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Abstract

Generecognitionis essentialto understandingexisting andfuture
DNA sequencedata.CRITICA (CodingRegionIdentificationTool
Invoking Comparative Analysis)is a suiteof programsfor identi-
fying likely proteincodingsequencesin DNA by combiningcom-
parative analysisof DNA sequenceswith morecommonnoncom-
parative methods.In the comparative componentof the analysis,
regionsof DNA arealignedwith relatedsequencesfrom theDNA
databases;if the translationof the alignedsequenceshasgreater
aminoacid identity thanexpectedfor theobservedpercentagenu-
cleotideidentity, this is interpretedasevidencefor coding. CRIT-
ICA also incorporatesnoncomparative information derived from
therelativefrequenciesof hexanucleotidesin coding-framesversus
othercontexts (i.e., dicodonbias).Thedicodonusageinformation
is derivedby iterative analysisof thedataso thatCRITICA is not
dependentupontheexistenceor accuracy of codingsequencean-
notationsin the databases.This independencemakesthe method
particularlywell-suitedfor theanalysisof novel genomes.CRIT-
ICA wastestedby analyzingtheavailableSalmonellatyphimurium
DNA sequences.Its predictionswerecomparedto the DNA se-
quenceannotationsandto thepredictionsof GenMark.CRITICA
provedmoreaccuratethanGenMark,and,moreover, many of its
predictionsthatwould seemto beerrors,insteadreflectproblems
in thesequencedatabases.Thesourcecodeof CRITICA is freely
availableby anonymousFTP(rdp.life.uiuc.eduin /pub/critica)and
on theWorld WideWeb(http://rdpwww.life.uiuc.edu).

Intr oduction

Therecentpublicationof completegenomesequencesfrom several
organisms(e.g.,Fleischmannet al. 1995;Fraseret al. 1995;Bult
et al. 1996;Kaneko et al. 1996;Himmelreichet al. 1996;Blattner
et al. 1997)raisesthe questionof whetherthe tools for sequence
analysisarekeepingpacewith the data. Onedeceptively simple
problemis how to identify theproteincodingregionsof DNA se-
quences,evenin theabsenceof introns.Doingsorequiresaccurate
recognitionof thosegenomicsequencesmostconsistentwith pro-
tein codingandthe choiceof the appropriatetranslationstartand
endpoints.

Numerousapproachesto identifying coding sequenceshave
beenproposed(for a review of early work seeFickett andTung�
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1992;morerecentwork includesBorodovsky andMcIninch1993;
Gish andStates1993; StatesandGish 1994; Snyder andStormo
1995;Gelfand,Mironov, andPevzner1996;Uberbacher, Xu, and
Mural 1996;BurgeandKarlin 1997;Salzberg etal.,1998).On the
simplestlevel, DNA sequencesareoften analyzedby looking for
openreadingframes(ORFs),which area seriesof codingtriplets
uninterruptedby aterminatorcodon.Typically, anORFcapableof
producingapeptideof at least60to 75aminoacidsis retained.Al-
thoughthisapproachhastheadvantageof makingfew assumptions
aboutthenatureof codingDNA, it missesgenesencodingproteins
shorterthanthe60 to 75 aminoacidthreshold;yet, evenwhenthe
thresholdlengthis setthis high, theanalysisproducesasignificant
numberof falsepositive ORFsthatoccurby chancealone(partic-
ularly in G+C-richDNA). Anothercommonproblemis ambiguity
asto which triplet is theactualinitiator codon.

More sensitive approachesto proteinpredictionexploit the fact
thatanabsenceof terminatorsis not theonly nonrandomproperty
of codingsequences.In particular, theuseof synonymouscodons
is generallybiased(StadenandMcLachlan1982),andevenmore
sois theuseof dicodons,beinghexamerDNA sequencesdefining
adjacentcodons(ClaverieandBougueleret1986).Analysesbased
on dicodon usageand a relatedmeasurebasedon a fifth-order
Markov modelof sequences(Borodovsky andMcIninch1993)are
amongthemostpowerful currentmethodsfor definingthecoding
regionsof a new DNA sequence.

Other approachesto identifying coding framesin a DNA se-
quenceare basedon comparative analysis. If a nucleotidese-
quencecanbe translatedto yield a productwith significantsim-
ilarity to a known protein, thenthat DNA is reasonablyassumed
to be protein-codingin the chosenframe(Gish andStates1993).
Analysisusingthe BLASTX program(Gish andStates1993)de-
pendson a databaseof previously definedproteins,andtherefore
cannotfind genesthat encodenew typesof proteins. In contrast,
theTBLASTX program(W. Gish,unpublished),which reliesonly
on a DNA sequencedatabasetranslatedin all six readingframes,
identifiesDNA sequencesthat would make similar proteins,but
doesnot directlydistinguishbetweenthosethatareprotein-coding
andthosethataremerelysimilar DNA sequences.Recentlyanal-
gorithm similar in spirit to BLASTX hasbeendevelopedfor the
analysisof intron-containingsequences(Gelfand, Mironov, and
Pevzner1996). First, all possibleexonsin thesequencebeingan-
alyzedarecompiled,thenthehypotheticalproteinsresultingfrom
the variouspossiblesplicingsarecomparedagainsta databaseof
known proteins.Thesplicing thatyieldsa proteinmostsimilar to
a known proteinin the databaseis assumedto be the correctone.
Again, this methoddependson the presenceandaccuracy of pro-
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teinhomologsin thedatabases.
We have developeda new methodfor identifying codingDNA.

Its novelty lies in comparingquery DNA sequencesto related
DNA sequencesfrom otherspeciesto find thoseregionsof DNA
in which the encodedamino acidsdisplay more sequenceiden-
tity than would be expectedfrom the observed amountof DNA
sequencedivergence. Suchexcessidentity providesevidenceof
aminoacid conservationandhencetranslation.The methoddoes
notrely ontheannotationof any of thesequencesin theDNA data-
banks,henceit is particularlywell-suitedfor theanalysisof novel
genesandgenomes.Becauseit incorporatescomparative analy-
sis,themethod’svalueandaccuracy increasewith increasingDNA
data.

In this paperwe describeCRITICA (CodingRegion Identifica-
tion Tool Invoking Comparative Analysis),a setof programsthat
implementthis approach.We evaluatedit by analyzingthe DNA
sequencedata available from Salmonellatyphimurium, compar-
ing CRITICA’s predictionsto the correspondingdatabaseannota-
tions and to the coding regions suggestedby similarity searches
usingBLASTP. We alsocompareCRITICA’s performanceto that
of GenMark(also called GeneMark;Borodovsky and McIninch
1993),perhapsthemostwidely usedandaccuratealternative cur-
rentlyavailable.

The CRITICA Algorithm

Rationale

The problemto be solved is oneof finding regionsin a DNA se-
quencewith high ”evidenceof coding.” CRITICA usesfour steps
to analyzeagivenDNA sequence(thequery).(1) Giveeachtrinu-
cleotide(triplet) in theDNA anumericalscorebasedonhow much
moreit resemblesacodonin acodingsequencethanit resemblesa
triplet in anoncodingregion. Thisscoreis (usually)thesumof two
components:acomparativescorebasedontherelativeidentitiesof
thenucleotidesandthecorrespondingpotentialaminoacids,anda
noncomparativescorebasedon dicodonbiasin codingframes.(2)
Identify regionsof sequencethathave higherthanrandomscores
for coding. (3) Extendthecandidatecodingregion to a terminator
codonor the endof the querysequence.(4) Examinethe effect
of choosingeachof theavailableinitiator codonsby incorporating
an initiator codonpreferencescore,anda scorefor any potential
Shine-Dalgarnosequence(ribosomebindingsite). If theresulting
overall evidenceof codingis sufficiently high, theDNA sequence
is predictedto becoding.Eachof thesestepsis consideredin more
detailbelow.

AssessingComparativeEvidencefor Coding

To understandcomparativeevidenceof coding,considerDNA se-
quencesA andB, stemmingfrom a commonancestralsequence.
Subsequentto theirseparation,theA andB lineageshaveindepen-
dentlyaccumulatednucleotidechanges.If thesesequencesdo not
codefor protein,thenthesitesof nucleotidesubstitutionsshouldbe

distributedrandomlywith respectto codingpotential;thatis, there
will beno specialconservationof conceptualtranslationproducts.
If, on theotherhand,thesequencesencodea protein,excessiden-
tity of theaminoacidsmaybeobserved,whichcanthenbetakenas
evidenceof translation.To carryout theanalysis,DNA sequences
that aresimilar enoughto the querysequenceto be probableho-
mologsarefirst foundandaligned. Thealignedtriplets in these-
quencesare thenanalyzedin termsof percentageidentity of nu-
cleotidesversuspercentageidentity of codedaminoacids.

CRITICA usesthe BLASTN program(Altschul et al. 1990)to
locatesequencesin a DNA databasethataresufficiently similar to
thequeryasto belikely homologous.TheBLASTN searchparam-
etersE andE2 (expectednumberof randomlymatchingsequence
segments)aretypically setto 10

� 4. Following removal of matches
to the queryorganism,the remaininglocal alignments(the high-
scoringsegmentpairs,or HSPs)producedby BLASTN areused
directly. The fact that thesealignmentsdo not includealignment
gapsis anadvantagebecausethecomparative detectionof coding
(below) assumesa consistentrelative readingframein thealigned
DNAs. A typical BLASTN alignmentof relatedDNA sequences
from S.typhimuriumandPasteurella haemolyticais shown in fig-
ure1A.

Givenoneof the alignmentsfrom the precedingstep(fig. 1A),
we testthe hypothesisthat the locationsof sequencechangesare
not relatedto codingpotential.Theanalysisis carriedout in each
of the six possibletranslationframes(threeforwardandthreere-
verse),althoughonly oneis shown. First, the alignedsequences
arebroken into triplets (fig. 1B), andthe differencesin the DNA
sequencesof the alignedtriplets arecounted(fig. 1C). For each
triplet, the encodedamino acid is determined(fig. 1D), and the
locationsof differencesare noted(fig. 1E). From theseobserva-
tions,a scorethatsummarizesthecontribution to codingevidence
is assignedto eachtriplet (fig. 1F).

In general,identicalalignedtripletsareassignedascoreof zero,
sincethey will alwaysencodeidenticalaminoacidsandhencecan
carryno comparative informationaboutcoding.A positivecoding
scoreis givento alignedtripletsthataresynonymoussuchasTTC
and TTT (phenylalanine),or CTA and TTG (leucine). To com-
pensatefor positive scoresarisingfrom therandomoccurrenceof
synonymoustriplets,a negative scoremustbeassignedto aligned
triplets encodingdifferent amino acids, that is, nonsynonymous
codonssuchasCAG (glutamine)andCAT (histidine).Therandom
probabilitiesof codingthesameaminoacid,averagedoverall pairs
of the61codingtripletsweightedequally, for tripletsthatdiffer by
zero,one,two or threenucleotidesarelistedin table1. This equal
weightingis anappropriatemodelfor theS.typhimuriumDNA an-
alyzedin this paper(whichhasa G+Ccontentvery closeto 50%),
but might be productively modifiedfor organismswith highly bi-
asedG+C content.Therandomchanceof codingthesameamino
acid is muchlower whenmorenucleotidesdiffer. Therefore,syn-
onymoustripletsdifferingat two or threepositionsaremoreinfor-
mativeandwill receivemoreemphasisin thescoringthansynony-
moustripletsdifferingby onenucleotide.

Altschul (1993)pointedout that for analysesof this type,a log-
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Figure1: Elementsof theanalysisof evidencefor codingperformedby CRITICA.

A alignedDNA: S.typ. ...TTTCGCCAATTGATTCAGGTA...
P. hae. ...TTCAAACAACTAGTCCATTTA...

B alignedtriplets: TTT CGC CAA TTG ATT CAG GTA
TTC AAA CAA CTA GTC CAT TTA

C nucleotidedifferences: 1 3 0 2 2 1 1

D encodedaminoacid: F R Q L I Q V
F K Q L V H L

E sameaminoacid: Y N Y Y N N N

F comparativescore: 52 –14 0 164 –16 –36 –36
G dicodonscore: –21 –6 –79 33 37 33 8
H combinedscore: 31 –20 –79 197 21 –3 –28
I comparativetotal: 52 38 38 202 186 150 114
J combinedtotal: 31 11 0 197 218 215 187

(A) BLASTN is usedto align anS.typhimuriumDNA sequence(partof thecodingregion for cataboliteactivatorprotein,CAP) with a
relatedsequencefrom Pasteurella haemolytica. (B) Thealignedsequencesandtheir complementsarebrokeninto tripletsrepresenting
thesix possiblecodingframes,only oneof which is shown. (C) Thenumberof nucleotidedifferencesperalignedtriplet is determined.
(D) The triplets from eachsequencearetranslated.(E) The locationsof aminoaciddifferencesin theconceptualtranslationproducts
arenoted.(F) A comparativeevidenceof codingscoreis assignedto eachtriplet basedon thenumberof nucleotidedifferencesandthe
conservationor non conservationof the encodedaminoacid. The scoresshown arefor 32 informative triplets (seetable2 andtext).
(G) A dicodonfrequency (noncomparative)scoreis assignedto eachtriplet basedon therelative frequency with which thegiventriplet
follows its precedingtriplet in codingframesversusnoncodingcontexts (eq.1). To getthefirst scoreon theleft, it is necessaryto know
that theprecedingtriplet is AAA. (H) Thecomparativeandnoncomparativescoresareaddedfor eachtriplet. (I) A runningtotal of the
comparativescoresis taken,or (J)a runningtotalof thecombinedscoresis taken.Thetotal is not allowedto go below zero.

oddsscorehasfavorableproperties.This wasalsorecognizedby
SnyderandStormo(1995)in theircodingregionidentificationpro-
gram. In the currentcontext, we definethe codingevidencedue
to two alignedtriplets asthe logarithmof the probability of find-
ing this combinationof triplets in a coding framedivided by the
probability of finding thesetripletsalignedin a noncodingframe.
Unfortunately, it is not possibleto directly computethesevalues,
sincethey dependon several factors,including the degreeof pro-
tein sequencedivergencein eachreal codingframe. In principle,
an empiricalcompilationof thesefrequencieswould be possible,
but thereis noreasonto believethatthesecouldbegeneralizedbe-
causedifferentorganismshave differentcodonusage,anddiffer-
entgeneshave differentextentsof divergence.Giventheselimita-
tionson finding an”optimal” solution,we createdseveralscoring
matrices(table2) that differ in the assumedamountof sequence
divergence(Altschul 1993). In essence,eachmatrix washeuris-
tically constructedto detectcoding within a region containinga
specificnumberof informative triplets (8, 16, 32, 64 or 128; see
Appendix).Thus,thematrix called8 is optimizedfor a few infor-
mative triplets with very high aminoacid conservation,while the

matrix called128 is optimizedfor many informative triplets with
only a small excessof aminoacid conservation. For eachquery
sequence,CRITICA performsthe comparative scoringwith each
of thefivematrices,keepingalignmentsthataresignificantfor any
of thesematrices.Theexamplein figure1F usesthematrix for 32
informativetriplets.

An additionalconsiderationwashow to combinethe compara-
tiveevidencescoreswhenBLASTN alignments(HSPs)from mul-
tiple databasesequencescover the sameregion of the query. In
a Bayesianapproach,independentprobabilitiesaremultiplied, or
equivalently their logarithmsareadded. But in the presentcase,
thesequencesfoundby BLASTN aregenerallyrelatedto onean-
othersincethey areeachrelatedto the query. Therefore,the nu-
cleotidedifferencesmightnotbeindependent,andtheirscorescan-
not alwaysbe added. In CRITICA, eachHSPfrom BLASTN is
scoredseparately, thenthenonzerocomparativescoresfor a given
triplet in the queryareaveraged.This simplecompromisemini-
mizesthe requiredbookkeeping;however, if the independenceof
thenucleotidedifferenceswithin a triplet for thevariousHSPswas
assured(e.g.,changesto differentnucleotideidentities,or changes
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Table2: Comparativescoresfor alignedtriplets.

Optimal Triplet Scorefor 0, 1, 2 or 3 NucleotideDifferences
Numberof 0 1 2 3

Triplets sameaa sameaa diff. aa sameaa diff. aa sameaa diff. aa
8 0 76 –99 218 –48 243 –28

16 0 65 –59 197 –31 230 –22
32 0 52 –36 164 –16 207 –14
64 0 41 –23 141 –10 171 –7

128 0 32 –16 108 –5 135 –4

Thescoresin eachrow arechosento assesscodingin aregioncontainingthegivennumberof alignedtripletswith 1 or morenucleotide
differences.The “sameaa” columnslist thescoresassignedif the alignedtripletswould encodethe sameaminoacid. The “dif f. aa”
columnslist thescoresassignedif thealignedtripletswouldencodedifferentaminoacids.

Table1: Probabilitiesof trinucleotidesequenceswith agivennum-
berof differencescodingthesameor a differentaminoacid.

Numberof Probabilityof Probabilityof
Nucleotide CodingtheSame CodingDifferent
Differences Amino Acid Amino Acids

0 1.000 —
1 0.255 0.745
2 0.018 0.992
3 0.008 0.992

It is assumedthatall nucleotidesareequallylikely andthatall nu-
cleotidedifferencesareequallylikely. Terminatorcodonsareex-
cluded.

at differentcodonpositions),addingthesescores,ratherthanaver-
agingthem,wouldbemoresensitive.

AssessingNoncomparativeEvidencefor Coding

Becausethereis additionalusefulinformationin codonusagepat-
terns(andwe wish to analyzesequencesthat lack identifiableho-
mologsandhencecomparative information),we alsoincorporate
noncomparative information into our analysisthrougha version
of the dicodonmethod(Claverie andBougueleret,1986). If the
tripletsarenumberedalongthesequence,thentriplet i is assigned
aninteger-valuedscore(Sdicodon) thatis a functionof thesequence
of triplet i (ti) andthesequenceof theprecedingtriplet (ti � 1):

Sdicodon
�
ti � ti � 1 ��� nint

�
α

1
λc

ln

�
fcoding

�
ti 	 ti � 1 �

fnoncoding
�
ti 	 ti � 1 ��
�
 � (1)

where: fcoding
�
ti 	 ti � 1 � and fnoncoding

�
ti 	 ti � 1 � arethe frequencies

of tripletsof sequenceti in codingandnoncodingcontexts,respec-
tively, given that the precedingtriplet is of sequenceti � 1; λc is
a parameterfrom the Karlin-Altschul distribution parameterfrom
Karlin andAltschul (1990; seebelow for details)for an analysis

basedsolelyon comparative scores.Its valueis calculatedfor the
givengenomeandcomparativescoringmatrix(i.e., row in table2),
but is generallycloseto 0.015.Theparameterα is anempirically
evaluatedfactorslightly smallerthanone(seeResults)that helps
compensatefor thefactthatthedicodonscoresassumethatthese-
quenceof tripletsastheoutcomeof a first-orderMarkov process,
whereasKarlin-Altschul statisticsassumea seriesof independent
scores.Scoresareroundedusingnint, the ”nearestinteger” func-
tion. figure 1G shows the dicodonscoresfor the examplequery
sequence.Whenused,thenoncomparativescorefor eachtriplet is
addedto thecorrespondingcomparativescores(fig. 1H).
Sinceour goal is to analyzenovel sequences,we have chosento
work without usingany of the availableannotations.We usean
iterative approach.Initially, only readingframeswith significant
comparativeevidenceareexplicitly calledcoding,leaving muchof
the sequencedataunclassified—amixture of codingandnoncod-
ing DNAs. In the first cycle of dicodonanalysis,CRITICA uses
the observed dicodonfrequenciesin the regionsexplicitly called
codinganda user-supplied,a priori estimateof thefractionof the
DNA that is codingto estimatethenumberof occurrencesof each
dicodonin all coding regions (G. D. Pusch,personalcommuni-
cation).Thedifferencebetweenthetotal occurrencesof a dicodon
(hexanucleotidesequence)in theDNA dataandtheestimatednum-
berof occurrencesin all codingregionsprovidesthenumber(and
hencefrequency) in noncodingregions. In all subsequentitera-
tions, all sequencesareexplicitly classifiedcodingor noncoding
by CRITICA’s calls in thepreviousiteration,sothereis no further
useof theuser’s a priori estimateof the fractionof theDNA that
is coding.

Finding Regions with Statistically Significant Evi-
denceof Coding

Given the evidenceof coding for eachtriplet, we now seekre-
gions of sequencesufficiently high in coding supportto declare
the behavior nonrandomandthus the sequenceprobablycoding.
Thisproblemis relatedto otherwell-studiedproblemsto whichthe
methodof maximalsegmentanalysishasbeenapplied(e.g.,Kar-
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lin andAltschul 1990,1993). To start,we take a runningtotal of
theevidenceof coding(fig. 1I and1J),not allowing thetotal to go
below zero.A high-scoringsegment(HSS)in thisnonnegativerun-
ning total, beinga region enrichedin codingevidence,startswith
a stepup from zeroandendswith themaximumvaluereachedbe-
foreeither(1) therunningtotaldeclinesbackto zero,(2) thequery
sequencecontainsa triplet that would be a stopcodon,or (3) the
endof the querysequenceis reached.Functionallythis resultsin
identifying all HSSsdefinedasanarbitrarycontiguoussegmentin
thequerysequencethatdoesnot containany stopcodonsandthat
hasbeenextendedthrougheither endpointas far as possibleby
addingon triplets of positive or zeroscore. An HSScancontain
tripletsof negativescoreif this permitsaddinganequalor greater
amountof positivescores.Eachendof anHSSis boundedacodon
pair of negativescore,thebeginningor endof thequerysequence,
or a stopcodon.

Karlin andAltschul (1990)provide formulasfor assessingthe
statisticalsignificanceof ahigh-scoringsegmentundertheassump-
tion that the scoresat eachsite (in this case,eachtriplet) areas-
signedindependentlyfrom a fixed probability distribution. One
canthencomputetwo parameters(K andλ) thatdefinetheapprox-
imatedistributionof thelargestscoreamongall of theHSSs(high-
scoringsegments)containedin a sequenceof lengthN. The theo-
retical distribution of the largestscoreis usedto assignP-values
to individualHSSs.Theprobabilitythatoneor moreintervalswill
haveascoreof Sor greateris approximately

P
�
S�
� 1 � e

� KNe� λS �
(2)

For thecomparativecomponentof ananalysis,calculatingK and
λ requirestherandomprobabilitiesandscoresfor eachof theseven
outcomesin table1. Theprobabilitiesof alignedtripletswith 0, 1,
2 and3 nucleotidedifferencesareestimatedfrom their observed
frequenciesin the BLASTN HSPs. Becausethe BLASTN align-
mentsfor a short individual querysequencesometimeshave few
siteswith changes,wedampenthesamplingvariationsby addinga
fixednumberof tripletswith theaveragebalanceof nucleotidedif-
ferences(36, 9, 4 and1 for 0, 1, 2 and3 differencesrespectively)
observedin our preliminaryanalysesof bacterialDNA sequences.
For a givennumberof differences,therandomprobabilitiesof en-
codingthe sameor a differentaminoacid aretaken from table1,
andthe associatedscoreis taken from the appropriaterow of ta-
ble2. For example,for thequerysequencein figure1, theprobabil-
ity that thealignedtripletsdiffer by onenucleotidewasestimated
to be0.18. For siteswith exactly onenucleotidedifference(asin
thefirst pair of triplets), the randomprobabilityof the tripletsbe-
ing synonymousis 0.255(table1). Thus,at randomabout0.0459
(0.18 � 0.255)of all tripletswould bealignedwith a synonymous
triplet that differs by onenucleotide. If the analysiswerefor the
32-informative-triplet matrix, then the associatedscore(from ta-
ble 2) would be 52. The valueof λ computedfor a comparative
analysisencompassingall of thesequencesto beanalyzedfrom a
given genomeis calledλc, and is subsequentlyusedto scalethe
dicodonscores(above)andtheinitiator codonandShine-Dalgarno
sequencescores(below).

For the noncomparative (dicodon) componentof an analysis,
thereare4096(64 � 64) combinationsof adjacenttriplets. The
probability of a specificdicodonis estimatedfrom the empirical
frequenciesof thesequencein noncodingcontexts(which is possi-
bleonly afterthefirst roundof comparativeanalysis).For example,
thefrequenciesof TTT precededby AAA in S.typhimuriumDNA
is 0.000281in codingsequencesand0.000417in noncodingse-
quences.Thecorrespondingscorefrom equation(1) is –21 (if λc

= 0.015andα = 0.8).
Whensimultaneouslyanalyzingbothcomparativeanddicodonin-
formation,calculatingK andλ requiresthe randomprobabilities
andscoresfor all 28,672(7 � 4096)combinationsof possiblecom-
parativeanddicodonoutcomes.For theaboveexamples,thecom-
binedevent (a TTT triplet alignedwith a synonymoustriplet that
differs by onenucleotide,andprecededby a AAA triplet) hasa
randomprobability of 1

�
91 � 10

� 5 (0.0459 � 0.000417),and its
scoreis 31(52 + –21).

Whetherfor comparative analysisor for combinedcomparative
anddicodonanalysis,CRITICA computesthevaluesof K andλ for
eachcombinationof querysequenceandscoringmatrix, allowing
for differentamountsof comparative data. However, to provide
more uniform behavior for query sequencesof different lengths,
the assumednumberof events,N, is held at a constantvalue of
2000,the approximatenumberof triplets analyzedper gene. For
eachregion of codingevidence,if the P-value for the score(eq.
2) is lessthana predefinedthresholdfor any of the five matrices,
thentheregion is consideredpotentiallysignificantandis keptfor
furtherprocessing.Otherwisetheregion is discarded.

Adjusting the Ends of Potential Coding Regions

A region of codingevidenceendswith the last positive evidence
for coding.However, in theabsenceof introns,realcodingregions
endat stopcodons.Therefore,we extendthe 3� (C-terminal)end
of eachpotentialcodingregionto astopcodonor thelastcomplete
codonin thequerysequence,whichevercomesfirst, andadjustthe
scoreof theregion to includethesetriplets.

Similarly, a region of codingevidencestartswith thefirst posi-
tive evidencefor coding,while real codingregionsstartwith ini-
tiator codons.This situationis morecomplicatedbecause,unlike
stopcodons,initiator codonsalsoserve a function within a cod-
ing sequence.So,theproblemis decidingwhich potentialinitiator
codonto use,or whetherto extendtheregion upstreamto thefirst
completecodonof the query. If a region is extendedupstream,
additionaltriplets and associatedscoresare addedto the coding
region; if a downstreaminitiator is chosen,tripletsandassociated
scoresareremoved.Thescoreis alsoadjustedfor thesequenceof
theinitiator triplet (t = ATG,GTGor TTG).Thelog-oddsscorefor
aninitiator triplet of identity t is

Sinitiator
�
t ��� nint

�
1
λc

ln

�
finitiator

�
t �

f
�
t � 
�
 � (3)

where finitiator
�
t � is the frequency of triplet t amongall initiators,

and f
�
t � is thefractionof triplet t amongall ATG, GTG andTTG
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tripletsin thesequencesbeinganalyzed.

The scorefor eachpotential start site is also adjustedto re-
flect the quality of a Shine-Dalgarnosequence(ribosomebinding
site; ShineandDalgarno1974),whenpresent.For this purpose,
a Shine-Dalgarnosequenceis definedasfour or morecontiguous
nucleotidesstartingwithin 16 nucleotidesupstreamof theinitiator
thatmatcha subsequenceof theconsensussequenceRGGRGGT-
GAT (whereR = A or G; ShineandDalgarno1974). The score
assignedto a Shine-Dalgarnoof sequences is

Ssd
�
s��� nint

�
1
λc

ln

�
fsd
�
s�

f
�
s� 
�
 � (4)

wherefsd
�
s� is thefrequency of sequencesbeingthelongestmatch

to the Shine-Dalgarnoconsensusin sequencesadjacentto each
highest-scoringtranslationstart site and f

�
s� is the frequency of

s beingthe longestmatchto the consensuswhenanalyzingother
plausible,but lower-scoring,startsites. In this context, the score
of a translationstartsiterefersto thescoreof theregion,afterad-
justing thestartpoint to thegiven initiator codon,but without the
adjustingfor theShine-Dalgarnoscore.To limit theregion evalu-
atedfor Shine-Dalgarnosequencesto themostplausiblelocations,
we only considerstart positionsthat would yield a codingscore
with a P-valuewithin two ordersof magnitudeof the P-valueas-
sociatedwith thehighest-scoringstartposition(beforeconsidering
the Shine-Dalgarnosequence).The lack of a ribosomalbinding
site is treatedin an analogousmanner;the scoreis basedon the
frequency of no ribosomebinding site occurringat high scoring
startsby thefrequency of this conditionat lowerscoringstarts.

Thus, for eachplausiblestartpoint, the scorefor the region is
adjustedfor thechangein thestartpoint, for theidentityof theini-
tiator, andfor thequalityof thebestShine-Dalgarnosequence.The
startpoint resultingin thehighestscoreis usuallychosen,though
we canretainall potentialstartswhosescoresfall within a defined
interval of thebest.TheP-valueof theresultingscoreis computed
accordingto equation(2) andtheregion is retainedonly if there-
sultingvalueis moresignificantthanadefinedthreshold(usuallya
randomprobabilityof 10

� 4.

Thereis onemore essentialelementof CRITICA’s algorithm.
Much of thecomparativescoreof codingsequencesis contributed
by silent changesin the third positionof the codon(e.g.,fig. 1).
Becausethespacingof third positionchangesis uniform, thereis
alsoa correspondingframeon the complementarystrandthathas
an excessof third positionchanges,even thoughthis latter frame
doesnotcode:thesemustbeexcluded.CRITICA dealswith this in
a simplemanner:for eachtriplet predictedto becodingwe locate
thetriplet ontheoppositestrandthatsharesthesamethird position
and set its comparative scoreto zero. This eliminatesa known
sourceof bias, without forbidding the predictionof overlapping
readingframes.For this simpletreatmentto work, it is necessary
thatCRITICA commit to codingregionpredictionsin theorderof
mostsupportto leastsupport.

Implementation

CRITICA wasimplementedasa seriesof ANSI-C programsand
Perl5.0scripts.Thecodehasbeenrunonavarietyof SunSPARC-
stationsrunningSunOS5.4, a Silicon Graphicsworkstationrun-
ning IRIX 5.3, andan IBM-PC compatible(586) systemrunning
Linux 2.0. It shouldbe portableto any systemrunningUNIX or
a UNIX-lik e operatingsystem.BLASTN 1.4.7MP(Altschul et al.
1990)wasusedto obtainpresumptive DNA homologs.BLASTP
1.4.8MP(Altschul et al. 1990)wasusedto find proteinssimilar
to potentialgeneproducts.GenMark(Borodovsky andMcIninch
1993)andthe S. typhimuriumfifth-order matrix werekindly sup-
pliedby M. Borodovsky.

Results

Defining the TestData

To testthealgorithmwe usedCRITICA to predictproteincoding
regionsin SalmonellatyphimuriumDNA. This organismwascho-
senbecausetherearemany sequencesavailable(GenBank100has
523 S. typhimuriumsequencestotaling 946,808nucleotides)and
mostof thesedatahave at leastone likely homologelsewherein
GenBank.

For eachS. typhimuriumsequence,we usedthe BLASTN pro-
gram(Altschul et al. 1990)to retrieve a setof similar sequences
from GenBank.We acceptedsequencematchesfor which eachre-
gionof similarity (HSP)hadarandomexpectation(E = E2)of less
thanor equalto 10

�
4 ; thereforewe expectfew falsepositivesin

the searchof the 523 S. typhimuriumsequences.Ten-fold varia-
tionsin this thresholdhadlittle overalleffectonour results(results
notshown).

In thesestudieswe have discardedmatchesto S. typhimurium
(the query organism), since self-similarity is uninformative to
CRITICA. However, this approachto theproblemis lessthanop-
timal in that it also discardspotentially useful information from
similaritiesto othermembersof agenefamily within thequeryor-
ganism(paralogs).After removing thematchesto S.typhimurium,
one or more BLASTN matchescovered689,278of the 946,808
querynucleotides.

Using Comparative Data to Estimate Dicodon and
Initiator CodonUsageFrequencies

Oneof the decisionsmadein designingandimplementingCRIT-
ICA wasto ignoresequenceannotations;theinferenceof dicodon
usagein coding regions is basedon CRITICA’s coding predic-
tionsalone. At the beginningof CRITICA’s analysisthereareno
dicodonor initiator codonscores,but the score-basedprediction
methodusedallows inferencebasedsolely on comparative evi-
dence. For eachpredictedcodingregion in the first cycle of the
analysis,a start point (initiator codonor first completecodonof
the query) is chosento maximizethe length of the frame with-
out lowering its score. As describedabove, in the first iteration
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Table3: Comparisonof predictedversusobservedoccurrencesof
high-scoringregionsover a givenscorein a Markov chainof 108

noncodingdicodonscores.

Score P-value Predicted Observed Predicted
(α=1) (α=0.8)

500 1
�
26 � 10

� 1 6284 18278 23145
600 2

�
86 � 10

� 2 1430 5252 8340
700 6

�
25 � 10

� 3 312 1511 2608
800 1

�
36 � 10

� 4 67 414 780
900 2

�
93 � 10

� 4 14 107 230
1000 6

�
33 � 10

� 5 3 32 67
1100 1

�
37 � 10

� 5 0 14 20
1200 2

�
96 � 10

� 6 0 3 6

The seriesof dicodonscoresis basedon the dicodonfrequencies
observedin S.typhimuriumsequencesthatCRITICA classifiedas
noncoding.Thevalueof K for this dicodontablewas0.1425,the
valueof λ was0.01532,andthevalueof N usedfor thecalculated
P-valuewas2000.

of a CRITICA analysis,the estimationof dicodonfrequenciesin
codingandnoncodingregionsinvolvesan extrapolationfrom the
coding regions explicitly identified by comparative data. In the
presentwork, we have assumedthat 80% of the S. typhimurium
DNA codesin onethesix readingframes—aconservativeestimate
for thecodingregionsin well-characterizedprokaryoticgenomes.
Initial estimatesof relative initiator codonusagefrequencieswere
directly takenfrom theregionsexplicitly calledcodingin thecom-
parative analysis.Fromthesedata,thecorrespondingscoreswere
derivedfor thefollowing studies.

Oneproblemmentionedearlieris thatthedicodonscores,which
dependon thepreviouscodon,arenot independent,therefore,us-
ing Karlin-Altschul statisticsmay not yield a reliableestimateof
the significanceof a coding region. Karlin and Dembo(1992)
provide a methodfor computingthe significanceof high scoring
segmentsof Markov-dependentscores,but it is not computation-
ally feasiblein our case.Instead,we have exploredthe issueem-
pirically. We createda simulatedsequenceof 108 codonsusing
theMarkov dicodonfrequenciesin S.typhimuriumregionsconsid-
eredto be noncodingby CRITICA. Thesecodonswereassigned
CRITICA-generateddicodon scores,and the observed frequen-
ciesof high scoringregionswerecomparedto thosepredictedby
Karlin-Altschul statistics(table3). As expected,the nonindepen-
denceof the dicodonscorescausesoverestimationof the signifi-
canceof any givenscore.The lastcolumnof thetableshows that
multiplying thelog-oddsdicodonscoresby 0.8resultsin a conser-
vative estimateof the randomexpectation.We accomplishthis in
CRITICA by settingα to 0.8 in equation(1).

Evaluating CRITICA

To assessthe accuracy of CRITICA’s predictions,a methodof
measurementhad to be chosen. Earlier evaluationsof coding
regionidentificationmethods(FickettandTung1992;Borodovsky
andMcIninch 1993)testedalgorithmsfor their ability to correctly
identify segmentsthat were entirely coding or noncodingDNA.
Becauseexperimentallyderived data are not so neatly divided,
we choseto view the sequencesin terms of all triplets in the
DNA sequenceand its complement,so the number of triplets
evaluatedis about twice the total sequencelength. The coding
predictionsandthecodingannotations(presumedcodingregions)
aremappedonto the triplets. Five outcomesaredistinguishedfor
eachtriplet: (1) noncodingin both the predictionandannotation;
(2) coding in both the predictionand annotation;(3) coding in
the prediction and noncodingin the annotation(false positive);
(4) noncoding in the prediction and coding in the annotation
(falsenegative); and(5) codingin the predictionandcodingin a
differentframein theannotation(wrongframe).This lastcategory
was distinguishedprimarily for future exploration of frame-shift
detection. To evaluatethe reliability of CRITICA, we accepted
eachpredictedcoding region in S. typhimuriumDNA that hada
combinedcomparative evidenceanddicodonscorewith lessthan
a10

� 4 probabilityof occurringby chance.Theresultsarereported
in table4.
We performed three different analyses using GenMark
(Borodovsky and McIninch 1993). The first GenMark analy-
sisof thedatawasperformedon theWebGeneMarkserveron July
1st and2nd, 1997. The S. typhimuriummatrix wasselected,and
theotherparameterswereleft at their default values(window size
= 96,stepsize= 12,andthreshold= 0.5). Thesecondanalysiswas
performedusing a local copy of GenMarkand a coding matrix
createdin 1994(presumablyfrom GenBankannotation,although
the details are unavailable). The third analysiswas performed
using the local copy of GenMark with a matrix createdby the
recentlyreleased(late 1997)utility “makemat” (W. HayesandJ.
McIninch, unpublished),which can generatea GenMarkmatrix
from sequencedata alone, assumingthat ORFs over a certain
length (default 700 bases)representtrue coding regions. In our
initial assessment,we comparedthe CRITICA and GenMark
predictionsto the ”coding sequence”(CDS) annotationsin Gen-
Bank 100. In this test, WebGeneMarkdid not perform as well
asCRITICA, with a total error rateof about2.6%to CRITICA’s
2.2%(table4). Unexpectedly, in this initial testthe local copy of
GenMark performedbetter using both the 1994 matrix and the
new matrix basedon the sequencedataalone(2.4%total error in
bothcases).

About1.2%of theDNA tripletsseemedto beerroneouslycalled
codingby bothCRITICA andGenMark.Giventherelatively con-
servative thresholdusedin theCRITICA analysis,this seemedun-
reasonablyhigh, and even increasingthe stringency of the pre-
diction thresholdby ordersof magnitudedid not changethe pre-
dictionsmuch(seeDiscussion).BLASTP (Altschul et al. 1990)
searchesusingthe”seg” filter on thequerysequence(Woottonand
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Table4: Evaluationof CRITICA andGenMarkby comparisonto presumedcodingregions.

“Authority” of Presumed Prediction False False Different Total
CodingRegions Method Positives Negatives Frame Error

GenBankannotation CRITICA 0.0126 0.0088 0.0005 0.0219
GenMark1 0.0127 0.0129 0.0005 0.0260
GenMark2 0.0103 0.0130 0.0005 0.0238
GenMark3 0.0166 0.0065 0.0005 0.0235

GenBank+ BLASTP CRITICA 0.0026 0.0125 0.0032 0.0183
GenMark1 0.0041 0.0179 0.0032 0.0251
GenMark2 0.0032 0.0196 0.0029 0.0257
GenMark3 0.0063 0.0096 0.0034 0.0193

GenBank+ consistent CRITICA 0.0028 0.0116 0.0005 0.0149
BLASTP GenMark1 0.0044 0.0170 0.0006 0.0220

GenMark2 0.0034 0.0184 0.0006 0.0223
GenMark3 0.0068 0.0090 0.0007 0.0164

The“FalsePositives”,“FalseNegatives”,“Dif ferentFrame”and“TotalError” valuesarethefractionof thenucleotidetriplets(in all six
frames)for which thecodingpredictionsof CRITICA (or GenMark)disagreewith thosedefinedby the“authority” in thefirst column
of the table. Theseanalysescover 1,893,616overlappingtriplets. “GenBank” refersto the protein coding sequencesin GenBank
annotations.“BLASTP” refersto theORFsof at least30 aminoacidsthathave a BLASTP matchto a sequencein theNationalCenter
for BiotechnologyInformation(NCBI) nonredundantproteindatabase.“ConsistentBLASTP” arethe BLASTP matchesthat do not
overlapannotatedreadingframesby 10 or morecodons(in anotherframe).

1 Resultsfrom usingWebGeneMarkonJuly1stand2nd,1997.

2 Resultsfrom usinga local copy of GenMarkanda S.typhimuriummatrixfile datedSeptember27,1994.

3 Resultsfrom usinga localcopy of GenMarkandamatrixfile generatedby “makemat”ontheS.typhimuriumsequencedata(assuming
ORFsover700nucleotidesaretruecodingregions).

Federhen1993) oftenrevealedsequencesin theNCBI nonredun-
dantproteindatabasethataresimilar to translationsof CRITICA’s
andGenMark’s falsepositives,suggestingthattherearenumerous
omissionsin theGenBankCDSannotations.Applying thisstrategy
to all S.typhimuriumORFsof 30or moreaminoacidssuggestedas
many as256unannotatedcodingregions(table5). Althoughmany
of theseregionsappearto beincompleteproteincodingsequences
that run off an endof the sequencedDNA fragment,somewould
definea completeproteincodingsequence.Of the 256 unanno-
tatedcoding regionssuggestedby the BLASTP searches,CRIT-
ICA identified132(52%)of themascoding,andGenMarkidenti-
fied108(42%)of them(table5).

The large numberof sequencepositionsthat arenot annotated
as coding, but for which BLASTP suggestsotherwise,indicates
that the quality of the annotationsmight be the limiting factor in
assessingthe performanceof codingpredictionmethods.To par-
tially relieve this problem,we addedthe256regionssuggestedby
BLASTP matchesto the list of presumedcodingregions. In each
case,the startsof theselatter regions were adjustedwithout in-
cluding an in-frameterminatorcodonto (1) the closestupstream
initiator, or (2) thefirst completecodonin thesequence,or (3) the
closestdownstreaminitiator, in thatorderof preference.Similarly,
theendsof theseregionswereextendedtoaterminatorcodonor the

lastcompletecodonin theDNA sequence.Addingtheseregionsto
thelist of thosepresumedcodingdramaticallyreducedthenumber
of falsepositivesfor CRITICA andGenMark(table4). However,
the numbersof falsenegatives and different-frametriplets were
substantiallyincreasedby this change.

Furtherexaminationsof the data revealedthat of the 256 re-
gionsadded,67 overlap(by at least10 aminoacids)anannotated
S. typhimuriumcoding sequencein a different frame or another
BLASTPmatchof highersignificance.Althoughoverlappingcod-
ing sequencesareknown, this seemedtoo common.Further, most
of these67 BLASTP matcheswereto databaseproteinsidentified
only astheproductof an”openreadingframe”. It seemsthatmany
of these67 overlappingORFswereincorrectly identifiedascod-
ing by theBLASTP analysis.Subsequently, we treatedthe67 re-
gionsthatoverlapanannotatedCDSasbeing”inconsistent”with
theexplicit GenBankannotationsfor S.typhimurium. Whenthese
areexcludedfrom consideration,thereis an increasein the frac-
tion of the BLASTP-basedreadingframesthat arealsopredicted
by CRITICA (126 of 189, or 67%) andGenMark(98 of 189, or
52%)(table5). Removing theseoverlappingORFsfrom thelist of
presumedcodingregionsreducedthefalsenegativesanddifferent-
frameerrorsof bothCRITICA andGenMark(table4).

The performanceof CRITICA slightly improved when the di-
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Table5: Regionsin S.typhimuriumsequencespredictedto becodingby oneor moremethods,but not annotatedassuchin GenBank
release100.

PredictedRegionsAgreedon by
theCombinationof Methods

Combinationof Methods IncludingAll Consistent
PredictingtheCodingRegion BLASTP BLASTP

CRITICA + GenMark+ BLASTP 90 85
CRITICA + BLASTP 42 41
CRITICA + GenMark 36 41
GenMark+ BLASTP 18 13
CRITICA only 29 30
GenMarkonly 24 29
BLASTP only 106 50
CRITICA Total 197
GenMarkTotal 168
BLASTP Total 256 189
GrandTotal 345 289

Themethodsaresaidto agreeif they predictedcodingsequencesthatendwith thesameterminator;selectionof thesamestartcodon
is not necessary. “BLASTP” refersto the ORFsof at least30 aminoacidsthat have a BLASTP matchto a sequencein the NCBI
nonredundantproteindatabase.“ConsistentBLASTP” aretheBLASTP matchesthatdo not overlapannotatedreadingframesby 10 or
morecodons(in anotherframe).

codonusageandinitiator frequency tableswereiteratively refined.
Thetablesusedabovewerebasedoncodingframespredictedfrom
anextrapolationof thecomparative dataalone(thefirst iteration),
sothedicodonfrequenciesfor codingframesandfor noncodingse-
quencesweresomewhatcrude.Theseconditerationof thedicodon
andinitiator codontablesprovidesa small improvementover the
first, andthe third iterationshows no change(table6). A similar
tendency for theresultsto improveandthenstabilizewasobserved
in analysesof othergenomicDNAs aswell (datanot shown). In
all casesthat we have tested,it seemsthat after oneor two itera-
tionsthelimitationsof our modelandtestdatahave beenreached.
The recentreleaseof “makemat” to the public hasallowed us to
iterateGenMarkanalysesaswell (table6). As in CRITICA, the
seconditerationprovidesa small improvement,andfurther itera-
tions do not changethe resultssignificantly. Unexpectedly, even
the first iterationusinga GenMarkmatrix generatedon sequence
dataaloneyieldedsignificantlybetterresultsthan thoseof Web-
GeneMark,which presumablyuseda matrix basedon codingan-
notation.

Discussion

CRITICA providesa novel methodfor the identificationof pro-
tein codingsequencesin genomicDNAs. Theperformanceof the
methodappearsto bebetterthanGenMark,particularlywhencom-
paredto WebGeneMark,theversionof thesoftwaremostaccessi-
ble to thepublic. To date,we have usedCRITICA in our analyses
of threecompletegenomes(Bult et al. 1996,Klenk et al. 1997,

Deckertet al. 1998).
A positive featureof CRITICA is that it doesnot dependon the

existenceor accuracy of annotationsin the databases.During the
developmentand testingof the program,we repeatedlyencoun-
teredsequencedatabaseproblems.Codingregionsthatarenot an-
notatedcausedusto observeanartificially high frequency of false
positive predictions. That many of theseare likely to be coding
wasdocumentedby identifying sequencesin theproteindatabases
thatweresimilar to translationsof unannotatedORFsin theS.ty-
phimuriumDNA data(table5); of 197unannotatedcodingregions
predictedby CRITICA, 132hadBLASTP hits in theproteindata-
banks(of which 6 weresubsequentlytreatedas”inconsistent”and
discarded).Sincenot all S.typhimuriumproteinshave a homolog
in theproteinsequencedatabases,it seemslikely thattheremaining
65 falsepositivepredictionsof CRITICA includeadditionalORFs
thatareactuallycoding.In this regard,we notethat36 of these65
“f alsepositive” readingframespredictedby CRITICA werealso
calledby GenMark(table5).

Analysesof the 256 unannotatedS. typhimuriumORFs( � 30
aminoacids)that have BLASTP matchesto databaseproteinsre-
vealedanotherproblem: the databanksincludemany proteinsde-
fined by GenBankCDS annotationssolely becausethereis a re-
gion of DNA with no terminatorcodons.In anattemptto remove
someof this noise,we dubbed67 of the256ORFs”inconsistent”
anddiscardedthembecausethey overlap(in a differentframe)by� 10aminoacidsanannotatedCDSin S.typhimuriumor BLASTP
match with a higher significance,admittedly a very superficial
treatment.Therearecertainlyadditionalfalseproteinsamongthe
256 (our strategy for finding themwasfar from comprehensive),
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Table6: Increasein theaccuracy of CRITICA andGenMarkthroughsuccessiveapproximationsof codingproperties.

Prediction False False Different Total
Method Iteration Positives Negatives Frame Error Improvement

CRITICA 1 0.0028 0.0116 0.0005 0.0149 —
2 0.0029 0.0112 0.0005 0.0146 0.0003
3 0.0029 0.0112 0.0005 0.0146 0.0000

WebGeneMark — 0.0044 0.0170 0.0006 0.0220 —

GenMark 1 0.0068 0.0090 0.0007 0.0164 —
2 0.0058 0.0096 0.0006 0.0159 0.0005
3 0.0057 0.0097 0.0006 0.0159 0.0000

CRITICA iteration1 is thesameasthedatain table4 andusesthedicodonandinitiator tablesderivedfrom thecodingregionsdefined
from comparativeanalysisonly. TheGenMarkiterationswereperformedby supplyingthecodingregionsfoundin thepreviousiteration
to “makemat”andgeneratinganew GenMarkmatrix. Theaccuracy is evaluatedrelativeto regionsannotatedascodingin GenBank100,
plustheregionsthataresupportedby BLASTP matchesandthatdo not substantiallyoverlapin a differentframeanannotatedCDSin
GenBank.Theseanalysescover1,893,616triplets.

andof the 67 that we called”inconsistent”,carefulexaminations
of thedatasuggestthat tenor moreof themareapt to berealpro-
teincodingregions.However, to minimizetheintroductionof bias
in our evaluationsof CRITICA, wechoseto applywell-defined(if
somewhat arbitraryandsimplistic) criteria in definingour list of
”presumedcodingsequences”—ourstandardfor measuringaccu-
racy.

The issuesraised by the completenessand the accuracy of
databaseannotationsare deepand pervasive. Bork and Bairoch
(1996) emphasizedthat oncea sequencewith erroneousannota-
tion is introducedto a public database,sequencessimilar to it will
often be assignedcorrespondingerroneouspropertieswhen they
are submittedto the databases;thus errors will propagatefrom
their original source. Even when the original annotationis sub-
sequentlycorrected,the secondaryerrorsbuilt upon it generally
remain.Giventhis, we stressthatalthoughour analysesof CRIT-
ICA’saccuracy aredependentondatabaseannotations,themethod
itself only examinesthe nucleotides.Thus,CRITICA minimizes
thepropagationandperpetuationof annotationerrors.Further, the
lack of dependenceon preexisting annotationsmakes CRITICA
particularlysuitablefor genomeanalysisin phylogeneticgroupsin
which little is known abouttheorganismsandtheir genes.Finally,
theimprovementin performanceof GenMarkwhenamatrixbased
only on thesequencedataitself is used(table6), implies thatcur-
rentannotationsmayactuallybea hindranceto codingprediction
schemes.

Returningto the problemsinvolving the 256 additionalS. ty-
phimuriumcodingregionssuggestedby ourBLASTPanalysis,our
conclusionthat thereare about67 erroneouspredictionsamong
themmightseemserious.However, this is anartifactof not includ-
ing themuchlargernumberof codingregionsthatweresuggested
by BLASTP andthat arealsopresentin the annotationsof the S.
typhimuriumDNA; hence,theabsolutefrequency of falsepositive

errorsin usingBLASTPor BLASTX to identify proteincodingse-
quences(GishandStates1993)is low. This potentialproblemcan
befurtherreducedby incorporatingcodonbiasinformationinto the
evaluationof proteindatabasehits (StatesandGish 1994). A far
moreseriousconcernaboutrelyingonBLASTX for codingregion
identificationis that truly novel genes(representingnew families)
cannotbefoundby searchingexistingproteindatabases.

The designand implementationof CRITICA requiredseveral
choicesthat merit additionalcomment. First, in the comparative
componentof the analysis,when thereare multiple comparative
scoresof a single triplet (due to BLASTN HSPswith different
databasesequences),the nonzeroscoresare averaged. This was
doneto avoid multiple countingof what might be a singleevolu-
tionarychangeto aresiduethatis now inheritedbyseveraldatabase
sequences.In principle, if it is known that the nucleotidediffer-
encescontributingto acomparativescorearosefrom differentevo-
lutionaryevents,thenthescorescouldbeadded.Doing thiswould
makeCRITICA moresensitive. Evenwithoutmakingany assump-
tionsaboutthehistoriesof thesequences,thereareavarietyof cir-
cumstancesunderwhich this could be done(e.g.,changesto dif-
ferentresiduesor changesat differentcodonpositions);needless
to say, addingthis ability will requiresignificantadditionalbook-
keepingin CRITICA.

Another choicemadein the current implementationof CRIT-
ICA is the natureof the dicodontableused. Equation(1) makes
thescoringsensitive to theencodedaminoacidsequence,not just
to thecodonpreferences.This hastheeffect of makingthematrix
moresensitive for proteinsof ”canonical”compositionandamino
acidnearestneighbors,but lesssensitive to proteinsof unusualse-
quence.This scoringchoicecould easilybe changedwithout al-
tering the centralcomponentsof CRITICA. However, any coding
sequencepredictionalgorithmthatexaminescodonor dicodonus-
agewill be potentially misled when a genewith unusualcodon



J.H. Badger& G. J.OlsenMolecularBiologyandEvolution16(4): 512-5241999 11

biasis encountered(e.g.,genesacquiredby recentlateraltransfer,
or extremelyhigh or low levels of expression).For E. coli, Gen-
Mark matricesoptimizedfor differentamountsof codonbiashave
beencreated(Borodovsky et al. 1995).Thesematriceswerebased
on anextensiveclassificationof known E. coli codingregionsinto
threebiascategories(Médigueetal. 1991).While asimilar classi-
ficationof S.typhimuriumcodingregionsis possible,to thebestof
our knowledgeit hasnot beenattempted;for organismswith few
codingregionsknown, it mayin factbeimpracticalor impossible.
In thesesituations,CRITICA’s useof comparative information,in
additionto dicodonusage,is a distinctadvantage.

In thedescriptionof theCRITICA algorithm,severalthresholds
for scoreswerementioned.Generallythesehave beensetat lev-
elssuchthatanything thatmight ultimatelybecalleda codingse-
quenceis analyzedall thewaythroughto thefinal significancetest.
In the work describedabove, we setthis final thresholdto accept
scoreswith aP-valueof 10

� 4 or less.Thisvalueseemsto beclose
to theoptimumfor theS.typhimuriumdata,but substantialchanges
in thevaluehavelittle effectontheoverallerrorrate(table7). That
is, thereseemto be relatively few marginal cases. This hasthe
fortunateconsequencethat thereis no needto readjustthethresh-
old for new organisms,which is importantin the analysisof new
genomes,for which thereareno annotationswith which to assess
accuracy and find an optimal value. In more generalterms,the
useof aKarlin-AltschulP-valueis aconvenientheuristicfor defin-
ing a cutoff score;CRITICA doesnot dependon the valuebeing
a literal probability estimate.In this vein, we notethat the score
adjustmentsfor moving the start and endpoints are not covered
by Karlin-Altschul statistics. However, when we considercases
with a low P-value(P << 1), the useof log-frequency ratios for
thesescoreadjustmentsis mathematicallyequivalentto calculating
a Bayesianposteriorprobabilityratio of noncodingversuscoding,
with the Karlin-Altschul P-valueasthe prior probability, andthe
scoreadjustmentsbeingtheconditionalprobabilitiesof observing
the new datagiven the alternative hypotheses(noncodingor cod-
ing). Regardlessof this qualitative argument,our modificationsto
the HSSscoresarenot coveredby the maximalsegmentanalysis
model,andalthoughwereferto theP-valueof ascore(to avoid in-
troducingan almostcertainlymoreconfusingterm), thesecannot
be interpretedas literal probabilitiesof a sequenceregion being
noncoding.

Whenanalyzinghighly novel genomicDNAs, oneof the limit-
ing factorsis the ability to find homologsof the querysequence.
We have explored two strategies to improve this situation. First,
the comparative analysiscomponentof CRITICA currently uses
BLASTN to find presumptive homologs. In principle, the same
taskcouldbeperformedby TBLASTX with addedsensitivity for
finding homologsin proteincodingregions.Becauseevaluationis
basedontherelationshipbetweennucleotidedivergenceandamino
aciddivergence,thisshouldincreasetheavailablesignal(by bring-
ing in moredistantlyrelatedhomologs)withoutincreasingthefalse
positives. Although we have carriedout preliminarytestsof this
strategy, the databasesearchtime wasprohibitive for routineuse.
Thesecondapproachthatwehaveexploredis to takeadvantageof

Table7: Comparisonof differentthresholdsfor identifyingcoding
regionsin S.typhimuriumusingCRITICA.

False False Different Total
Threshold Positives Negatives Frame Error
1 � 10

� 3 0.0033 0.0110 0.0005 0.0148
1 � 10

� 4 0.0029 0.0112 0.0005 0.0146
1 � 10

� 5 0.0022 0.0128 0.0005 0.0155
1 � 10

� 6 0.0020 0.0135 0.0005 0.0160

Theseanalysescover 1,893,616overlappingtriplets. Thedatare-
portedcomefrom the third iterationof the CRITICA run andare
basedon the comparisonof CRITICA’s analyseswith the regions
annotatedascodingin GenBank100 plus the regionsbelieved to
becodingvia consistentBLASTP analyses.

thefactthatcomparisonswithin a genomeoftenrevealparalogous
genesthatcontributeto thecomparativeanalysis.Thestructureof
CRITICA allowscomparativeanalysisdatafrom any numberof se-
quencesimilarity searchesbeto combined.Thus,thecomparative
componentof theanalysisof anovel genomecanincludesearches
for relatedsequencesin thepublic DNA databases,in thegenome
itself, andin any otherlocally availableDNA data.

In its presentform, mostof CRITICA’serrorsaredueto entirely
missingsomecodingsequences.Specifically, of thetotalerrorrate
of 0.0146per triplet evaluated(table6), 0.0088is dueto missing
codingregions (74 regionsaveraging78 aminoacids),0.0028is
dueto assertingtheexistenceof unannotatedcodingregions(215
regionsaveraging72 aminoacids),0.0024is dueto late startsite
calls, 0.0001is due to early start site calls, and0.0005is due to
errorsthat we classifiedas different frame. The systematicten-
dency to startcodingsequenceslater thantheannotationssuggest
may be due in part to the tendency codonusageto differ in the
earlypartsof genes(Blumer1988),althoughthis requiresfurther
investigation.WhenGenMarkwasiteratively trainedwith make-
mat,theincreasein falsepositivesrelativeto CRITICA wasalmost
equallydistributedamongpredictionof additionalcodingregions
(117 regions averaging65 amino acids)and including extra up-
streamsequences.Thereis alsoa small increasein falsenegatives
dueto missingentirecodingsequences(281regionsaveraging62
aminoacids).WebGeneMarkwasworsethanCRITICA in all com-
ponentsof the error, but most of the increasedue to completely
missingcodingregions(281regionsaveraging91 aminoacids).

Thereare several featuresof CRITICA that would be partic-
ularly fruitful for additionaldevelopment. One is incorporation
of an improvedmodelfor the Shine-Dalgarnosequence,which is
currentlyvery relaxed. Preliminaryexplorationsin this areahave
shown thatmany seeminglyreasonablecombinationsof sequence
andplacementof the Shine-Dalgarnosequenceare rarely if ever
used(JHB,R.Overbeek,C. R.WoeseandGJO,unpublisheddata).
A secondareafor possibleimprovementis theintroductionof more
sophisticatedscoringof comparative data. In particular, it might
bepreferableto assignpositivecomparativescoresto conservative
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aminoacid changes.For the momentthis hasnot beendonebe-
causethe additionalinformationwould bemostevidentwhenan-
alyzingdistantlyrelatedsequences,yet thesearenot alwaysfound
by BLASTN. Thus,a changein the scoringmodel is bestincor-
poratedin conjunctionwith theuseof a moresensitive searchfor
homologoussequences.Anotherproductive changewould be the
creationof scoringmatricesnot basedon theassumptionof equal
frequency of codonsin noncodingdata(in table1). Thiswould al-
low moresensitivecodingregionidentificationin sequenceswith a
biasedG+Ccontent.Thetreatmentof theendsof regionswith cod-
ing evidencecouldbechangedto introducetwo additionalfeatures.
An alternative to adjustingregionsof codingevidenceto coincide
with initiator and terminatorcodonswould be to considerpossi-
ble frame-shiftsas well. In a similar manner, one could permit
intron sequenceswithin the coding frame; detectingintron-exon
boundariesis anareain whichcomparativeanalysiscouldbemore
fully exploited. This last featurewould be of particularly broad
interestand would sharesomefeatureswith programsincluding
GRAIL (Uberbacher, Xu, andMural 1996), GeneParser(Snyder
andStormo1995),andtheSplicedAlignmentalgorithm(Gelfand,
Mironov, andPevzner1996). Themodular, score-basedapproach
to the designof CRITICA will facilitatethe introductionof these
andotherfeatures.
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Appendix—Derivation of the comparative
scores

Thecomparativescoresin table2 arebasedon a simpleprocedure
to assignscoresfor analyzinggiven numberof aligned triplets,
eachof which differ by a given numberof nucleotides.For con-
creteness,mostof theprocedurewill bedescribedin thecontext of
inferringthescoresfor 16triplets,eachof whichdiffersby onenu-
cleotide.In doingso,wewill ignoreall othertypesof triplets(those
differing by zero,two or threenucleotides).Similar analysesare
performedfor tripletsdiffering by two nucleotidesandfor triplets
differing by threenucleotides.Also, the multiple hypothesistest-
ing thatis implicit in usingmaximalsegmentsanalysisis ignored.
Thesesimplificationsarepermissiblesincewe areonly usingthis
procedureto arrive at a usefulsetof scores;theevaluationof data
is basedon equation(2).

The first stepsin the derivation of the scoresare discussedin
the context of figure 2. The plot shows the numberof identical
aminoacids(m) amongn alignedtriplets,eachwith exactlyonenu-
cleotidedifference.Theaccessibleportionof thegraphis bounded
aboveby m = n, theline of completeaminoacididentity.

The lower line is definedby m = n p, wherep is the random
frequency of aminoacididentityfor thegivennumberof nucleotide
differencesper triplet. Fromtable1 we have p = 0.255for triplets
differingby onenucleotide.

Usingmaximalsegmentanalysisto find high-scoringsegments
andscreeningthesegmentscoresagainsta thresholdis equivalent
to finding all segmentsthat fall above a straightline on figure 2;
if we candefinethe desiredline, thenwe canderive appropriate
scores.The symbolson figure 2 mark the largestvalueof m that
is not significantlygreaterthanrandom(at P > 0.0001)ascalcu-
latedusingthe one-tailbinomial distribution for the given values
of n and p. Thus, for a given n, any greatervalue of m would
beconsideredsignificant.Thecontinuouscurveapproximatesthis
significancethresholdin the vicinity of 16 triplets. This line is
definedby thenumberof identicalaminoacidsgiving 4.3standard
deviationsgreaterthanrandomidentityaccordingto thenormalap-
proximationof thebinomialdistribution function. More precisely,
theequationof theline is

m � np � Zσ (5)

whereσ ��� np
�
1 � p� andZ = 4.3. This valueof Z is an ad-

justableparameterwhosevaluewaschosento positionthe curve
just above thesymbolsin thevicinity of n = 16. Thus,for a given
valueof n closeto 16, any valueof m above this curve is signifi-
cant,andtherearefew if any significantvaluesof m that arenot
above the curve. Becausemaximal segmentanalysisefficiently
finds combinationsof n andm above a straight line, we usethe
tangentat n = 16 tripletsasthebeststraight-lineapproximationof
thecurve. In general,theequationof the tangentline at n � n0 to
thecurve for Z standarddeviationsaboverandomis

m � an � b (6)

where

a � p � Z
2 � pq

n0
(7)

and

b � Z
2 � n0pq (8)

All pointsabovethis line aresignificant,andin thevicinity of n
= 16, few if any significantcombinationsof n andm aremissed.If
M is thescoreassignedto tripletsencodingidenticalaminoacids,
thenascoringschemebasedon this tangentline musthavea score
for differingaminoacids(N) givenby

N � a
a � 1

M (9)
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Figure2: Constructionsusedin thederivationof comparativescoresusedby CRITICA

Because0 < a < 1, it follows thata – 1 < 0, andN is negative.
All thatremainsis to choosethemagnitudeof M (orN). First,we

choosean arbitrary, relatively large valueof M, computethe cor-
respondingvalueof N andthencalculatethe Karlin andAltschul
(1990)parameterλ for a scoringschemeof only two possibleout-
comes:scoreM with probabilityp andscoreN with probability1 –
p. Up to this point, tripletswith one,two andthreenucleotidedif-
ferences(for a givenn0) have beenanalyzedindependently;there
arethreevaluesof M andN, andtheresultingthreevaluesof λ. Be-
causeλ is inverselyproportionalto themagnitudesof M andN, it
is straightforwardto adjustthemagnitudesof thescoresto giveap-
proximatelyequalvaluesof λ, while maintainingsufficiently large
scoresto avoid largeround-off errorswhenconvertingM andN to
integers. We found it usefulto adjustthe scoresso thateachλ �
0.015.Thecompleteprocesswasperformedfor n0 = 8, 16,32,64
and128,andtheresultingvaluesof M andN areenteredin table2.
All subsequentevaluationsof high-scoringsegmentsuseonly the
valuesof thescores,they areindependentof thecalculationsof λ
andany simplifying assumptionsmadein this appendix.
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