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Introduction - the Central Dogma
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x <2% of vertebrate
genomes code for

proteins (Venter
et al. 2001)

x http://www.nyu.ed
u/classes/ytchang
/book/e001.html
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Computing the Genome Revolution: Biology for the 21st Century

Computing and Modeling Genes,
RMAs, Proteins and other Genome
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Gene Prediction Programs (1)
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Gene Prediction Programs (2)

x Factors based
x Compositional bias found in protein-coding regions

x Similarity with known sequences

x But not accurate enough, without cDNA sequence
data
x Prediction = highly hypothetical



Gene Prediction Programs (3)

x Annotation of the human genome

x Genome Browse (UCSC)
x Kent et al. 2002

x Ensembl (EBI)
x Birney et al. 2004

x Map Viewer (NCBI)




Gene Prediction Methods -
Single vs. Combinatorial (1)

x Searching by signal
x The analysis of sequence signals that are potentially involved
in gene specification

x Searching by content

x The analysis of regions showing compositional bias that has
been correlated with coding regions

x Example

x Ab initio gene prediction ~ intrinsic or template gene
prediction



Gene Prediction Methods - Single vs.
Combinatorial (2)

x Homolog-based gene prediction
x Comparing sequences of interest against known coding sequences

x Comparative gene prediction
x Comparing sequences of interest anonymous genomic sequences

x Example

x Extrinsic or look-up gene prediction

x (Gene structure is predicted through comparison with other sequences
whose characteristics are already known



Saccharomyces cerevisiae

Prokaryotic vs. Eukaryotic Genes (1)

YFLO4GW YFLO40W YELO3OW
RGD2 FETS TUBZ RFP041 YELO34W HAC1 STEZ

0 50
SECS53 ACT1 MOB2 RIM1S CAK1 BST1 EPL1

YFLO44C YPT1 RPLZZE CAF16

YFLO42C GYPB
Drosophila melanogaster CG3131
syt CG15400
° | i | | | i
l 1 I
CG16987 CG2964 CG3123
Human
GATA1 HDACE LOC139168

| 1 5?
s wwwom

A FIGURE 9-33 Arrangement of gene sequences in
representative 50-kb segments of yeast, fruit fly, and human
genomes. Genes above the line are transcribed to the right;
genes below the line are transcrbed to the left. Blue blocks
represent exons (coding sequences): green blocks represent
introns (noncoding sequences). Because yeast genes cortain few
if any introns, scanning genomic sequences for open reading
frames (ORFs) correctly identifies most gene seguences. In

PCSKIN

contrast, t
multiple exons separated by introns ORF analysis is not effective
in identifying genes in these organisms. Likely gene sequences
for which no functional data are avalable are designated by
numerical rameas: in yeast, these begin with ¥, in Drosophila.
with CG; and in humans, with LOC. The other genes shown here

encode proteins with known functicns.




Prokaryotic vs. Eukaryotic Genes (2)

x Prokaryotic genes

x By single open reading frames (ORFs)
x Usually found adjacent to one another

x Eukaryotic genes

x Coding sequences (the exons) are interrupted by large, non-
coding introns



Gene Prediction in Eukaryotes (1)

1. Identifying and scoring suitable
x  Splice sites, start & stop signals along the query sequence

2. Predicting candidate exons
x  As deduced through the detection of these signals



Gene Prediction in Eukaryotes (2)

3. Scoring these exons as a function of both
x  The signals used to detect the exons, as well as on

x  Coding statistics computed on the putative exon sequence
itself

% In homology-based & comparative methods

x  Exon scores factor in the quality of the alignment between
the query sequence and either known coding sequences or
anonymous genomic sequences



Gene Prediction in Eukaryotes (3)

4. Assembling a subset of these candidates into a
predicted gene structure

x  To maximize a particular scoring function

x  Dependent on the score of each of the individual exon candidates
that comprise the overall predicted gene structure



Prediction of Exon-Defining Signals (1)

x  Df: sequence signals

x  Short, function DNA elements involved in gene
specification
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Position Weight Matrices (PWMs)

x A set of known functional

TBP (MAQ108) signals and are used to
1 compute the sequence
N signal across a sequence of
3 intferest
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Prediction & Scoring of Exons (1)

x  Sequence sighals +

| Constitutive exon

x Content-based features = coding | ASexn
.. 5'-end AS locus * R— 1)
statistics -
— +10bp allowance

x  Three types of exons , ,
x Initial exons — - —

Internal AS locus
x ORFs delimited by a start site and —
a 5’ (donor) site e a
x Internal exons e
% ORFs delimited by a 3' (acceptor) — —
site and 5' (donor) site SendASlocus | —

x Terminal exons

x ORFs delimited by a 3' (acceptor)
site and a stop codon



Content-based Features = Coding Statistics
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x Coding statistics

% The likelihood that a given DNA sequence codes for a protein or protein fragment

x E.g., Hexamer frequencies: in the form of codon position-dependent fifth-order
Markov model: most widely used

% The uneven distribution of amino acids in proteins, discriminate protein-
coding regions from non-coding regions

x Fickett & Tung 1992; Gelfand 1995; Guigo 1999



A Morkov Chain x

A series of observations in
which the probability of an
observation depends on a
number of previous
observations

The number of observations
defines the “order” of the
chain

x [Example] in a first-order
Markov model, the probability
of an observation depends only
on the previous observation.
In a Markov chain of order 5,
the probability of an
observation depends on the
five preceding observations

xAn edge-labeled directed graph; each node: a "state”; edge-labels: probabilities of

moving the state at the end of the directed arc.



DNA Sequences & Markov Models

% The likelihood of observing a particular base at a given position
may depend on the base preceding it

x In particular, in coding regions, it is well known that the probability
of a given base depends on the five preceding bases, reflecting
observed codon biases and dependencies between adjacent codons

% In non-coding regions, such dependence is not observed

% When scanning an anonymous genomic region, one can compute
how well the local nucleotide sequence conforms to the fifth-
order dependencies observed in coding regions & assign
appropriate coding likelihood scores



Prediction of Genes Through Ab /nitio Methods

x Splicing genes together into a putative gene structure can help
to eliminate the prediction of false exons by simply examining
whether adjacent exons maintain the open reading frame
established by the initial exon

x See next slide

% Main difficulty in exon assembly

% Simple combinatiorics: the number of possible exon assemblies
grows exponentially with the number of predicted exons for any
given gene

% Solution
% Dynamic programming techniques (Bellman 1957)
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Programs with Dynamic Programming for
Gene Prediction

% The solution of a general problem is obtained by the recursive
solution of smaller versions of the problem (Gelfand & Roytberg
1993)

% Find the solution efficiently without having to enumerate or consider each
and every possible combination of exons

x GRAILZ2
x Xu et al. 1994

x FGENESH
% Solovyev et al. 1995

x  GENEID
% Guigo et al. 1992; Guigo 1998



Hidden Markov Models (HMMs)
in Gene Prediction (1)

x  To define highly complex patterns, e.g., multigenic genes
x High efficiency in genome sequences

x  Applications
Multiple sequence alignment (MSA)
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The comparison of protein structures

The prediction of gene structure
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Hidden Markov Models (HMMs)

in Gene Prediction (2)

x  Input

% A raw nucleotide sequence

x  To predict
% Whether a given base is most likely
found in
% An intron,
x An exon, or
% Within an intergenic region

x From 5’
x The

to 3' end of the gene
unique characteristics of

promoter regions

X

Transcription start sites (TSSs),
5' UTRs, start codons, exons,
splice donors, splice acceptors,
stop codons, 3' UTRs, polyA

tails

Transenpuan Start

PalyiA) Sgnal

5cap 5 UTR | Coding Region 3 UTR

|

Etart Codan

!

Btop Codon

l

Poly( A) tail




Hidden Markov Models (HMMs) in
Gene Prediction (3)

x  To take into account
x The promoter (& its TATA box) must be appear before the start codon
% An initial exon must follow the start codon

Introns must follow exons

Introns can only be followed by internal or terminal exons

Stop codons cannot interrupt the coding region

PolyA signals must appear after the stop codon (see previous slide)

An ORF must be maintained throughout actually to produce a protein

X X X X X

Many factor sites
{e.q. c-Fos, c-Jun, c-Myc/iax)
(5p1, CREE, c-Ets, CTF, etc.) transcription

(o hol 1T

irtron
TGALGCA CACGTG  GGGLGG  CCAAT TATh exory | | exon |
[-100] ‘28]

copyright 199G MW KIing




Hidden Markov Models (HMMs) in
Gene Prediction (4)

x Each of the elements
x Exons, introns...= states

x  The sequence characteristics & syntactical constraints (above
two slides) allow a transition probability to be assigned

x TIndicating how likely a change of state is as one moves through the
sequence, base by base

x Hidden

x The user "sees” the nucleotide sequence being analyzed, but the
user doesn't actually see the states that the individual bases are
in



Hidden Markov Models (HMMs) in

Gene Prediction (b)
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Each state emits a
particular kind of
nucleotide sequence, with
its own emission
probability

% The state emitting the
nucleotide is hidden

x The sequence itself is visible

The transition & emission
probabilities are derived
from training sets

x Sequences for which the
correct gene structure is
already known



Hidden Markov Models (HMMs) in
Gene Prediction (b)

x Goal

x To develop a set of parameters that allows the method
to be fine tuned

x Maximizing the chances that a correct prediction is
generated on a new sequence of interest
x These parameters differ from organism to organism

x The success of any given HMM-based method depends on
how well these parameters have been deduced from the
training set



Programs Based on HMMs

% To define highly complex patterns, e.g., multigenic genes
x High efficiency in genome sequences

x GENSCAN
% Burge & Karlin 1997
x Annotation of eukaryotic genomes

x GENIE
x Kulp et al. 1996

x HMM gene
x Krogh 1997



Sequences Similarity-Based Prediction (1)

% Methods based on the comparison of the genomic sequence
with known coding sequences

x BLASTx (Gish & States 1993)
% ORFs in prokaryotic genomes: useful

% The split nature of eukaryotic genes: BLASTx-like searches do
not resolve exon splice boundaries
% Solution: combined BLASTx & ab /nitio methods

x GenomeScan (Yeh et al. 2001)
x GenelD (Blanco et al. 2002)




Sequences Similarity-Based Prediction (2)
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x Expressed sequence tag

(EST)

% Valuable for identifying
genes & delineating exonic
structure

% Alternative splicing forms

x Example

% http://www.ncbi.nlm.nih.gov/mapvie
w/modelmaker.cgi?taxid=9606&cnt
g=cntg&QSTR=1761[gene_id1&QUE
RY=uid(823789,13039333,1109212
8,14264426)&contig=NT_008413.1
7&from=831690&10=959090&stran
d=plus&with_est

http://www.ncbi.nim.nih.gov/About/primer/est.html




Sequences Similarity-Based Prediction (3)

x  Mapping ESTs to genomic DNA sequences with stringent
parameters

x BLAT (Kent 2002)
x BLASTh (Altschul et al. 1990)

x Disadvantages
% Exon boundaries not perfectly identified: a viable ORF is not identified

x Specialized programs
x GRAIL-EXP
% Using splice site models, provide a more clear solution to the problem




Sequences Similarity-Based Prediction (4)

x Spliced alignments
% Aligning the genomic query against a protein (or cDNA) target,
presumably homologous to the protein encoded in the genomic
sequence

x Large gaps corresponding to introns in the query sequence are only
allowed at “legal” splice junctions

x Examples of programs
x SIM4 (Florea et al. 1998)
x EST_GENOME (Mott 1997)
x PROCRUSTES (Gelfand et al. 1996)
x GENEWISE (Birney & Durbin 1997)




Comparative Gene Prediction (1)

x Rationale

% Functional regions (protein-coding regions) tend to be more
conserved than non-protein-coding regions

x  Application
x To identify protein-coding regions in newly sequenced genomes



Comparative Gene Prediction (2)

x Examples for mouse vs. human comparative gene prediction

x TWINSCAN (Korf et al. 2001)
x An extension of GENSCAN (Annotation of eukaryotic genomes)

x SGP-2 (Parra e tal. 2003)
x An extension of GeneID (dynamic programming)

x SLAM (Alexandersson et al. 2003)

x HMM-based method: gene predictions & sequence alignments are
performed simultaneously

% The probability scores calculated by each of these programs for
putative exons are adjusted based on comparative results
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GRAIL (1)

x The Gene Recognition and Analysis Internet Link (GRAIL)

x  Uberbacher & Mural 1991

% To calculate the likelihood that a particular position is within a coding region
by computing and integrating seven separate coding statistic measures

x GRAIL2 (Xu et al 1994)

% Incorporation of information about different splice and translational
signals,

x GRAIL-EXP (Xu & Uberbacher 1997)

% Incorporation of homology information
x BLASTn searches against a database of partial & complete transcripts (ESTs)




GRAIL (2) S TE LR

il 11 >
* Outputs ~ 1 1 Em Lo
x A profile along the length of the
query sequence, peaks ‘il BBE Bl P
correspond to coding regions
) Bl 1>
x  Example
x  The human UROD gene
x U30787 EMBL annotation and genes predicted by

6rail, GENSCAN, geneid and FGENESH in
the sequence U30787. First exon is
always missed in the predictions and there
are some problems to detect the donor
site from exon 5. Detection of start
codons is a serious drawback in current
gene finding programs. However, this
problem can be overcome by using
homology information to complete the
gene prediction.

x FASTA format

% An SP1 binding site, TATA box,
10 exons have been annotated
to this sequence

% Full length: 4,514 bp



# Service: gene grailexp
# Version: 3.3
# Description: GAT GrallEXP Gene Prediction Service
# Last Modified: <ctober, 2001
# Tool: GrallBXP 2.3 from ORNL. Last updated: oOctober, Z001.
# Database: GrallEXP Database Thu Feb 27 16:15:37 EST 2003 from NCBI/TIGR/Baylor/Riken (159a06%A entries) .
# Sequence Name: »gene grailexp|PID=Z8608
# Sequence Length: 4514
# Output begin: pretty
GraillEXP v3.31 [March, 2Z002] http://compbio.ornl.gov/grailexp/
Authors: Doug Hyatt, Manesh Shah, Victor Olman, Richard Mural, Ying ¥u, and
Edward C. Uberbacher, 1996-Z2001 BLASTn
Reference: "Automated Gene Identification in Large-Scale Genomic Sequences”, Sear‘CheS
¥u, Y. and Uberbacher, E.C., Journal of Computational Biology, Volume 4,
Mumber 3, 1997 Thr‘ough

| GRATIL-EXP
Jequence: »gene grallexp|PID=28600 (4514 bp)

PERCEVAL Exon Candidates {6 predicted)

Index S5td Begin End Frim Type Len Scr ouality
1+ 1755 1860 0 Internal 106 57  Marginal 5/10 known exons
z2 + 2434 2631 1] Internal 198 100 Excellent :
3+ 27449 2910 1] Internal 162 100 Excellent + Sma” Internal
4 + 3524 3416 0 Internal 93 92 Excellent €¢——— exon
5 + 357a 3676 1] Internal 101 100 Excellent
A + 4179 4340 1] Terminal 1laz 100 Excellent

# Output end: pretty

go object end: gene grailexp --organism human --output pretty --nodb --noassemble --dbpat grailexp v3



EMBL annotation vs. Gene Predicted by
GRAIL & GRAIL-EXP
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GeneID (1)

x A program that predicts genes in genomic sequences using a
hierarchical approach

x Guigo et al. 1992; Parra et al. 2000

% TIncorporation of new information in most recently version
(Blanco et al. 2002)

x Sequence similarity
x Experimental data
x Data from other computational predictions



GeneID (2)

x Step 1

x Position weight matrices (PWM): prediction of splice sites, start,
stop codons, score given

x Step 2
x Exons are built from identified "defining sites” (step 1), score given

x Exons are scored = sum of the scores of the defining sites + the
score of their coding potential

x Step 3
x Based on the set of predicted exons, the gene structure is

assembled, predicting the most likely gene structure by maximizing
the sum of the scores of the assembled exons



GeneID (3) - Output

http://genome.imim.
es/courses/Madrid0
4/exercises/genefin

dingl/index.html




GENESCAN (1)

x A general purpose eukaryotic gene prediction program

x Hidden Morkov Model

x Donor splice site modeling, maximal dependence decomposition

x A series of weight matrices (instead of just one) are used to capture
dependencies between positions in these splice sites

x Parameters

X AcceunTinn far manv hinhern-ardenr
(A} L] 3 1 Vi TV INAl |’ "'5' TSl Wil WSl

o

x E.g., typical gene density, typical num
sizes for different types of exons

x Separate sets of gene model parameters can be used to adjust for the
differences in gene density and G+C composition seen across genomes

e

x Vertebrate, maize & Arabidopsis sequences



GENESCAN (2)

x GenomeSCAN
x Yeh et al. 2001
x An extension of GENESCAN

x Incorporations of sequence similarity to known proteins using
BLASTx

x Higher scores for exons exhibiting similarity to known proteins
x Decreased scores for predicted exons having little to no similarity with
known proteins



GENSCANW output for sequence U30787

Fr Ph 1/ac Doi/T CodRg

b Dk DD =D kDD
o IR o B o [ o o I S Y
Lo R [ o o e o o o e

+
+
+
+
+
+
+
+
+
+
+

Click here to view a PDF image of the predicted gene(s)

Click here for a PostScript image of the predicted gene(s)

-Gn. Ex: gene exon no.; Type: exon type or an identified poly A; S: the strand; Fr:
frame; several scoring columns; P: probability value: P>0.99 are 97.7% accurate
when the prediction matches a true, annotated exon; 0.50 to 0.99 are deemed
to be correct most of the time; 9/10 correct



FGENES (1)

x FGENES="Find genes”

x 15T version: Solovyev et al. 1995

x Linear discriminant analysis to identify splice sites, exons, and
promoter elements

x Filtered exons are assembled using a dynamic programming algorithm
that searches paths of compatible exons, with the goal of maximizing
the final gene score

x FGENESH
x An HMM-based variant of FGENES



FGENES (2)

x FGENESH+
x + protein homology (Salamov & Solovyev 2000)

x & FGENESH-C
x + cDNA homology (Salamov & Solovyev 2000)

% Using information of known genes & DNA sequences
x Better power



Discriminant Analysis in Gene Prediction (1)

x To discriminate two or more naturally occurring groups
x Zhang 1997

% In the area of gene prediction, the observables

x Try to discriminate whether a particular stretch of DNA is found
in either an intron or an exon could include the presence of putative
acceptor sites, donor sites, or start and stop codons

x Two observables
x Splice site scores and exon length are plotted against each other on a
simple XY graph
x Two different symbols = two different groups
x X= exon; circle= intron



Discriminant Analysis in Gene Prediction (2)

x Two different types of discriminant analysis could be applied to
try to separate the two states from one another

x Linear discriminant vs. quadratic discriminant analysis

% The relationship between these two sets of observables

% Nonlinear or multivariate, the resulting graph looks like a swarm of
points

% A linear function L(x) cannot adequately separate the two states
x An appropriable number of points have been misclassified

% The quadratic function Q(x) is capable of completely separating the
two groups in this case



FGENESH - Output

Pogitions of predicted genes and exons:

.G:gene number; G Str Feature Start End Weight ORF-start ORF-end
oStrand; 1 - 1 cpef 72 - 145 5.79 74 - 145
*The exon number 2 + 1 CDSEf 1833 - 1860 4.86 1832 - 1859
W|th|n the gene Z + 2 CDh=2i 1976 - 2085 1.95 1978 - 2055
! 2 + 3 CDSi 2132 - 2194 1.92 2132 - 2194
*The exon type; 2 + 4 CDSi 2434 - 2631 1.42 2434 - 2631
e . _ 2 + 5 CDSi 2749 - 2910 2.77 2749 - 2910
f=first; i=internal, 2 + 6 CDSi 3279 - 3416 2.48 3279 - 3416
|:|a3t; 2 + 7 CDSi 3576 - 3875 4.14 3576 - 3674
2 + 8 CDSi 3780 - 3846 1.52 3781 - 28486
eThe start and StOp 2 + 9 CDS1 4179 - 4340 5.36 4179 - 4327
" 2 + DolA 4397 7.80
positions for the ¥
exon, Predicted proteins:
. >FOENES 1.5 > test sequence 1 Multiexon gene 72 - 145 24 a Ch-
*An exon Score, MAGPWPEAVLESPROLLGRCASWD

'ORF Start and StOp sFGENES 1.5 > test sequence Z Multiexon gene 1833 - 4340 222 a Ch+
MEQAGRYLPEFRETRARODFFSTCRESPEACCELTLOPLERFLLDAATTIFSDILVVPQRALG

pOS|t| ons ’ MEVTMVPGEKGPSFPEPLREEQDLERLERDPEVVASELGYVFOATTLTROQRLAGREVPLIGERA
GAPWTLMTYMVEGGGSSTMAQAKEWLYORPOASHOLLEILTDALVEPYLVGOVVAGROAT Q)
LFESHAGHLGPQLFNEKFALPYIRDVAKOVEARLEEAGLAPVPMI TFAKDGHFALEELAQR
GYEVVGLDWIVAPKEARECVGEKTVTLOGNLDPCALYASEEETGOLVEQMLDDFGPHEYTA
NLGHGLYPDMDPEHVGAFVDAVHKHSELLRON



FGENESH - Output

FGENES 1.6 Prediction of multiple genes in genomic DHA
Time: 01:41:05 Date: Wed May 22 2007

Seq name: = test sequence

Length of sequence: 4514 GC content: 0.52 Zone: 3
Number of predicted genes: 2 In +chain: 1 In -chain: 1
Number of predicted excons: 10 In +chain: 9 In -chain: 1
Pogitions of predicted genes and exons:

B CDSl B CDSE TsS B CDsi % PolR

- ——————— .
2l M M P B M B | MEPETEE B [ EPEPEEE B BP P B ECECECECE

a0 an 100 110
| E— . | |
NS 2c 3N I T T A T N T NN T S T T T A T T SN T N T T N AT S T SN T TN SN T T U S TN T T T U N T N TN SN AT S N TN A e N
2000 2200 2400 2600 2800
I ] I W
31151 1 1 1 1 1 1 1 1 1 1 1 1 ] 4397
4000

3200 3400 2600 3800



GENEWISE

x To compare a genomic sequence with a protein sequence or with
an HMM representing a protein domain

x At protein level while maintaining the reading frame, regardless of
intervening introns or sequence errors that may cause frameshifts

x Gene prediction + a homology comparison

x  Computationally expensive and accurate prediction requires the
presence of a close, homologous protein



- N S S A
| | H El BN mn umE >
| | | Homo_sapiens . | _ .
IJ N5 . H-u 1>
_ . | Mus_musculus . | |
:; il . = >
| | | Rattus_norvegicus | | |
| | H 21 . I BN BN
Cvis_aries
t)anin_rerin | _ _
] | o
| | __ Drosophila_melanogaster =
- . | o>
Drosophila_virilis GFFZPS
7 software
|| ___Saccharomyces_cerevisiae I
H BB . e >
| _ | Schizosaccharomyces_pombe _
EEIl . m 2l >

% The results of GENEWISE predictions when progressively distant
homologs of the UROD protein are used - POWERFUL (in EBI)



Ease Fosition 44905084| 44082080 4401 aa80| 44011aa0|
Kriown Genes Based on SWISE-FROT, TrREMEL, mREMA, and FefIeq
Ernown Gernes
Ensemkb 1 Gene Fredictions
Ensemnk 1l Gerne=s L
Twinscan Gene Fredictions Usin2 Mouse s Human Homo 1094

Twinscan | [l

SGF Gene Predictions Using Mowse Human Homo 1oy
z2GF Gernes I

Faenesh++ Gene Fredictions
Foenesh++ Genes I

Geneid Gene Predictions
Geneid Genes I

Genscan Gene Fredictionhs

[ ] ] R

Genscan Genes

Human mEMA=E frrom Genkbank

GICEGEEE] |
BCAR1TTS

Mi4@16
AF 1 8444
AF 1 84439
AF 1 844355
AF 1 84437
AF 1 84436
AF 1 84435
AF 1 B354
AF 1 84435
AF 1 844352
AF 184431
AF 18443508
AF 1 84429
AF 1 84425
AF 1 B4427
AF 1 a4426
AF 1 B4425
AF 1 Ba24
AF 1 B4425
AF 1 84422
AF1a4421

Human Mouse Bat Alignments

FEepesating Elements by RepeatMagker
FEepeatMazker

(a) UCSC genome browser representation of the region containing the gene
uroporphyrinogen decarboxylase (URO-D)
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(b) UCSC genome browser representation of the context (100Kbps) region
around the gene uroporphyrinogen decarboxylase (URO-D).



How Well Do the Methods Work? (1)

x Different methods can produce different, & sometimes,
contradictory results

x Factors affecting
x Species
x The sequence context
x The existence of experimental evid

x Spliced ESTs: strong supports

nce

x Consistent predictions by different methods



How Well Do the Methods Work? (2)

x The reliability

x The accuracy of gene prediction program is usually determined
using controlled, defined data sets

x Comparing the prediction made by a method with the actual gene
structure, determined experimentally

x Two basic measure, a perfect prediction Sn=1; Sp=1, neither one
alone provide a good measure of global accuracy
x Sensitivity (Sn) (0~1)

% The proportion of coding nucleotides, exons, or genes that have been
predicted correctly

x Specificity (Sp) (0~1)
% The proportion of predicted coding nucleotides, exons, or genes that are real
(the overall fraction of the prediction that is correct)



How Well Do the Methods Work? (3)

% The reliability

x Correction coefficient (CC)
x (worst) -1~1 (perfect

prediction)
Predicted
Postives (PP Magetivas (P
x A combined measure of the = Positives (AF) re =
Mogadives (AN) FF ™

Sn and Sp values

Sensiivity (S0 = TE 1 TRGEN
Soecliicy (S0} = TR TE+FR

- . FIGURE 5.11 Schematic representation of measures of gene prediction
TPxTN-FPxFN : , .
— accuracy at the nucleotide level. In the upper portion of the figure, the four
\_J"Ill.-ll-lp +FP)x TP+ IN) = (IN+FFP)= TN+ FN) possible outcomes ol a prediction are shown: true positives (TP), true negatives
{ TN), false positives (FFP), and false negatives (FN). The matrix at the bottom of
the figure shows how bath sensitivity and specificity are determined from these

L i

four possible outcomes, giving a tangible measure of the elfectiveness of any

gene prediction method, (Adapted from Burset & Guigd, 1996; Snyder &
Stormo, 1997).



Dunham et al. 1999

x Chr. 22

x Comparisons of a humber of ab /nitio and comparative gene finders vs.
curated, manual annotation

x The accuracy of ab initio gene finders substantially suffers when
moving up in complexity from single gene sequence to genome-scale
sequence data

x GENSCAN CC=0.64; SGP2 CC=0.73



How Well Do the Methods Work? (3)

TABLE 5.1 ¥ The Relative Accuracy of Sequence Similarity-Based, Ab Initio, and Comparative
Gene Prediction Programs on Human Chromosome 22

Nucleotide Exon

Program Si S5 CC Sq S Sf—fa ME WE
Sequence similarity based

ENSEMBL 0.74 0.83 0.78 0.75 0.80 0.77 0.18 0.13

FGENESH++ 0.81 0.71 0.75 0.80 0.66 0.73 0.1l 0.27
Ab initio

GENSCAN 0.79 0.53 0.68 0.4 0.55 0.15 0.48

GENEID 0.73 0.67 0.70 0.65 0.55 0.60 0.21 0.33
Comparative

SGP2 0.75 0.73 Q73D 066 0.58 0.62 0.19 0.28

The accuracy measures shown here are, from left to right: sensitivity (Sn), specificity (Sp), and the correlation coefficient (CC)
at the nucleotide level; sensitivity (Sn), specificity (Sp), and correlation coefficient (Sn + Sp)/2 at the exon level; and the number
of missing and wrong exons in the predictions.

Dunham et al. 1999



Exercise

x http://genome.imim.es/courses/MadridO4/exercises/qgenefindingl

/index.html




