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ABSTRA CT

Automated detection or prediction of coding sequencesfrom within genomic DNA has been a major rate-limiting

step in the pursuit of vertebrate genes.Programs currently available are far from being powerful enoughto elucidate

a genestructure completely. In this paper, we present a new system,called GeneScout,for predicting genestructures

in vertebrate genomic DNA. The system contains specially designedhidden Markov models (HMMs) for detecting

functional sites including protein-translation start sites, mRNA splicing junction donor and acceptor sites, etc. An

HMM model is alsoproposedfor exoncoding potential computation. Our main hypothesisis that, given a vertebrate

genomic DNA sequenceS, it is always possible to construct a directed acyclic graph G such that the path for the

actual coding region of S is in the set of all paths on G. Thus, the genedetection problem is reduced to that of

analyzing the paths in the graph G. A dynamic programming algorithm is usedto �nd the optimal path in G. The

proposedsystem is trained using an expectation-maximization (EM) algorithm and its performance on vertebrate

geneprediction is evaluated using the 10-way cross-validation method. Experimental results show that the proposed

system performs well and is comparableto existing genediscovery tools.

Keyw ords: Bioinformatics, Gene�nding, Hidden Markov models, Knowledgediscovery, Soft computing

1. INTR ODUCTION

Data mining, or knowledgediscovery from data, refers to the processof extracting interesting, non-trivial, implicit,

previously unknown and potentially useful information or patterns from data.14 In life sciences,this processcould

refer to �nding clustering rules for geneexpressions,discovering classi�cation rules for proteins, detecting associations

Corresponding author: J.T.L. Wang. Email: wangj@njit.edu, Tel: (973) 596-3396,Fax: (973) 596-5777.
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betweenmetabolic pathways, predicting genesin genomicDNA sequences,etc.33{36 This paper presents a data mining

system for automated genediscovery.

A genomic DNA sequenceis comprised of four types of nucleotides, or bases,represented by English letters A,

C, G, and T. Identi�cation or prediction of coding regions from within a genomic DNA sequencehas been a major

rate-limiting step in the pursuit of genes. The Human Genome Project has produced millions of nucleotides of

sequences,and it becomesincreasingly important to rapidly identify genesin thesesequences.26 The basicstructure

for a vertebrate gene includes a promoter, a start codon, introns, exons, donors, acceptors, and a stop codon; cf.

Figure 1(A). The exon sequencesof a geneare also called the coding sequences of this gene, and the whole exon

sequencesof a geneare called the coding region of the gene(which is the region for making proteins); cf. Figure

1(B). Intron sequencesrange in size from about 80 nucleotidesto 10,000nucleotidesor more. Introns in geneshave

no function at all and are actually the genetic \junk". 1,4 They di�er dramatically from exons in that their exact

nucleotide sequencesseemto be unimportant. The only highly conserved sequencesin introns are those required for

intron removal from DNA.

Biologists study genestructures basedon lab experiments such as PCR on cDNA libraries, Northern blot, se-

quencing, etc. However, characterizing the 60,000to 100,000genesthought to be hidden in the human genomeby

meansof merely lab experiments is not feasible. A current trend is to complement the lab study with bioinformatics

approaches. The bioinformatics approach for genedetection meansusing computer programs to elucidate a gene

structure from DNA sequencesignals, including start codons, splicing junction donor sites and acceptor sites, stop

codons, etc.

A number of programs have been developed for locating genecoding regions (exons), with varying degreesof

success.7,26 However, the vertebrate DNA sequencesignals involved in genedetermination are usually ill de�ned,

degenerateand highly unspeci�c. Given the current detection methods, it is usually impossible to distinguish the

signals truly processedby the cellular machinery from those that are apparently non-functional.12 Furthermore,

the inherent conservatism of the currently popular methods such as similarit y search, GRAIL, etc. greatly limits

our abilit y for making unexpected biological discoveries from increasingly abundant genomic data. Except for a

very limited subsetof trivial cases,the automated interpretation without experimental validation of genomicdata is

still a myth. 8 Unlike the situations in bacteria and yeast organisms,in which computer systemshave substantially

contributed to the automatic analysis of genomes,automatic sequenceanalysis and structure elucidation for the

genomesof vertebrate organismsare far from being a reality.12
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CTGGTGAGGCTCCTTCTAACTCCTAACTTTTCCCTTCTCTGGCAGGCCCCTTTGAAGGTC
CAAACTATCACATTGCGCCACGCTGGGTCTACAATATCACTTCTGTCTGGATGATTTTTG
TGGTCATCGCTTCAATCTTCACCAATGGTTTGGTATTGGTGGCCACTGCCAAATTCAAGA
AGCTACGGCATCCTCTGAACTGGATTCTGGTAAACTTGGCGATAGCTGATCTGGGTGAGA
CGGTTATTGCCAGTACCATCAGTGTCATCAACCAGATCTCTGGCTACTTCATCCTTGGCC
ACCCTATGTGTGTGCTGGAGGGATACACTGTTTCAACTTGTGGTAAGAGACAAATTGATG

A.

B.

Figure 1. (A) A vertebrate genestructure. (B) A sequencefragment containing an exon of 296 nucleotides. The

AGbasespreceding the �rst arrow are the conserved nucleotides in a splicing junction acceptor site. The GTbases

precedingthe secondarrow are the conserved nucleotidesin a splicing junction donor site. The nucleotidesbetween

the two arrows constitute the exon.
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Our research is targeted toward developing e�ectiv e and accurate methods for automatically detecting gene

structures in the genomesof high eukaryotic organisms. We have developed e�ectiv e hidden Markov models for

detecting splicing junction sites in vertebrate genomic DNA sequences.39{43 In this paper, we combine the gene

structure signal information with global genestructure information and present GeneScout,a full-scalegenestructure

detection system.

The rest of the paper is organizedas follows. Section 2 surveysrelated work. Section 3 presents our approach to

genediscovery. Section 4 reports experimental results. Section 5 concludesthe paper.

2. RELA TED W ORK

Although methods for predicting coding regionsin genomicDNA sequenceshad existedsincethe 1980s,the programs

for assembling coding sequencesinto translatable mRNA sequenceswerenot available until the early 1990s.7 Recently

there havebeenseveral programsavailable for biologists, such asGenViewer,23 GeneID,13 GenLang,9 GeneParser,27

FGENEH,28 SORFIND,17 Xpound,29 GRAIL, 37 VEIL, 16 GenScan,6 etc. Among the tools, GRAIL and GenScan

arewidely usedin academiaand industry. GRAIL is available on the BLAST Website (http://www.ncbi.nlm.nih.go v)

and GenScanis available at MIT's Web site (http://genes.mit.edu/license.h tml). Algorithms employed by these

various tools are based on consensussearch,11 weight matrices,19 pattern recognition ,11 etc., though the most

popular approachesare basedon neural networks (NNs)37 and, more recently , hiddenMarkov models (HMMs). 20,25,43

We describe below basic algorithms using NN and HMM techniques.

2.1. NN-Based Techniques

A learning sampleof NN-basedtechniquesconsistsof two classes:sites and non-sites. The non-sitesclassis usually

formed by randomly choosing fragments from the natural DNA. The basic stepsof the NN-based techniques are as

follows21,22,31,32 :

1. Creation of a learning sample;

2. Choice and encoding of signal features;

3. Iterativ e correction of recognition rules according to results of discrimination betweenthe two classesobtained

in the previous round;

4. Testing on an independent sample.

4



Often, an NN consists of a layer of input neurons, several layers of hidden neurons, and an output neuron.

When an unlabeled candidate site is presented to the NN, the input neurons check whether the site possessesthe

corresponding features and send binary signals to the neurons of the �rst hidden layer. Each hidden neuron sums

the weighted signalscoming, by connection, from lower-level neurons,comparesthe result with somethresholds, and

sendsa binary signal to upper-level neurons. The output neuron provides the userwith a �nal site/non-site decision.

Several research groups implemented NNs for genestructure prediction, and they adopted two di�eren t techniques

in combination with NNs11: (i) the useof ad hoc heuristic proceduresand (ii) the useof combinatorial algorithms.

The �rst technique was adopted in GRAIL. 30,37 The exon recognition module of GRAIL employs an NN that

integratesvaluesof various coding potentials and other statistics. The �rst step is to perform splicing site prediction

by similar multisensor networks. The secondstep is to perform exonprediction by Bayesiananalysisof frame-speci�c

coding potentials. Finally, all legitimate combinations of predicted exonsare used for geneassembly. At this step,

GRAIL employs a heuristic procedure that scorescandidate exons using somecombination of the site scoresand

the coding potentials obtained in the previous steps. Low-scoring exonsare eliminated from further consideration.

The software then performs an exhaustive search over the set of structures generatedby the remaining high-scoring

exons.

GeneParser27 is an example of using the secondtechnique in which dynamic programming is applied to get rid

of the exhaustive search over exon-intron structures. GeneParser combines the classicaldynamic programming with

an NN, and usesboth coding potentials and weight matrix scoresof splicing sites for exon prediction. The learning

stage consistsof a seriesof iterations. At each iteration, a dynamic programming procedure is applied to �nd the

highest-scoringstructures for all sequencesin the learning sample. Then another dynamic programming module is

usedto �nd the optimal structures for new sequences.11

2.2. HMM-Based Techniques

HMMs have been used extensively to describe sequential data or processessuch as speech recognition. An HMM

model is a processin which someof the details of the sequential data are unknown, or hidden. A generaldescription

of a Markov model is that it models a stochastic processusing a number of states and probabilistic state transitions.

An HMM is usually represented by a graph where the states correspond to vertices and the transitions correspond

to edgesin the graph. Each state s is associated with a discrete output probabilit y distribution, P(s). Similarly,

each transition has a probabilit y, which represents the probabilit y that a generating processmakes that transition.
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Thus the sum of the probabilities of all the transitions from a given state s to all other states must be 1.

HMMs have beenremarkably successfulin the �eld of speech recognition,18 where they are used in most state-

of-the-art systems. Researchers in computational biology have recently started to useHMMs for biological sequence

analysis. Lukashin, Borodovsky20 and their colleagues5 successfullyapplied HMMs to the detection of coding regions

in prokaryotes. Audic and Claverie2 reported their useof Markov transition matrices to detect eukaryotic promoters.

Salzberg25 hasusedHMMs for identifying splicesitesand translational start sitesin eukaryotic genes,and thosesplice

site modelshave beenadopted in the VEIL system16 for �nding vertebrate genes.Salzberg's group alsodeveloped an

interpolated Markov model to �nd genesin malaria parasite Plasmodium falciparum, a small eukaryotic species.26

3. OUR APPR OA CH

Our proposedGeneScoutsystem contains several specially designedHMM models for predicting functional sites as

well as an HMM model for calculating coding potentials. The functional sites are somesequencesignals common

for all sites of a given type, which are recognizedby corresponding DNA- and RNA-binding proteins.11 Basic units

of such functional sites in a vertebrate genesequenceinclude translational start sites, splicing junction donor and

acceptor sites, etc. E�ectiv ely predicting thesefunctional sites is the �rst and crucial step for gene�nding.

3.1. HMM Mo dels for Predicting Functional Sites

Often, the functional sites include (almost) invariant (consensus)nucleotides and other degeneratefeatures. Thus,

the invariant nucleotides themselvesdo not completely characterize a functional site. For example, a start codon is

always a sequenceof ATGand it is the start position in mRNA for protein translation, so the start codon is the �rst

3 basesof the coding region of a gene. ATG is also the codon for Methionine,� a regular amino acid occurring at

many positions in all of the known proteins. This meansone is unable to detect the start codon by simply searching

for ATGin a genomicDNA sequence.

It is reported that there are somestatistic relations betweena start codon ATGand the 13 nucleotidesimmediately

preceding it and the 3 basesimmediately following it. 25 We call these 19 basescontaining a start codon a start

site. We build an HMM model, called the Start Site Model, to model the start site. Figure 2 illustrates the model.

As shown in Figure 2, there are 19 states for the Start Site Model. Except for states 14, 15 and 16, there are four
� A codon is a triplet of contiguous basesin mRNA that code for speci�c amino acids, which in turn are used for building

proteins.35
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Figure 2. The Start Site Model.

possiblebasesat each state, and a baseat onestate may have four possibleways to transit to the next state. States

14, 15 and 16 are constant states (representing a start codon), and the transitions from state 14 to 15 and from

state 15 to 16 are also constant with a probabilit y of 1. With the Start Site Model, we can usethe HMM algorithms

described in our previously published paper43 to detect a start site.y The topology of our HMM models is di�eren t

from those of other models6,16,25 designedfor functional site detection in geneprediction systems. To capture the

consensusand degeneratefeaturesof the functional sites,we intro ducedconstant statesand constant state transitions

into the hidden Markov models. This innovative approach conceptually simpli�es the functional site models and the

computational processof using the models.38,43

y In the previously published paper,43 we presented HMM models and algorithms for detecting splicing junction donor and

acceptor sites. The HMM model for a donor site contains 9 states whereas the HMM model for an acceptor site contains 16

states. The algorithms used for training the HMM models for start sites, donor sites and acceptor sites and for detecting these

functional sites are similar. Pleaseseerelated publications 38,43 for details.
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3.2. Graph Represen tation of the Gene Detection Problem

The goal of GeneScoutis to �nd coding regionsas illustrated in Figure 1. Like all other major gene-�nding systems

surveyed in Section2, GeneScoutdoesnot �nd the promoter at the very beginning of a genestructure as well as the

beginning or the end of transcription. A more accurate term for this processmight be \co ding region detection",

though traditionally the term \gene detection" has beenusedwhen referring to thesesystems.25

The main hypothesisusedin our work is that, given a vertebrate genomicDNA sequenceS, it is always possible

to construct a directed acyclic graph G such that the path for the actual coding region of S is in the set of all paths

on G. Thus, the genedetection problem is reduced to the analysis of paths in the graph G. We use a dynamic

programming algorithm to �nd the optimal path in G.

We de�ne a candidate exon to be a sequencefragment whoseleft boundary is an acceptorsite or a start codon, and

whoseright boundary is a donor site or a stop codon. A candidate intr on is a sequencefragment with a donor site at

its left boundary and an acceptorsite at its right boundary. We de�ne a candidate geneasa chain of non-intersecting

alternating exonsand introns that satisfy the following biological consistencyconditions:24

1. the total length of exonsis divisible by 3;

2. there are no in-frame stop codons in exons;

3. the �rst intron-exon boundary is a start codon, and the last exon-intron boundary is a stop codon.

However, like most of the existing genedetection programs, our algorithm can be easily generalizedfor incomplete

genesviolating condition 3 and possibly condition 1.

Referring to Figure 1 again, if one could detect the start codon and all the splicing junction donor and acceptor

sites correctly, the coding region would be found immediately. Unfortunately , there is no program that can correctly

and precisely detect the start codon and all the splicing junction sites without any error. In our case,even though

we have developed e�ectiv e hidden Markov models for detecting splicing junction sites, there are still falsepositives

mistaken asdonor or acceptorsites.43 Supposewe start with a vertebrate genomicDNA sequenceon which we mark

the positions for the start codons, donor sitesand acceptorsites that are detectedby our HMM algorithms.43 Then

thesesites generatea set of candidate exonsand candidate introns, and their combinations form a set of candidate

genes.If we assumeall the true functional siteshave beendetected,one(and only one) subsetof the candidate exons

must constitute the real coding region.
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Figure 3. A site graph for genedetection with the boldfaceedgesrepresenting real exons-introns.

Considera directed acyclic graph G whereverticesare functional sites,and edgesare exonsand introns (Figure 3).

All the edgesfrom the top verticesto the bottom vertices in the graph G are candidate exons,and the edgesfrom the

bottom vertices to the top verticesare candidate introns. There must be a path on G representing real exons-introns

as shown by the boldface edgesin Figure 3. So, given a vertebrate genomicDNA sequencewith detected sites, it is

always possibleto construct a directed acyclic graph G such that the path for real exons-introns is in the set of all

paths on G. Thus the genedetection problem is reducedto the analysis of paths in the graph G.

3.3. A Dynamic Programming Algorithm

Consider again the graph G in Figure 3. A candidate geneis represented by a path in G. Let SG denote the set

of all paths in G. We assigna scoreto each functional site basedon the HMM models and algorithms described in

Section 3.1.38,43 The scoreis used as the weight of the corresponding vertex v in SG , and we denote that weight

as W (v). We associate each edge(v1; v2) in SG with a weight W (v1; v2). The weight W (v1; v2) equalsto the coding
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potential of the candidate exon or intron corresponding to the edge(v1; v2) (the calculation of the coding potential

will be described in Section 3.4). Let p be a path in SG ; the weight of p is denoted as W (p).

Now, let v be a vertex in SG and let (v1; v); : : : ; (vk ; v) be all edgesentering v. Let S(v) be the set of all paths

entering the vertex v. Let � represent the concatenating operation, and � represent the simple addition. We can

calculate the weight of the optimal path in S(v), denoted �( S(v)), as follows:

�( S(v)) = max
p2 S(v)

W (p) =
k

max
i =1

�
max

p2 S(v i )
W (p � (vi ; v))

�
(1)

=
k

max
i =1

��
max

p2 S(v i )
W (p)

�
� W (vi ) � W (vi ; v)

�
(2)

=
k

max
i =1

(�( S(vi )) � W (vi ) � W (vi ; v)) (3)

This recurrenceformula can be used for computing � (S(v)) given the set of weights � (S(vi )), i = 1; : : : ; k. Thus a

dynamic programming algorithm can be usedto �nd the weight of the optimal path and locate the path itself in the

graph G. This path indicates the real exons(coding region) in the given genomicDNA sequence.

3.4. An HMM Mo del for Computing Co ding Poten tials

Becausevertebrate geneshave coding regions and noncoding regions, coding potential is used here to measurethe

di�erence in statistical characteristics betweencoding and noncoding regions. Our approach for computing coding

potentials is basedon the analysisof codon usage,which re
ects the following phenomena11: The universal structure

of the genetic code, the averageamino acid composition of proteins, the genome-speci�c patterns of the usageof

synonymous codons, and genesintend to usepreferred codons in the coding regions. We develop a Codon Model as

the basic unit for calculating coding potentials.

Figure 4 shows an HMM with 3 states and a set of transitions used for modeling a codon in a vertebrate gene.

The HMM is represented as a digraph where states correspond to vertices and transitions to edges.At each state,

the HMM generatesa baseb in f A, C, G, Tg according to the state and transition probabilities. Notice that, if the

HMM generatesbaseb = T in the �rst state, and generatesbaseb = A or b = Gin the secondstate, the third state

can only be b = C or b = T. In other words, if the �rst state is baseT, the transitions (from state 2 to state 3) A !

A, A ! G, G! A and G! Gare not de�ned. This is becauseTAA, TAG, TGAand TGGare stop codons.

Let f tr (bi ; bi +1 ) be the state transition probabilit y from state i to state i + 1 (the calculation of f tr (bi ; bi +1 ) will

be described in Section3.5). Let U j
codon be the codon usageprobabilit y for a codon starting at position j in a coding
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region. We can write:

U j
codon =

j +1Y

i = j

f tr (bi ; bi +1 ) (4)

Let Pm
coding be the coding potential for a sequencewith m bases.Then the coding potential for the sequencecan be

calculated as follows:

P m
coding =

m � 2X

j =1 ;4;7;:::

U j
codon (5)

In this study, we useEquation (5) to calculate the coding potentials for candidate exons,which are represented

by the edgesstarting at the top vertices and ending at the bottom vertices in the site graph G shown in Figure

3. Notice that if the transition from state i to i + 1 does not exist, f tr (bi ; bi +1 ) is not de�ned. If f tr (bi ; bi +1 ) is

not de�ned, U j
codon is not de�ned, neither is P m

coding . This means that, given a candidate exon represented as an
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edge in the graph G shown in Figure 3, if there are any unde�ned state transitions, that candidate exon has no

coding potential and it is not a real exon. A coding potential value of 0 is assignedto all candidate introns that are

represented by the edgesstarting at the bottom vertices and ending at the top vertices in the site graph G shown in

Figure 3.

3.5. Training and Predicting Algorithms

Let M represent the set of sequencesthat are randomly picked from a training data set and let E be the set

containing the remaining sequencesin the training data set. (In the study presented here, M contains about 10% of

the sequencesin our training data set.) The Codon Model described in Section 3.4 is trained using an expectation

maximization (EM) 3 algorithm with the exonsin the set E . The topology for the Codon Model is �xed, and all the

transition probabilities and state probabilities are initialized to random values. We pick one tenth of the sequences

from E and input them into the Codon Model. We record the number of the individual basesat each state and the

number of individual transitions from one state to another state. We then compute the post probabilities for all the

states and transitions in the Codon Model.

Let T tr (bi ; bi +1 ) be the total number of transitions from a basebi at state i to a basebi +1 at state i +1 in the

Codon Model. Let Tin be the total number of codons that have been input into the model. The state transition

probabilit y f tr (bi ; bi +1 ) in the model can be calculated as follows:

f tr (bi ; bi +1 ) =
T tr (bi ; bi +1 )

Tin
(6)

The re-estimation procedure then adjusts all of the probabilities hidden in the Codon Model. Newly picked se-

quencesin E are then run through the model and the probabilities are further re�ned. This processis iterated until

f tr (bi ; bi +1 ) is maximized or until E becomesempty. This algorithm is guaranteed to convergeto a locally optimal

estimate of all the probabilities in the HMM. 16

Next, we treat all the sequencesin the set M as unlabeled sequencesand input each of the sequencesinto the

HMMs described in Section 3.1 to detect start sites, donor sites and acceptor sites. Then the training algorithm

constructs the site graph G shown in Figure 3 for an input sequencewith the detected functional sites on it. The

coding region for the input sequenceis detectedby dynamic programming asspeci�ed in Equation (3). Comparing the

detectedcoding region with the known genestructures for each of the sequencesin M , we obtain the approximation

correlation (AC ) value intro ducedby Burset and Guigo7 (the calculation of the AC value will be described in detail
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in Section4.2). In a nutshell, the AC value is the measurethat summarizesthe prediction accuracyat the nucleotide

level. AC rangesfrom -1 to 1. A value of 1 corresponds to a perfect prediction, while -1 corresponds to a prediction

in which each coding nucleotide is predicted as a non-coding nucleotide, and vice versa. A value of 0 is expected for

a random prediction.12 The training processis iterated until the largest possibleAC value is obtained.

In the testing (prediction, respectively) phasewhere an unlabeled test (new, respectively) sequenceS is given,

GeneScout �rst detects the functional sites on S and then builds a directed acyclic graph G using the detected

functional sites as vertices. Next, GeneScout�nds the optimal path on G and outputs the vertices (functional sites)

and edgeson the optimal path, which displays the coding region on S.

4. EXPERIMENTS AND RESUL TS

4.1. Data

In evaluating the accuracyof the proposedGeneScoutsystemfor detecting vertebrate genes,we adopted the database

of human DNA sequencesoriginally collected by Burset and Guigo.7 The authors used this databaseto compare

a number of gene-�nding programs. The sequencesin this database were obtained from the vertebrate divisions

of GenBank release85.0 (October, 1994). There are 570 vertebrate sequencesin the databaseand they all have

simple and standard genestructures. Each entry contains a completecoding sequencewith no in-frame stop codons.

There are 28,992,149nucleotidesin these570sequences,and there are 2,649exons,corresponding to 444,498coding

nucleotides. There are at least one exon and one intron in each entry in the database. All the functional sites

mentioned in the paper that appear in thesesequencesare standard sites. This meansthat all the start sites have

ATGasthe start codon, and all the donor siteshave GTand all the acceptorsiteshave AGat appropriate positions.38,43

This databasenow becomesthe standard data set for evaluating gene-�nding programs.

We applied the 10-way cross-validation method40,43 to evaluating how well GeneScoutperforms when tested on

sequencesthat are not in the training data set. Crossvalidation is a standard experimental technique for determining

how well a classi�er performs on unseendata.16 Speci�cally , we randomly partition the 570 sequencesat hand into

10 sets. Thesesetshave roughly the samenumber of exonsand introns. For each run in the 10-way cross-validation

experiment, we usenine out of the ten sets as the training data set, and usethe remaining one set as the test data

set. The GeneScoutsystemis trained using the training data set (i.e., all sequencesexcluding those in the test data

set are used as the training data) and then is tested on the sequencesin the test data set. Thus, for each run, the
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training data set contains 90% of the total exonsand the test data set contains 10% of the exons. Notice that each

of the 570 sequencesis usedexactly oncein the test data set.

4.2. Results

Table 1 shows the results obtained in each run of cross-validation, and the averageover all the ten runs. We estimate

the prediction accuracy at both the nucleotide level and the exon level. At the nucleotide level, let TPc be the

number of true positives, F Pc be the number of false positives,TNc be the number of true negatives,and F Nc be

the number of falsenegatives. A true positive is a coding nucleotide that is correctly predicted asa coding nucleotide.

A false positive is a non-coding nucleotide that is incorrectly predicted as a coding nucleotide. A true negative is a

non-coding nucleotide that is correctly predicted as a non-coding nucleotide. A false negative is a coding nucleotide

that is incorrectly predicted as a non-coding nucleotide. The sensitivity (Sn
c ) and speci�cit y (Sp

c ) at the nucleotide

level described in Table 1 are de�ned as follows:

Sn
c =

TPc

TPc + F Nc
(7)

Sp
c =

TPc

TPc + F Pc
(8)

As mentioned before, the approximation correlation (AC ) is the measurethat summarizesthe prediction accuracyat

the nucleotide level. AC rangesfrom -1 to 1. A value of 1 corresponds to a perfect prediction, while -1 corresponds

to a prediction in which each coding nucleotide is predicted as a non-coding nucleotide, and vice versa. Formally,

AC is de�ned as follows7:

AC =
�

1
4

�
TPc

TPc + F Nc
+

TPc

TPc + F Pc
+

TNc

TNc + F Pc
+

TNc

TNc + F Nc

�
� 0:5

�
� 2 (9)

=
1
2

�
TPc

TPc + F Nc
+

TPc

TPc + F Pc
+

TNc

TNc + F Pc
+

TNc

TNc + F Nc

�
� 1 (10)

At the exon level, let TPe be the number of true positives,F Pe be the number of falsepositives,TNe be the number

of true negatives,and F Ne be the number of falsenegatives. A true positive is an exon that is correctly predicted as

an exon. A false positive is a non-exon that is incorrectly predicted as an exon. A true negative is a non-exon that

is correctly predicted as a non-exon. A false negative is an exon that is incorrectly predicted as a non-exon. The

sensitivity (Sn
e ) and speci�cit y (Sp

e ) at the exon level described in Table 1 are de�ned as follows:

Sn
e =

TPe

TPe + F Ne
(11)
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Nucleotide Exon

Run Sn
c Sp

c AC Sn
e Sp

e

1 0.86 0.78 0.77 0.51 0.49

2 0.85 0.79 0.77 0.50 0.48

3 0.86 0.80 0.78 0.52 0.50

4 0.85 0.78 0.75 0.49 0.51

5 0.87 0.78 0.78 0.53 0.48

6 0.85 0.79 0.77 0.53 0.49

7 0.84 0.80 0.77 0.52 0.49

8 0.87 0.77 0.76 0.49 0.47

9 0.86 0.78 0.77 0.51 0.48

10 0.86 0.80 0.77 0.52 0.50

Average 0.86 0.79 0.77 0.51 0.49

Table 1. Performanceevaluation of the proposedGeneScoutsystem for genedetection.

Sp
e =

TPe

TPe + F Pe
(12)

The result in Table 1 shows that, on average,GeneScoutcan correctly detect 86 percent of the coding nucleotides

in the test data set. Among the predicted coding nucleotides, 79 percent are real coding nucleotides. At the exon

level, GeneScoutachieved a sensitivity of 51 percent and a speci�cit y of 49 percent. This means GeneScoutcan

detect 51 percent of exonsin the test data set with both of their 5' and 3' endsbeing exactly correct.

Table 2 comparesGeneScoutwith other gene�nding tools on the same570 vertebrate genomicDNA sequences.

The performancedata for the other tools shown in the table are taken from the paper authored by Burset and Guigo7

except for the VEIL system and GenScan. For VEIL, the data is taken from the paper authored by Hendersonet

al..16 For GenScan,the data is published by Burge and Karlin. 6

It can be seenfrom Table 2 that GeneScoutbeats or is comparable to these other programs except GenScan.

GenScanis more accurate than GeneScoutat both the nucleotide level and the exon level. However, as indicated by

GenScan'sinventors Burge and Karlin, 6 many of the 570 sequencescollected by Burset and Guigo7 were used to
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Nucleotide Exon

System Sn
c Sp

c AC Sn
e Sp

e

GeneScout 0.86 0.79 0.77 0.51 0.49

VEIL 0.83 0.72 0.73 0.53 0.49

FGENEH 0.77 0.88 0.78 0.61 0.64

GeneID 0.63 0.81 0.67 0.44 0.46

GeneParser 2 0.66 0.79 0.67 0.35 0.40

GenLang 0.72 0.79 0.69 0.51 0.52

GRAIL 2 0.72 0.87 0.75 0.36 0.43

SORFIND 0.71 0.85 0.73 0.42 0.47

Xp ound 0.61 0.87 0.68 0.15 0.18

GenScan 0.93 0.90 0.91 0.78 0.81

Table 2. PerformancecomparisonbetweenGeneScoutand other systemsfor genedetection.

train the GenScansystem. This meansthat a portion of the test sequenceswereusedin GenScan'straining process.

In contrast, GeneScoutis tested on the sequencesthat are completely unseenin the training phase. When examining

the experimental results in more detail, we found that GenScandid not correctly predict any coding nucleotide on

eight sequencesof the 570sequences.In contrast, for theseeight sequences,GeneScoutcorrectly detectedabout 85%

of the coding nucleotideson them.

Furthermore, GeneScoutruns much faster than GenScan. For example, it takes 0.8 secondsfor GeneScoutto

predict the genestructure on a 5 kb sequence,while GenScanneedsseveral secondsfor the samesequence. The

time complexity for the GeneScoutalgorithm is O(N V 2) where N is the length of the input sequenceand V is the

number of vertices on the site graph constructed during the genepredicting process. In practice, the running time

grows approximately linearly with the sequencelength for sequencesof several kb or more. The wall clock time for

the GeneScoutprogram when run on an X kb sequenceon a Sun Sparc10workstation is about 0:1� (X + 3) seconds.
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5. CONCLUSIONS

In this paper, we have presented the GeneScoutdata mining system for detecting gene structures in vertebrate

genomicDNA. GeneScoutuseshidden Markov models to detect functional sites, including start codon sites, splicing

junction donor sites and acceptor sites. Our main hypothesis is that, given a vertebrate genomicDNA sequenceS,

it is always possibleto construct a directed acyclic graph G such that the path for the actual coding region of S is

in the set of all paths on G. Thus, the genedetection problem is reduced to the analysis of paths in the graph G.

A dynamic programming algorithm is employed by GeneScoutto �nd the optimal path in G. The system is trained

using an expectation maximization algorithm, and its performanceon vertebrate genedetection is evaluated using

the 10-way cross-validation method on the data set collected by Burset and Guigo.7

Our experiment results show that, GeneScoutcan correctly detect 86% of the coding nucleotidesin the data set

with 79% of detected coding nucleotides being correct. The approximation correlation value is 0.77 in predicting

coding nucleotides. At the exon level, GeneScoutachieves 51% sensitivity and 49% speci�cit y. This means that

GeneScoutcan detect 51%of exonsin the data set with both 5' and 3' endsbeing exactly correct. It wasalso shown

experimentally that GeneScoutis comparableto existing genediscovery tools.

Future work includes the incorporation of more parameters or criteria into GeneScout. One sourceof possible

new parameters could be obtained from the analysis of potential coding regions, such as preferred exon and intron

lengths,15 and positions of exon-intron junctions relative to the reading frame.10 We may alsomodel more functional

sitessuch as those in the upstream or downstream of a coding region. Thesee�orts will further improve GeneScout's

performanceto make it more accurate for vertebrate genedetection.
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