RNA Polymerase

mRNA 5’ 3’

Ribosome, tRNAsS,
Protein Factors

Polypeptides

Translation



Gene structure of prokaryotes

Translation p-independent
start Stop transcription
Transcription Coding region Q terminator

start (@ —

‘ TTTTTT
Ribosomal \ \

binding site Start codon Stop codon
ATG TAA, TAG, TGA
(GTG, TTG)

rho-independent terminator

. Hairpin loop
Identification of these features help to 1dentify ]

omplementary | |G
the (structure of the) gene base paiting

5' URAUCCCACAG ICAUUUU 3
RNA transcript



Ribosomal binding site: Shine-Delgarno sequence

Ribosome binding site

Initation codon

3=10 nucleotides

The ribosome binding site for bacterial translation. In Escherichia coli, the
ribosome binding site has the consensus sequence 5'-AGGAGGU-3' and is
located between 3 and 10 nucleotides upstream of the initiation codon.

The sequence 1s complementary to gaucACCUCCUuaOH at the 3' end of 16S rRNA



Shine-Delgarno sequence

Shine-Dalgarno (SD) sequence which base pairs with a complementary anti-SD
sequence at the 3’ terminus of 16S rRNA in the 30S subunit

Kaminishi T (2007) Structure, 15(3), 289.



Genetic code

1st position 2nd position 3rd position
(5' end) U C ﬂ G (3' end)
Phe Ser Tyr Cys U
Phe Ser Tyr Cys C
Leu Ser STOP STOP A
Leu Ser STOP Trp G
Leu Pro His Arg U Synonymous
Leu Pro His Arg c
Leu Pro Gin Arg A C()dons
Leu Pro GIn Arg G
lle Thr Asn Ser U
lle Thr Asn Ser C
s Thr Lys Arg A
@ Thr Lys Arg G
Val Ala Asp Gly U
Val Ala Asp Gly C
Val Ala Glu Gly A
Val Ala Glu Gly G
Methionine




Determination of Open Reading Frames (ORF)

ATG must be in correct 'reading frame'

Protein: Lys-Pro-Arg-Phe-Leu-Trp-Lys-Glu

LA NN NN

DNA: CGACCGATG.AAG.CCG.CGT.TTT.TTA.TGG.AAA.GAG......

| \

Translation initiation ATGQG not 1n correct
site reading frame



Determination of Open Reading Frames (ORF)

T I ORF (open reading frame)

Transcription

start Start codon Stop codon

ATGJACAGATTACAGATTACAGATTACAGGA-
Frame 1

Frame 2

Frame 3



Determination of Open Reading Frames (ORF)

Each sequence has 6 possible reading frames that potentially
encodes a proteins

— 3 in each direction (sense and anti-sense)

Problems:
v'There will be many "ORFs* occurring by chance
v'Some will be short - how do we know which are true?
v'Introns make this useless in Eukaryotic DNA



Finding ORFs

Many more ORFs than genes
— In E.Coli one finds 6500 ORFs while there are 4290 genes.

* Inrandom DNA, one stop codon every 64/3=21 codons on
average.

* Average protein i1s ~300 codons long.
=> search long ORFs.

* Problems:
— Short genes
— Overlapping long ORFs on opposite strands



Statistical approaches

Many sequence analyses require calculating some
statistic over a long sequence looking for regions where
the statistic 1s unusually high or low

To do this, we define a window size to be the width of
the region over which each calculation 1s to be done

Example: %G+C “coding potential”

M

overlapping windows of 50nt = calculate %GC for
cach window

DNA




Compositional differences between coding and non-
coding regions
Detect regular but very diffuse patterns in DNA sequences

« The patterns arise because:

— Organisms have a detectable preference for G or C over A and T in the
third position in a codon (in coding region).
— The genetic code is degenerate
« Synonymous codons are not used with same frequency (codon bias)
— Codon usage varies from
e gene to gene
e organism to organism

— Unequal usage of amino acids in proteins sufficient to cause bias in all
three positions of codons.

 Biological basis, e.g.,
— Avoidance of codons similar to stop

— Preference for codons that correspond to abundant tRNAs within the
organism



G+C bias In third position

70 |
E e ;
g 60 GC content
20, human genome |«

2
R 401 L
g 30 y o5.64- 2153, R =0.42 |
B H : S U ——
E . G 20 40 6 S0 100
" : CCyp. %
= 104 H3
o
E u ] L] ) = 1 L I ¥ 1 T L] T 1 =
25 10 35 40 45 50 55 60 /
750 4 human '
%G+C ] 4 m
200 n=4270 i L
Number | ~ 71 L

Isochores: > 300 KbDNA segments
with homogeneous GC composition:
GC-poor (L)

GC-rich (H1, H2)

GC-very rich (H3)

Bernardi G (1995) Annu Rev Genet., 29, 445
D'Onofrio G (1992) Gene, 110(1), 81

of genes 150 1 1 H

100 1

50 _I"[ hh
0 ,
0.1 23456738209

%G~+C 1n third codon position




Codon usage In E. coli genes

CODON USAGE IN E. cOLI GENES!

Codon Aming g d Ratind Codon Aming % Eatio Codon Aming " Ratio Codon Aming oS Ratin
| apid® arid arid arid ]
Uluvww|pred) | 19 | 051 |vcu | se@m | 11 |09 |vav| Tam | 16 | 053 |ucu |cys@| 04 |04 |U
UuC | Phe @) | 18 | 049 |vUce | sa@ | 10 (017 |uac | Tmm | 14 | 047 |Uee | oysigp| 06 |57 |C
UUA | Lenmy | 10 || 011 |JUca | Sexgm | 07 | 012 |usa| gror | 02 | 062 |uca | sor |01 |030 [A
UUG | Lengy | 11 || 011 ||uce | sem | 08 | 015 |uac | sror | 003 oo |uee |Tipem| 14 | 100 |G
Clew | Lengy | 10 |[010 ||ccu| Prom | 07 |05 |cau| Hism | 12 |05 |cou | apm |24 |04z |U
cuc | Len@ | 09 |[0.10 || coe | Prog | 04 |00 |cac | His@ | 11 | 048 |cee | Arem |22 |o37 |C
CUA | Lenmy | 03 || 005 |[|cca | Prom | 08 | 020 |caa| ey | 15 | 031 |cea | argm | 035 |o0s |A
cuG | Lenm | 52 || 055 ||cce | Prom | 24 | 055 |cac | ciny | 29 | 089 |coe | argm |05 |ooe |G
Alaw/| e |27 | 047 |acUu | Tem | 12 | 021 | AU | Asupn | 16 | 039 |acU | Segg |07 |03 | U
AuC | Tem |27 | 046 |Acce | Tmm | 24 | 045 | AAc | aspn | 26 | 061 |Ace | Segg | 15 |o27 |C
AUA| Iem |04 [ 007 |AcA|Tmm |01 |030 |AsA|Lys®) | 38 | 076 |AGA | Aremy |02 004 |A
AUG |Metpn | 26 | 100 |ace | Tmm | 15 |023 |aae | Lsmi| 12 | 024 |ace | aem |02 |00s |G
Glouu| vaim | 20 | 029 |cou | A | 18 |09 |caUu| Aspmi | 35 | 099 |ceu |Gy |28 |oss | U
guc | valw | 14 | 020 |cee | Al | 23 | 025 |cac | aspmy | 235 | 041 |Gee | Gy |30 |04 |C
GUA | valm | 12 | 017 |cca| am@w | 21 | 022 |cas| cum | 44 | 070 |Gea | Gy |07 009 |A
GUG | valm | 24 | 034 |oce | Amw | 32 | 03¢ |cac| cnm | 19 | 030 |Gee | Gy |09 |01 |G
U C A G

1 The data shown in this table is from the Arabidopsis Research Companion on the World Wide Web (//weeds/fugh harvard edu). Codon
frequencies for many other bacteria can be found at http:/imongan.angis su.ozaw/ Angis Tables il
2 The letter in parenthesis represents the one-letter code for the amino acid.

% % represents the average frequency this codon is used per 100 codons.

4 Ratio represents the abundance of that codon relative to all of the codons for that particular amino acid.



Codon usage In E. coli genes

Codon | Amine | %7 | Ratiod
a3
| Phe (F) | 15 051 Leucine
Phe (F) | 18 | 049
Leu() | 10 0.11
1.1 0.11
1.0 0.10
0% 0.10
0.3 0.03
3.2 0.35

Average frequency that this codon Abudance of that codon relative to all
Is used per 100 codons codons for that amino acid



Codon preference

A codon preference parameter is calculated for

— each codon in the reading frame based on the codon's frequency of
occurrence (f) and the total number of occurrences of its synonymous
family (F) in the codon frequency table,

— and the calculated occurrences of the codon () and its synonymous
family (R) in a random sequence with the same base composition as the
sequence being analyzed.

Preference parameter for codon p is given by:
t/F

W
W
Codon preference statistic: p=el i;ﬂlngpi}fw = (Mpy /v

(w = number of codons in window) i=0

Gribskov (1984), NAR, 12(1), 539.



Codon preference E. coli rpoBC operon

Codon Preference

——— ) A 1

. - - - _l-_'—-_l__-l-ﬁlu-l_:---—l—.u — 1
0 5000 . 10000
Base Pairs
Fig. 2. Codon preference plot of the E. coli rpoBC operon. Rare codons,

2.5% of synonomous family or less, are marked, w = 50,



Testing for non-randomness: TESTCODE

— Test for period-three compositional bias in DNA
 Test for bias in every position in a codon

 This exploits any bias in the third codon position

— Use statistic developed by J. Fickett's (TESTCODE)

 Independent of reading frame

Fickett (1982) Nucleic Acids Research, 10(17), 5303



Position parameter for the ‘A’ nucleotide

Calculate position parameter for sequence in a window

A-position = max (fAposl, fApos2, fApos3.)
min (fAposl, fApos2, fApos3,)+1

AT TAGACA GAGATCATAGAACAGAATATAATA
‘ 1,2,2 22/(1+1)=1 |

ATTAGACAG AGATCATAGAACAGAATATAATA

‘ 2,22 >2/(2+1)=0.66 |

CATTAGACAGT GATCATAGAACAGAATATAATA
‘ 2,2,1 22/(1+1)=1 |

Count the frequency of 'A'" at position 1, 2 and 3 for all codons




Position parameter

Calculate four position parameters for sequence

A-position = max (fAposl, fApos2, fApos3,)
min (fAposl, fApos2, fApos3,)+1

C-position = max (fCposl, fCpos2, fCpos3)
min (fCposl, fCpos2, fCpos3)+1

G-position = max (fGposl, fGpos2, fGpos3)
min (fGposl, fGpos2, fGpos3)+1l

T-position = max (fTposl, fTpos2, fTpos3)
min (fTposl, fTpos2, fTpos3)+1l

Provides information
about bias for nucleotide
to be at specific position




Content parameters

Calculate the four content parameters for
sequence in the window

A-content = %A (expressed as a fraction)
C—content = %C
G-content = %G
T—-content = %T



“Probability of Coding’ table

For each value of the position/content parameter

you can obtain a probability P that the sequence 1n

the window 1s coding.

Position Parameter Probability of Coding
0.0 to 1.1 Ar .22 C: .23 G: .08
1.1 1.2 « 20 « 30 .08
1.2 1.3 « 34 .33 « 16
1.3 l.4 « 45 .31 27
1.4 1.5 «68 48 48
1.5 1.6 .58 « 66 «53
1.6 1.7 «93 .81 . b
1.7 1.8 « 84 « 70 « 74
1.8 1.9 .68 « 70 .88
1.9 2. 0+ « 34 .80 .90

Content Parameter Frobability of Coding
-ﬂ‘u to I-l? A 1-.21 ‘:: 1-3} G‘: -Ig
«17 «19 .81 39 .33
.19 +21 .63 oGk .41
« 21 .23 «67 +43 .4l
«23 +25 A9 «39 «73
+25 «27 .62 « 59 « Bl
.27 .29 +55 « B « bl
«29 «31 « 44 531 &7
.31 .33 49 « Bl « 54
«33 «99 .28 «B82 « &0

T:

: .09
.09

« 34
« 4k
.69
« b8
Igl
.97
.97

«58
«3l
«69
lsﬁ

«535
Iq'ﬂ
-39
« 24
- 28




“Probability of Coding” table

Example 1. 0.45 (45%) of the time a sequence with an
A-position parameter = 1.35 was a coding seguence.

Example 2. 0.27 (27%) of the time a sequence with a
G-position parameter = 1.35 was a coding sequence.

Fosition Parsmeter Probability of Coding
0.0 to 1.1 Ar .22 C: .23 G: .08
1.1 1.2 « 20 +30 .08

— 1.2 1.3 « 34 «33 «16
1.3 1.4 \p.ns ST—p 27
1.4 1.5 « 68 48 A8
1.5 1.6 .58 « 66 «53
1.6 1.7 «93 «B1 « 64
1.7 1.8 « B4 70 « 75
1.8 1.9 « 68 « 70 .88
1-9 2.-0"' tgﬁ -|BD IW

Content Parsmeter Probability of Coding
IW To Il? A .1‘1 'f-': .:ﬂ G‘: -29
«17 19 «B1 +39 .33
.19 «21 63 «Gh |
«21 23 «67 o3 « 41
«23 + 25 49 +39 73
« 25 « 27 « B2 59 « 64
£ 27 « 29 +55 + B4 » Bl
« 29 31 o by +51 &7
« 31 +33 49 « B o 54
«33 .99 .28 .82 A0

T: .

T: .




Generation of “Probability of Coding” table

-Originally, 321 coding and 249 non-coding sequences were
analyzed

-Table contains the frequency that a coding region occurred
when the parameter was within the defined limits.

Complete set of 321 coding sequences+
249 non coding sequences

Y

A,C,T,G-position measures

A 4

Select sequences with 0.0<A<1.1 | 22% of these sequences were coding

This 1s value in table



Generation of “Probability of Coding” table

321 coding sequences

A-position
A-position
A-position

A-position

249 noncoding sequences

A-position
A-position
A-position

A-position

321 coding sequences

A-position
A-position
A-position

Select sequences
with 0.0<A<1.1

A-position

—

249 noncoding sequences

A-position
A-position
, A-position
22% of all red
sequences A-position
1s coding




Prediction rule

Prediction

If the Probability of Coding > 0.5 then the
position parameter for this region is said to
Indicate that the region is coding.

Position Parsmeter Probability of Coding
0.0 to 1.1 C: .23 G: .08
. 1.1 1.2 .30 .08
Very simple rule! Lz e R
" 1.3 L4 .27
1.4 1.5 .48 A8
1;5 l.ﬁ ﬁ .5
1.6 1.7 Bl -t
1.7 1.8 . 70 o714
1.8 1.9 70 .88
1.9 zr‘}" -ID .I
Content Parsmeter Probability of Coding
00 to .17 Ar .21 c: .31 G: .29
.17 .19 .81 .39 .33
.19 «21 63 44 o4l
«21 .23 67 +43 Y
.23 «25 49 « 59 «73
« 25 =27 .62 «59 « B
.27 «29 «55 .64 « B
+29 -31 o bb +51 &7
.31 .33 <49 .64 « 54
«33 .99 .28 « 82 + &0




Determine weights for position/content parameters

-Test 321 coding sequences again to obtain weights

N=321 coding sequence

A

A-position measure

A

Prediction rule

P<=0.5

Non-coding

P>0.5

x Coding

Weight Wa=x/N

Similarly we obtain weights for the
other position measures and content
measures.

8 weights in total
Weight is fraction of sequences for

which simple prediction rule (P>0.5)
1s correct.



Welight table

Weights
Position Content
A 0.26 0.11
C 0.18 0.12
G 0.31 0.15
T 0.33 0.14
Position | Probability
parameter | of coding Example. A-position parameter
: is 1.35 = probability of coding=0.45.
» Weight
Content | __[ robabily Welght (confidece) fo A-positin
parameter of coding
* Weight




Testcode Indicator

Testcode Indicator =P, W, + P,W, +................. + PyWy

This values is traditionally plotted for a moving window
over the sequence

Coding
Testcode }p-—————— - __ 0.95
Indicator o
No opinion
—————————————————————————————— 0.74
Non-coding

Sequence position



Fickett’s Testcode

TESTOODE of gb_borEssempo okt T78, 1 tat 2270
Hirdow: 200 bp Ootober 6. 1958 10254

1+

10 A

Tast ok
on
E—-:

T T T T T T T T T T T T T T T T T
1 ol 1, D] 1,E00 2,000

ORF1 ORF 2



Statistical models

These statistical methods, which are based on empirical
rules 1dentify only typical genes and tend to miss
atypical genes.

We need more sophisticated statistical models



Unknown sequence:
gene or not?

Markov chain models

compare
Gene sequences
ctgagtctcgaatgccgagatac
dinucleotide f(gene) f(non-gene)
aa 1000 500
Count transitions at 600 610
between nucleotides . | ac

Non-gene sequences
ctgagagagacacacagactacag




Markov chain models

e a Markov chain model 1s defined by:
— a set of states
* some states emit symbols

« other states (e.g. the begin state) are silent

— a set of transitions with associated probabilities



Markov chain models

transition probabalities

state r"\’) O Prix,=a|x_ =g)=016
Prix =c x_ =g)=034

/ Pr(x, = g |x,, = £) =038
transition Prx =t|x_ =g)=012




Markov chain models

* given some sequence X of length L, we can ask how probable
the sequence 1s given our (gene) model

« for any probabilistic model of sequences, we can write this
probability as

* key property of a 1st order Markov chain: the probability of
each X; depends only on X,

Prix)=Prix;x,; ) Prix;_, | x;_,)...Prix, | 2 ) Pr{x))
I
= Pr(x; ]]‘[ Pr(x, | x,)

=4



Markov chain models

Pr(cggt) = Pr(c)Pr(g|c)Pr(g|g)Pr(t|g)



Markov chain models

Can also have an end state, allowing the model to
represent:

* Sequences of different lengths

 Preferences for sequences ending with particular symbols

b end




Higher order Markov Chains

* The Markov property specifies that the probability of
a state depends only on the probability of the previous
state.

* We can build more “‘memory’ into our states by using
a higher order Markov model

 nth order Markov model:

Pr(x, | x,_,,x;, ,,---, %) =Pr(x; | x._;,.... )



Higher order Markov chains

* An nth order Markov chain over some alphabet is

equivalent to a first order Markov chain over the alphabet
of n-tuples

Example:

* a 2nd order Markov model for DNA can be treated as a 1st
order Markov model over alphabet:

AA, AC, AG, AT, CA, CC, CG, CT, GA, GC, GG,
GT, TA, TC, TG, and TT

(i.e. all possible dinucleotides)



A fifth order Markov chain

AAAAA

CTACA
CTACC Pr(A | GCTAC)
CTACG
CTACT Pr(C | GCTACQ)

begin

Pr(GCTAC)

GCTAC

Other transitions are NOT
possible!

ITTTT




Inhomogeneous Markov Chains

* In the Markov chain models we have considered so far, the
probabilities do not depend on where we are in a given
sequence

* In an inhomogeneous Markov model, we can have different
distributions at different positions in the sequence

* Consider modeling codons 1n protein coding regions



Inhomogeneous Markov Chain

Transition probability A 2> T
depends on position in codon

begin

Always same
transition probability
frome.g., A>T




A fifth order inhomogeneous Markov chain

AAAAA

AAAAA

AAAAA

CTACA

CTACA

CTACC

CTACC

CTACG

CTACG

CTACT

CTACT

TACAA

TACAC

TACAG

CCTAC

GCTAC

TACAT

TTITT

TTTIT

ITTTT

position 1

position 2

position 3




Selecting the order of a Markov chain model

* Higher order models remember more “history”
« Additional history can have predictive value
Example

Predict the next word in this sentence fragment
“...fimish 7 (up, it, first, last, ...?)



Selecting the order of a Markov chain model

* Higher order models remember more “history”
« Additional history can have predictive value

Example
Predict the next word in this sentence fragment
“...fimish 7 (up, it, first, last, ...?)

Now predict it given more history

29

“Fast guys finish



Selecting the order of a Markov chain model

« However, the number of parameters we need to estimate
grows exponentially with the order (n)

— For modeling DNA we need parameters for an nth order model;
with n > 5 normally

« The higher the order, the less reliable we can expect our
parameter estimates to be

— Estimating the parameters of a 2nd order homogenous Markov
chain from the complete genome of E. Coli, we would see each
word > 72,000 times on average

— Estimating the parameters of an 8th order chain, we would see
each word ~ 5 times on average (too few examples to estimate
transitions probabilities)



Interpolated Markov models

 The IMM idea: manage this trade-off by interpolating among
models of various orders

 Simple linear interpolation:

Pl (6 | Xy X, ) = Ay Pr(x;)
+A4, Prix | x )

+A Prix |x_...x_)

Ti—0

+ where Zﬂ_, =1



Interpolated Markov models

* We can make the weights depend on the history

— For a given order, we may have significantly more data to estimate some
words than others

« General linear interpolation

Proo (2 1 x oo x_ ) = A, Pr(x,)
T "11 [:I.'—'_ ::I Pﬂ:'ﬁ:.‘ | Xi] :I

_l_':ll'."i 'I:I_._-_,---.__I_._E}PI'I:II: A '-'"'="-'|".J'—:':'::I



GLIMMER

Probability that model M generated sequence S:

M) = Z IMM,(S.)

x=1

P(S

S, = oligomer ending at position x
n = length of sequence
IMM,(S,) = 8t-order IMM

> Oligomer S, DNA sequence
TGCAATGGCCTTCC n
N "
Normal Markov Model:

8t-order MM: probability P(T|CAATGGCC) that these 8 bases
predict base T at position x.



GLIMMER: recursive definition of IMM

=100 ..
A Oligomer S, DNA sequence
TGCAATGGCCTTCC n
N "

recursive definition

1) Pr( Sr) + [ 7\1((515 — 1)] — I(SY)

([ 1- A5(Sg9) ) x IMM;(S )

Glimmer computes the probabilities
of each base a,c,t,g following all
kmers for 0<=k<=8

IMM(Sy) = Nl S

IMMS(SIOO) 7L8(899)

weight associated
with kmer (k=8) ending
at position 99

1s zero if probability
associated with CAATGGCC
could be estimated with
sufficient reliability

Oth-order: prior probabilities

For each kmer it computes a weight




GLIMMER

x=100

Oligomer S, DNA sequence

TGCAATGGCCTTCC n
N "

IMMi(Se) = M~ 1) ® Pr(Se) + [1 = A(Se — 1] * IMM — 1(S)

IMM;(S100)=As(Sgg) X Rg(S190) + [1- A5(Sg9)] X@

IMM(S;50)=A+(Sg9) X@7(SIOD + [1- A5(Sg9)] X IMM(S, )

IMM; (S ;00)=A1(Sg9) X P(S ;) + [1-241(Sg9)] X IMM(S,)

IMM,(S,00)=Po(S100) (prior probabilities)



How does GLIMMER determine weights?

The weight values of A, (S,) associated with P,(S,) can be
regarded as a measure of confidence 1n the accuracy of this value

as an estimate of the true probability.

IF the number of times we see a certain history in our training set
X; 1 > 400 THEN A (X X)) =1

1_n, .......

In this case lower order kmers are not considered



How does GLIMMER determine weights?

If we haven’t seen X; ;... X;., more than 400 times, then
compare these counts with the next shorter history:

n't-order history (n-1)"-order history
Xi fperennns X: 1,4 Xi i peennens X: 1,4
Xi perennns X: 1,C Xi i peennens X: 1,C
Xi perennns X 1,8 Xi i fpeennens X: 1,8
), CHN Xi 1»t ), T Xi 15t

Use a statistical test ( %) to get a value d indicating our
confidence that the distributions represented by the two sets of
counts are different = prefer shorter history



How does GLIMMER determine weights?

Count

« putting it all together

1 Xy X, ) =400
,1_” 1:_'_!['._1____ - Ir'—."i] — -e: o EI!I-:T'I_.';:I:-]E]I'I_E} elseifd =02
0 otherwise

where € (0.1)

v? score when comparing n"-order
with n-1%"-order Markov model



Gene prediction in Eukaryotes



Gene prediction in Eukaryotes

EUCARYOTES

nucleus

intron exon
DNA e

TRANSCRIPTION

RNA

\J

TRANSLATION

protein sems———

Nucleus

Genome: 10Mbp-670Gbp
Human: 3Gbp

3% protein coding

Many repetitive sequences

Gene: exon structure

PROCARYOTES

TRANSCRIPTION

mRNA
l TRANSLATION

protein

No nucleus
Genome: 0.5-10Mbp

>90% protein coding
Few repetitive sequences
Gene: single contiguous stretch



Complexity Eukaryotes
« Finding genes in Eukaryotes is difficult due to variation in gene structure

 Example:

— Average vertebrate gene 1s 30Kb long out of which coding sequence is
only about 1Kb

— Average coding region consists of 6 exons of about 150bp

— Dystrophin: 2.4Mb long
— Blood coagulation factor VIII: 26 exons (69bp to 3106bp)
 Intron 22 produces 2 transcripts unrelated to this gene.



Intron and exon length

a 7
— Hurman
6 - —Worm
/\\, —Fly
2 51
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0 100 200 300 400 500 600 700 80C

Exon length (bp)

401
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20 1

Percentage of introns

B Human
B Worm ||

| Fly

<100 bp 101 bp-2 kb 2 kb-5 kb
Intron length

=30 kb



content

GC

B Genome
M Genes

_— = = = @ o=

GC content

Lander (2001) Nature

GC content



Eukaryotic genome structure

Gene A Gene B
G < >
CpG island
(higher G+C content,
gene marker
S e
Tandemly repeated DNA elements
G

ﬁ

Dispersed repeats (SINEs (e.g., Alu), LINEs)




Eukaryotic genome structure

Regulatory sequences (e.g., enhancers)

Gene A / \ Gene B
DNA OO N
Exon ntron
DNA
RNA polymerase 11 Transcription
Promoter elements

pre-mRNA E— T —{—{



Eukaryotic genome structure

pre-mRNA EEEe—llLlTT—ll

< UTR l Splicing Y UTR

MRN A_AAAAAAAAAAAAAAAAAAAA

coding sequence

Translation of codons




Exon - Intron structure

Transcription

P
<

GA-intron-TG exon}— 3’

51
DNA
3’

» Transcription

5" | exon | exon | AAAAAAAAA 3’

OR (in GenBank)

(Reverse-complement of sequence)

A cxXxon GT—intron—AG cxon A 5’

3’ -5’ sequence Is
In genome database




Exon - Intron structure

Exon Intron Exon Intron
/ Donor: A for-
Splice (C,A)AG/GT(A,G)AGT cceptor:
Sp CAG/G
Ites

Branch point signal :
CT(G,A)A(C,T)
Remind: (10-50bp upstream from acceptor)
eAlternative splicing

*AT-AC Introns (rare)



Polyadenylation signal

Eukaryotic mRNAs are polyadenylated, i.e., have up to 250 A’s added to
their 3’ end after transcription terminates.

Signals:
T
DNA *
AATAAA - >CA - *YGTGTTYY

10-30 bp 10-20 bp



Kozak sequence

DNA coding sequence -

CCGCCATGG

start codon

2.0

Sequence logo

bits

0.4-
0.3- A

u.z— (
u.1—
0.0-

_.-—""‘-.._-C_‘ — ..-"'_"‘--...

-4 -3 -2 -1 Start Codon




Anatomy of a Eukaryotic Gene

Proximal C o POl II, Basal TFs blIld
control elements ore
promoter
/\ ’ $€art of transcription  gnA Poly(A) site
:—
GC box CAAT box TATA box Inr Exon 1 Exon 2 Exon 3
DNA - * S i \ —t— i " —— B
GGGCGG  GCCCAATCT TATAAA | Intron Intron ] B
-100 -80 -25 +1
o/ —
4 4 5" untranslated 3’ untranslated
region (leader) region (trailer)

Sl een Weslay Longran, Ine.

CAAT Box  TATA Box

Cis-regulatory Elements may be located thousands of
bases away; Regulatory TFs bind.



Hidden Markov Models - HMM

Co—
Cao—

-
Hidden states
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Hidden Markov Models - HMM

Coin-Tossing Example

~transition probabilities

<L emission probabilities

l Fair/Loaded
" l

(@)
Head/Tail
Predict hidden state from observations




Hidden Markov Models - HMM

C-G Islands Example

C-G islands: Genome regions which are very rich in C and G
q/4

D

Regular
DNA

5o
(1-PY/4
C-G island » 4

(1-9)/6

G- » >}
e







States (colors)

In a_‘t%_ene eacth Startcodon  codons  pgonor site

emitting ¢.a,1.9 oo AT T TaAGTGAG
] o ATGCCCTTCTCCAACAG

with Sp@lelC Transcription /

frequencies st

------

Exon

Promoter ~ ° UTR CCTCCCAGECCTGECCA

Acceptor site

Intron

Poly-A site

- -<

Stop codon GGCAGAAACAATAAA' el Yo
GATCCCCATGCCTGAGGGCCCCTC 7’



Hidden Markov Models (HMMs)

Hidden State

Distinguish between the observed parts of a problem and the
hidden parts

In the Markov models we have considered previously, it 1s clear
which state accounts for each part of the observed sequence

In the HMM there are multiple states that could account for each

part of the observed sequence
— this 1s the hidden part of the problem
— states are decoupled from sequence symbols



GeneScan (Burge & Karlin, 1997) ?"g,e

?‘g frame-aware

RO

Generalized HMM (GHMM) 0'
Each state may output a string &

of symbols (according to some @a -

probability distribution).

Forward (+) strand

both strands - -——— - - —— - — imgene

Reverse (-) strand

Exons: separate states for 1nitial,

terminal, single and internal exons



GENESCAN

g
/

Forward (+) strand @ Forward (+) strand

Reverse (-) strand W Reverse (-) strand

AGGACAGGTA CGGCTGTCAT CACTTAGACC

TCACCCTGTG

TGGTATCAAG

GTTACAAGAC

AGGTTTAAGG AGACCAATAG AAACTGGGCA

TGTGGAGACA

GAGAAGACTC]

TTGGGTTTCT GATAGGCACT GACTCTCTCT

ACCCTTA

GATGTTTTCT

TTCCCCTTCT

TTTCTATGGT

GCCTATTGGT

TGAGTCTA

CTATTTTCCC|

TGGGACCCTT]

TAAGTTCATG

TCATAGGAAG

GGGAGAAGTA

ACAGGGTACA

GTTTAGAATG

GGAAACAGAC

GAATGATTGC

ATCAGTGTGG

AAGTCTCAGG

ATCGTTTTAG

TTTCTTTTAT

TTGCTGTTCA

TAACAATTGT

TTTCTTTTGT

TTAATTCTTG

CTTTCTTTTT

TTTTCTTCTC|

CGCAATTTTT

ACTATTATAC

TTAATGCCTT

AACATTGTGT

ATAACAAAAG

GAAATATCTC

TGAGATACAT

TAAGTAACTT

AAAAAAAAAC

TTTACACAGT

CTGCCTAGTA

CATTACTATT

TGGAATATAT

GTGTGCTTAT

TTGCATATTC

ATAATCTCCC

TACTTTATTT

TCTTTTATTT

TTAATTGATA

CATAATCATT]

ATACATATTT

ATGGGTTAAA

GTGTAATGTT

TTAATATGTG

TACACATATT]

GACCAAATCA

GGGTAATTTT

GCATTTGTAA

TTTTAAAAAA

TGCTTTCTTC

TTTTAATATA

CTTTTTTGTT

TATCTTATTT

CTAATACTTT

CCCTAATCTC|

TTTCTTTCAG

GGCAATAATG

ATACAATGTA

TCATGCCTCT

TTGCACCATT

CTAAAGAATA

ACAGTGATAA

TTTCTGGGTT

AAGGCAATAG

CAATATTTCT]

GCATATAAAT

ATTTCTGCAT

ATAAATTGTA

ACTGATGTAA

GAGGTTTCAT

ATTGCTAATA

GCAGCTACAA

TCCAGCTACC

ATTCTGCTTT

TATTTTATGG

TTGGGATAAG

GCTGGATTAT

TCTGAGTCCA

AGCTAGGCCC

CATGTTCATA

CCTCTTATCT

TCCTCCCACA

TTTTGCTAAT]

TGATGT




Neural Networks for gene prediction

What are Neural Networks?

*Neural Network is a computer program that learns to recognize patterns from a
given a training set of data. Subsequently, NN are used to determine whether such
patterns exist in new data.

*The name derives from the fact that originally they ware intended to imitate human
brain.



Neural Networks for gene prediction

e Artficial neurons: the nodes of the network

Input

Input

Input

Weight

Weight

Weight

,,computational unit*

Output

Activation |

function

|

(Threshold)

Simple processing: sum

Complex: can be a NN 1n 1itself




Neural Networks for gene prediction

,computational unit*

Input Weight
Output
Input Weight Activation
function
(Threshold)
Input Weight

= Weighting factor — A neuron receives many simultaneous inputs. Each input has
1it’s own relative weight (W)

» Summation function — Processing in the usual artificial neuron consists of
computing weighted sum.

" Transfer function — the result of the summating function is transferred via transfer
function. Transfer function usually compares the weighted sum against some
threshold value and may transfer no signal is the value 1s below the threshold.



Neural Networks for gene prediction: GRAIL I

score of Bmers in candidate region )

score of 6Gmers in flanking regions { )

Input layer

Uberbacher EC, Mural RJ (1991) Proc Natl Acad Sci U S A., 88(24), 11261.
Uberbacher EC, Xu 'Y, Mural RJ (1996) Methods Enzymol. 266, 259.



Pattern discrimination methods

« Represent a DNA segment as a list of scores (features),

including preference score, Markov score, splice junction scores,
length, G+C composition, .......

* Find simple mathematical functions that can best
separate different classes of training data

linear discriminator guadratic discriminator

Y=aX2+bX+c



Pattern discrimination methods

Linear discriminant functions

FGENEH

Solovyev VV, Salamov AA, Lawrence CB (1995) Proc Int Conf Intell Syst
Mol Biol., 3, 367.

Quadratic discriminant function

MZEF (Michael Zhang's Exon Finder)
Zhang MQ (1997) Proc Natl Acad Sci U S A., 94(2), :565.



Similarity-Based Methods: Database Search

In different genomes: Translate DNA into all 6 reading
frames and search against proteins (TBLASTX,BLASTX, etc.)

Y Y Y Y

I ) {
ATTGCGTAGGGCGCT
TAACGCATCCCGCGA
\ A A A A )
A A A A

Within same genome: Search with EST/cDNA database
(EST2genome, BLAT, etc.).

Problems:

e Will not find “new” or RNA genes (non-coding genes).
* Limits of similarity are hard to define

« Small exons might be overlooked



Similarity-Based Methods: Comparative Genomics

Idea: Functional regions are more conserved than non-
functional ones; high similarity in alignment indicates gene

human

m

GGTTTT--ATGAGTAAAGTAGACACTCCAGTAACGCGGTGAGTAC----ATTAA

I LR HEEEE e eyt | |
C-TCAGGAATGAGCAAAGTCGAC---CCAGTAACGCGGTAAGTACATTAACGA-

Advantages:
—  May find uncharacterized or RNA genes

Problems:
—  Finding suitable evolutionary distance
—  Finding limits of high similarity (functional regions)



EST2Genome: principle

DNA

4 —

V I
BLAT Alignments of mRNA/ESTs against genome

mRNA / EST sequences from GenBank (NCBI)
Alignments of these sequences to the genome (UCSC)




EST2Genome: principle

+ strand

DNA

\V/ - strand

Assign orientation (polyA signal/tail, exon boundaries, annotation)



EST2Genome: principle

+ strand ‘

\4 © - strand ‘

Determine overlap: 3 genes

DNA




Hybrid transcriptional unit

Erroneous transcriptional unit
that contains both the splicing factor 3a,
subunit 2 (SF3A2) and anti-Mullerian

hormone (AMH) gene. _ _
anti-Mullerian hormone

e 1

splicing factor 3a, subunit 2 =

artifact
sequence

1 -wrﬂ “’r’?i:fﬁrv:wm

"!‘! i

r

:'IIIIIIII'iIIIl"mmu_-:IIIﬂlllli-P.




Performance evaluation



Measuring Predictive Accuracy

« Several measures for accuracy have been proposed:
— Coding nucleotide.

 For the test sequence the predicted coding value (coding,
non-coding) is compared with true coding

— Exonic structure

 For test sequence the predicted exons are compared with
the true exons.

— Protein product

» The predicted and true protein product are compared



Evaluation of nucleotides

e TP = positive instance correctly predicted as positive

‘ Richt! FP = negative instance incorrectly predicted as positive
~ TN = negative instance correctly predicted as negative

FN = positive instance incorrectly predicted as negative




Evaluation of Predictions

T
Predicted rue

False

Actual

True False

TP

FP

FN

TN

Predicted
gy s
Positives
PP=TP+FP False
Positives

PN=FN+TN

AP=TP+FN AN=FP+TN

+ Sensitivity: S, =TP/ AP

- Specificity: S, =TP/ PP



Evaluation of Predictions

Actual
True False

True | TP | FP PP=TP+FP

Predicted

False| FN | TN PN=FN+TN
AP=TP+FN AN=FP+TN
- Sensitivity: S, =TP / AP = Coverage

In English? Sensitivity is the IMPORTANT: Sensitivity alone does

fracti £ all tive inst not tell us much about performance
raction ot all positive instances because a 100% sensitivity can be

having a true positive prediction. achieved trivially by labeling all test

cases positivel

* Specificity: S, =TP/ PP _ 5. a1

In English? Specificity is the
fraction of all predicted positives
that are, in fact, frue positives.




Exon evaluation must have identical start/stop coordinates

(a)  EVALUATION AT NUCLEOTIDE LEVEL (b) EVALUATION AT EXON LEVEL
I i W s B i | | i B e I iy |
I e B — - | I e B— - |
| | e |

1 [ |

/] & ] e

np
3

[ Jewmcmronser [ eeoicrionser [0 truercsmves [ | ruserosmves [ Fause nesatives

Figure 3
Gene Feature Projection for evaluation. The process of projecting genic features into unique nucleotide and exon coordinates in order to compute the
accuracy values (see text for details).



Evaluation of different proarams at nucleotide

(a)
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Promoter and Regulatory Element Prediction



Prokaryotic Promoters

* RNA polymerase complex recognizes promoter sequences located
very close to and on 5’ side (“upstream”) of transription initiation
site

« Prokaryotic RNA polymerase complex binds directly to promoter,
by virtue of its sigma subunit - no requirement for “transcription
factors” binding first

* Prokaryotic promoter sequences are highly conserved:

» -10 region
» -35 region



Promoter structure in prokaryotes (E. coli)

Promoter structure in prokaryotes

mRNA

5" mm PUPUPUP UP UPUP UPU alG
-30 100 +1
Promoter + ]
transcription start site
mRNA
-30 region -10 region
TTEACA TATAAT
AACTAET ATATTA
-36 -31 -12 -7 +1 +20
Pribnow box
TTGACA TATAAT

82 84 79 64 63 45% 79 95 44 59 51 96%

consensus sequences

Transcription starts at
offset 0.

* Pribnow Box (-10)
* Gilbert Box (-30)



Promoter prediction in E. coli

Method most often used:

1. Align set of promoter sequence by the position that
marks the known transcription start site

2. Search for conserved regions



Promoter structure in prokaryotes (E. coli)

Gene

aralfiAl
arall
bind
bl
galP2
lae

lacl
rrnAl
rrndd i
rrmld
RNATT

trp

Consensus
SCQUeTCe:

—3a rl:g'inn Pribnow hox Initiation
i—10 region) site (+1)

GGATCCTACCTGACGCTTTTTATCGCAACTCTCTACTGTTTCTCCATACCCGTTTTT
GCCGTGATTATAGACACTTTTGTTACGCGTTTTTGTCATGGCTTTGGTCCCGCOCTTTG
TTCCAAAACGTG T T TTT TGCGTTGTTAATTCGGTGTAGACTTGTAAACCTAAATCTTTT
CATAATCGACTTGTAAACCAAATTGAAAAGATTTAGGTTTACAAGTCTACACCGAAT
ATTTATTCCATGTCACAC T T TTCGCATCTTTGTTATGCTATGGTTATTTCATACCAT
ACCCCAGGCTTTACACT TTATGCTTCCGGCTCGTATGTTGTGTGGAATTGTGAGCGG
CCATCGAATGGCCGCCAAAACCTTTCGCGGTATGGCATCGATAGCGCCCGGAAGAGAGTC
AAAATAAATGCTTGACTCTGTAGCGGGAAGGUGTATTATCACACCECCCGCGCCGCTG
CAAAAAAATACTTGTGCAAAAAAT TGGGATCCCTATAATGCGCCTCOCGTTGAGACGA
CAATTTTTCTATTGCGGCCTGCGGAGAACTCCCTATAATGCGCCTCCATCGACACGG
CAACGTAACACT TTACAGCGGCGCGTCATTTGATATGATGCGCCCCGCTTCCCGATA
AAATGAGCTGTTGACAATTAATCATCGAACTAGTTAACTAGTACGCAAGTTCACGTA

Initiation

~35 region Pribnow box site

T € T T G A C A T--+11-15bp]--T A T A A T---{5Bbp]--- A
42 38 B2 B4 V9 B4 53 45 41 79 95 44 59 61 96 & 51 T
-10 region 35 o 48

42

TTGACA...16-19 bp... TATAAT
“-35" spacer “-10"



Eukaryotic Promoters

« Eukaryotic RNA polymerase complexes do not bind directly to
promoter sequences

*Transcription factors must bind first and serve as landmarks
recognized by RNA polymerase complexes

* Eukaryotic promoter sequences are less highly conserved, but many
promoters (for RNA polymerase II) contain :

» -30 region "TATA" box
» -100 region "CCAAT" box



-50 40 -30 -20 -10 +10 +20 +30 +40 +50
T T T | | i T T T : T

Transcription start site
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e |
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Describing signals by consensus sequences

Consensus sequence - sequence representative of a sequence
alignment

Often: The most common base in each position of an alignment

Use [UPAC-IUB code to describe ambiguous nucleotides in the
consensus

A T.G,C

R=A or G K=GorT H=AorTorC
Y=TorC M=A or C D=AorTorG
S=G or C B=T or Gor C N=AorTorGorC

W=AorT V=AorGorC




TATA box STWTWWAWRSSSSSS -25

STWTWWAWRSSSSSS
GTATAAAAAGGGGGG
C T TT TGCCCCCC

Core
promoter
Start of transcription gnaA Poly(A) site
GC box CAAT box TATA box Inr  Exon 1 Exon 2 Exon 3
DNA —"—, f § % — d e "y
~ _GGGCGG  GCCCAATCT TATAAA 1 Intron Intron |

-100 -80 -25 +1




Automated Promoter Prediction Strategies

1) Pattern-driven algorithms (ab initio)
2) Sequence-driven algorithms (homology based)

3) Combined "evidence-based"

BEST RESULTS? Combined, sequential



Pattern-driven Algorithms

 Success depends on availability of collections of annotated transcription
factor binding sites (TFBSs)

e Tend to produce very large numbers of false positives (FPs)

e Why?
e Binding sites for specific TFs are often variable
e Binding sites are short (typically 6-10 bp)
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Position Weight Matrices (PWM)

Instead of using consensus sequences to detect promoter
sequence, use the PWM. This allows to account for promoter

variability.

Construct table of statistics f(b,1)
— frequency of base b at position I in known promoter region

Let f(b) denote the background frequency of base b in the genome

Example: calculate likelihood for TATA-box



Likelihood for TATA-box
.I”I_r."".-' S 18 a TATF'L—]][]}LTI — ]_[ f;;_,_,i
i

PSS is not a TATA-box) = ]_[ [,
i—1

Wy ) |.| a7 I'I I i B
1[]_51;( PS5 promoter ) ~log (Hfﬁ | .In,_,) = Yo
[Ti1 fa,

P& non-promoter)

Spi = i 15 (%) Scores
b




Construction of PWM

* Consider the PWM for the -10 region (TATAAT) of E. Colu.

« Suppose N sequences were aligned by their promoter
sequences

« For example, T occurs in column 1 of alignment with
frequency 0.79

Position | A C G T
1 0.02 | 0.09 0.10 0.79
2 1094 | 0.02 0.01 0.03

3..6




Construction of PWM

Suppose that the background frequency of each base =0.25

Now convert frequency table to log-odds score

For example
if frequency = 0.79 then odds score is 0.79/0.25=3.16
This means that if a sequence 1s being examined and a T 1s
present at position I, then the odds of the sequence representing

a promoter (a win) to the sequence not representing a promoter
(alose)1s 3.16:1.00

Next convert frequencies to log-odds scores by taking the
logarithm (base 2; units of bits), which gives the log-likelihood



Construction of PWM

TATAAT

Positi| A C G T

on

1 |-380| -149 | -1.34 1.67
2 | 192 | 381 | -4.81 -3.22
3 |-0.06 | -0.81 | -0.66 0.81
4 | 124 | -1.00 | -0.72 | -0.89
5 1.02 | -035 | -1.00 | -0.56
6 |-481| -322 | -4.81 1.95




Application of PWM

Consider query sequence: CATCGTATAATGTGT

log odds score
=-1.49-4.81+0.81+1.24-0.56-4.81
= -9.62 bits.

This gives an odds of 2902 = 1/786

C

A

T A C G T
Cl1| -3.80 -1.49 -1.34 1.67
G|2| 192 -3.81 -4.81 -3.22
T3] -0.06 -0.81 -0.66 0.81
Ald|l 1.24 -1.00 -0.72 -0.89
T]5] 1.02 -0.35 -1.00 -0.56
Al6| -4.81 -3.22 -4.81 1.95
A

T

G

T




Application of PWM

Consider query sequence: CATCGTATAATGTGT

log odds score
-9.30 bits
gives an odds of 1/630

A
T
C A C G T
G|1| -3.80 | -1.49 | -1.34 | 1.67
T2 192 | -3.81 | 481 | -3.22
Al3| -006 | -0.81 | -0.66 | 0.81
14| 1.24 | -1.00 | -0.72 | -0.89
AlS| 1.02 | -035 | -1.00 | -0.56
Al6]| -4.81 | -3.22 | -4.81 1.95
-
G
T
G




Example PWM

Consider query sequence: CATCGTATAATGTGT

log odds score

+8.61,
gives an odds of 391/1
clearly indicates a TATAAT region

T
C

G A C G T

T)1] -3.80 | -1.49 | -1.34 | 1.67
A2 192 | -3.81 | -481 | -3.22
T3] -0.06 | -0.81 | -0.66 | 0.81
A4 1.24 | -1.00 | -0.72 | -0.89
AlS| 1.02 | -0.35 | -1.00 | -0.56
T|6| -481 | -3.22 | -4.81 1.95
G

T

G

T
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