Methods and Algorithms
for Gene Prediction

Chaochun Wei F 5% Sc.D.

"'- Shanghai Jiao Tong University
Shanghai Center for Bioinformation Technology

5/12/2011 K-J-C Bioinformatics Training Course



mailto:ccwei@sjtu.edu.cn
http://cbb.sjtu.edu.cn/~ccwei

Outline

1. Introduction

2. Gene prediction methods
Gene prediction methods
HMM
TWINSCAN and N-SCAN
Using ESTs for gene prediction
Resources
Latest progress

3. Gene Prediction FAQs




1. Introduction: DNA

e DNA contains genetic

Information.

e DNA can be
expressed as a
sequence of letters

ACGandT.

EQ:

ACGTTTCGAGGT
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Introduction: Gene Structure -

Initial Internal Terminal

Exon Exon Exon
Intron Intron Intron

ATG GT
5UTR AG TAA 3'UTR
TAG
TGA

A gene is a highly structured region of DNA, it is a functional
unit of inheritance.
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Patterns in Splice Sites

Donor Sites Acceptor Sites
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Josep F. Abril et al. Genome Res. 2005; 15: 111-119

Seguence data from RefSeq of human, mouse, rat and chicken.



A Typical Human Gene s
Structure
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Genes In a Genome
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In a Mammalian Genome °

eFinding all the genes is hard

o Mammalian genomes are large
8,000 km of 10pt type

e Only about 1% protein coding

10



DNA, mRNA, cDNA and EST e

DNA UTR Coding Region UTR

5 — [ ] B 3
Primary 1 Transcription

] mm—a.
RNA 5 [ [ [

RNA Processing
MRNA 5 _ 3
l Reverse TranscriptN 5’ Truncated cDNA

Full-length cDNA |
CONA 5 [ ] 3 R
5EST 3EST OBST ~ 3EST

o EST:
Short (~650bs)
High error rate (~1-5%)
Contains only UTRs or coding regions
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The Challenge and Opportunity

e ~3000 genomes
o 222 animals
e 93 plants

00
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e0o0
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®
Genome numbers |
3000 -
2000
1000
0
& S e ©

Better

Gene Structure

Annotation

Numbers from http://www.ncbi.nlm.nih.gov/genomes/static/gpstat.htmi
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Gener |Date | Feature Systems Information| or
ation Methods used
st Early | Approximate ends TestCode, Fickett 1982 splice sites
1980s | of .proteig GRAIL, Uberbacher and Mural | =promoters
coding Feslons 1991 Codon usage bias
and non—coding
- Neuro—network methods
regions
2nd Early | A complete single | sGenelID, Guigo et al. 1992 +
1990s | gene in a short GeneParser, Snyder and Translation start
sequence Stormo 1993 sites
FGENSH, Solovyev et al. Stop sites
1994 Method: HMM
3rd Mid— Multiple complete | =Genscan, Burge and Karlin, UTR
1990s | or partial genes | 1997 Method: Generalized
in a long HMM
sequence
4th 2000s | Complete gene Twinscan, Korf, et al. 2001 Multiple—genomes
structures in N-SCAN, Brown, et al. 2006 Transcript products

whole genomes

Twinscan EST, N-SCAN EST,

Wei and Bre

nt, 2006

Method:Generaliz%g HMM

Bayesian approach




Gene Prediction Methods (1) :

e Categorization: by input information

Ab Initio methods

Only need genomic sequences as input
GENSCAN (Burge 1997; Burge and Karlin 1997)
GeneFinder (Green, unpublished)

Fgenesh (Solovyev and Salamov 1997)

Can predict novel genes

Transcript-alignment-based methods

Use cDNA, mRNA or Protein similarity as major clues
ENSEMBL (Birney, Clamp, et. al. 2004)

Highly accurate

Can only find genes with transcript evidences
cDNA coverage 50-60%
+ EST coverage up to 85%
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Gene Prediction Methods (2)

e Categorization: by input information

Hybrid Methods

Integrate cDNA, mRNA, protein and EST alignments
Into ab initio methods

= Genie (Kulp, Haussler et al. 1996)

« Fgenesh+ (Solovyev and Salamov 1997)

« Genomescan (Yeh, Lim et al. 2001)

« GAZE (Howe, Chothiea et al. 2002)

« AUGUSTUSH+ (Stanke, Schoffmann et al. 2006)
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Gene Prediction Methods(3)

e Comparative-Genomics-Based Methods
TWINSCAN and N-SCAN

De novo

Assumption:
= Coding regions are more conserved.

No transcript similarity information (like EST, cDNA,
MRNA, or protein) is used

TWINSCAN-EST and N-SCAN_EST
Hybrid
Use EST to improve prediction accuracy
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TWINSCAN: A Novel Gene Prediction | 333
System Using Dual Genomes .
o S TWINSCAN

/Conservation,___,[T¥
\._sequence

~
~
~

sequence(s)

_______

Conservation sequences represent the
conservation patterns between two genomes

No transcript similarity information (like EST,
cDNA, mRNA, and protein) is used Gene

Prediction
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Hidden Markov Model: e

Model behind gene predictors

HMM for two biased coins flipping

0.9

e (H)=0.8,6e,(T)=02,e,(H)=03¢,(T)=07

[THHTTHTTTTTHTHHHHHTHTH Observed sequence X

Hidden state sequence 7C

" =argmax P(x, )

T
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Most Probable Path and Viterbi | ss

Algorithm
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Probability of All the Possible Paths
and Forward Algorithm
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Posterior Probability and Forward | g2z
and Backward Algorithm
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Posterior Probability and Forward | g¢
and Backward Algorithm
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P(x) P(x)

22



Exon Exon Exon

TWINSCAN Model

e Generalized HMM

e Each feature in a gene
structure corresponds to
one state.

e State-specific length
mOdeIS Exon

e State-specific sequence
models

e Use Conservation W
Information
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Conservation Sequence Ses

Generated by projecting local alignments to the target

seguence

human CTAGAGATGCAAAAGAAACAGGTACCGCAGTGC---CCC
N O I T I I R I I I (RO I -

mouse CTAGAG—---————-—- AGACAGGTACCATAGGGCTCTCCT

e Pair each nucleotide of the target with
“|” if it is aligned and identical

if it is aligned to mismatch

if it is unaligned

(6.7

6 N
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N-SCAN: A Novel Gene Prediction | g2::

System Using Multiple Genomes |:

e Uses Bayesian ——grometsg SUTR 4

model to include
phylogenetic tree B
Information

e Predicts introns In
5UTR

e Has Conserved
non-coding regions

(Brown, Gross and Brent, Genome Res. 2005)
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Using ESTs for Gene Prediction: eec:
TWINSCAN_ EST oo

Informant
genomic
sequence(s)

‘Conservatior____ [
B'—ASTJ_'\\ sequence i

-

* BLAT {'EST-allgnmeng
> “_sequence ./
EST N
database

Gene
Prediction

e Integrating EST alignment information into TWINSCAN to
Improve its accuracy where EST evidence exits and not to
compromise its ability to predict novel genes.
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Sequence Representation of EST 333
" XX
Alignments oe
1. Use EST-to-genome alignment programs

« BLAT (Kent 2002)

2. Project the top alignment for each EST to the target
genomic sequence

EST
Alignments

ESTSGCI AR A4 - y A\ A ‘\ ‘\‘ VYV V
l NNN I i EEE ; G/I\7| EEE ; NNN ]"IIII ]"INNN]i EEE ]l NNN ;
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Accuracy Measurement

e Annotated data sets for training/testing
RefSeq (http://www.ncbi.nim.nih.gov/RefSeq/)
CCDS (http://www.ncbi.nlm.nih.gov/CCDS/)

e Accuracy In different levels
Nucleotide level
Exon level
Gene level
Transcript level
e Sensitivity and specificity
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Accuracy Measurement (continue) | ese:"

Annotation Prediction

Correct
Prediction

Correct _ Prediction

Sensitivity =

Total _ Annotation
Correct _ Prediction
Total _ Prediction

— [ ] I

Specificity =
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TWINSCAN_EST and N-SCAN_EST

on the Whole Human Genome

percer
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An Example of N-SCAN_EST sece

XX
. . o0
Prediction °
chr21: | 33461000 | 33462000 | 33463000 | 33464000 |
N-SCAN_EST Predictions
ENm005.013.1
Ensembl Prediction Genes
Ensembl
Human
Human_EST
Human ESTs Including Unspliced
AA400147 Wr&w&w&m«wm%&.
Bl - ccm e e e c e --48-----41
B U ELLT L . CCLECETLCEECEEEY |
AA934973 ==+ - R BaGGRCCELTTTEELEELILE |
AA400173 WW%%#WW&WM

Hu/Chimp/Mouse/Rat/Dog/Chick/Fugu/Zfish Multiz Alignments & Conservation

Conservation || I | | | | II

erimp | S, S
dog lalall bl ls e bRty b aaadally  ad T
mouse
rat
chicken
fugu
zebrafish
Gencode Reference Genes

C2orf5d MEE------mmmmmmmmmmemmmemememme e e - - -
Gencode Putative Genes
Gencode Pseudoaenes

(Hg17, chr21:33,459,500-33,465,411) 31
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Experimental Validation of Predictions

A

N-SCAN
Predictions

EXONIPHY

Predictions

TRANSMAP
Predictions

l

Selection of
novel targets

1

Primer design

1

RT-PCR &
sequencing

1

Alignment to genome

and validation

/

!

Valid RSTs

\

iteration

Analysis of novel
exons & NGFs

MGC full-
length cloning

00
0000
( X X X
XX )
[ X |
[ ]
B @
N-SCAN e o em e e O .
EXONIPHY T e s o e e -
TRANSMAP R A e —
Known Genes — R
- — e -
ESTs/mRNAs m wm
g —
r’
PCR Primers & = e
RSTs = e
«

cDNA Clusters s

Novel Gene
Fragments

Siepel, Genome Research, 2007

33



Experimental Validation of Predictions

e See

The MGC Project Team, “The Completion of the
Mammalian Gene Collection (MGC)”, Genome Research,
2009, 19:2324-2333

Weil, C., et al., “Closing in on the C.elegans ORFeome by
Cloning TWINSCAN predictions”, Genome Research,
2005, 15:577-582.

Tenney, A. E. et al., “Gene prediction and verification in a
compact genome with numerous small introns”, Genome
Research, 2004
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N-SCAN/TWINSCAN Webserver:
http://mblab.wustl.edu/nscan/submit

f.; R—SCAN / Twinscan Gene Predictor — ¥Windows Internet Ezplorer

N-SCAN / Twinscan Gene Predictor

Copy-and-paste gene prediction.

Please Login or Register to predict genes.

1.

Sequence

You can either upload a text file or cut
and paste your sequence into the box
below.

® File © Text

® bioinf summer_co. ..

2.

Masking

Your sequence will be masked for
interspersed repeats but not for low
complexity. If you want to change
this, check the boxes below If your
sequence is lowercase masked and
you want to use this information,
check the last box

¥ Mask Interspersed repeats?
Mask Low Complexity regions?

Mask Lowercase?

Login
Register

3.

Organism Information

Select the organism that your
sequence came from.
Help, my organism is not in the list!

Clade:
plant

Species:
s thaliana

Informant:

» To see our predictions for
Arabidopsis thaliana Click Here

’ Ei Microzoft FowerF. .. {j 4 Internet Expl... =~ @ Summer_Course Sh. ..

e Internet




Resources for Gene Prediction

e Sequence data sets
Nucleotide Sequences (NCBI)
dbEST
MRNA
cDNA

e Annotations
RefSeq (http://www.ncbi.nlm.nih.gov/RefSeq/)
CCDS (http://lwww.ncbi.nim.nih.gov/CCDS)/)

e Genome Browser
UCSC Genome Browser(http://genome.ucsc.edu/)
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Latest Progress in Gene Prediction

New Methods

Conrad: gene prediction using conditional random fields.
Decaprio et al., Genome Res. 2007 Sep;17(9):1389-98.

Not working for vertebrate genomes

SVM for splice site
Sonneburg et al., BMC Bioinformatics. 2007;8 Suppl 10:S7.

CONTRAST: Gross et al., Genome Biology 2007, 8:R269

Best de novo gene predictor for human (gene level accuracy ~50%)
Used SVM and conditional random field
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3. Gene PrediCtiOn FAQS (from lan Korf)| ®

e Algorithms vs. experts
Q: are expert biologists better than computer programs?
A: Yes and no.

e Next-generation sequencing

Q: Will next-gen transcript sequencing replace gene
prediction?

A: No. Rare transcripts may require directed experiments
to validate.

e Prediction accuracy
Q: Why are gene prediction programs inaccurate?
A: We don’t always know why.
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Gene Prediction FAQS (continue) | ¢

e Genes in my favorate genome...
e Q: There is no gene predictor for it, what should | do?
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Gene prediction for algal genomes | 222

Microalgae

40
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A Typical Alga Gene Structure
'c1cc5| 10500l 11 ccci 11300l

1 T =

A Typical Human Gene Structure

60000 70000 80000 90000 100000
T T 7T T 1 T 1 T 1 T T 1 T T T T T T T T T ] T 1 T T T T T T LI | T T T T 1 T T 1 T T T T T T T




Gene Prediction FAQS (continue)

e Genes in my favorate genome...
Q: There is no gene predictor for it, what should | do?

A: Training a gene predictor or use one that is for
another organism that is close to this genome. But it
may be inaccurate.

e Difficult genes
Q: why some genes are not predicted by any program?
A: They are statistical outliers.
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Gene PrediCtion FAQS (continue)

e Just coding exons...

Q: why other parts are not predicted, such as non-
coding exons, alternative isoforms, non-canonical
splice sites, gene within genes?

A: There are trade offs.

e Pseudogenes
Q: why do some gene predictions have tiny introns?

A: Retro-pseudo genes often have very strong coding
signals, because they are derived from highly
expressed genes.
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Gene Prediction FAQs (end)

e How can | tell a good gene prediction from a
bad one?

e Scores have been assigned to every exon
and intron of a gene. People can tell if a gene
prediction is good or not by the scores of
exons and introns of this gene.

You may have to run the program on your
own computer to figure them out!
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