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Abstract

Generecognitionis essentiato understandingxisting andfuture

DNA sequencéata.CRITICA (CodingRegion IdentificationTool

Invoking Comparatie Analysis)is a suiteof programsfor identi-

fying likely proteincodingsequences DNA by combiningcom-

parative analysisof DNA sequencewith morecommonnoncom-
parative methods. In the comparatte componenbf the analysis,
regionsof DNA arealignedwith relatedsequenceffom the DNA

databasesif the translationof the alignedsequencesasgreater
aminoacididentity thanexpectedfor the obsened percentageu-

cleotideidentity, this is interpretedasevidencefor coding. CRIT-

ICA alsoincorporatesnoncomparatie information derived from

therelative frequencie®f hexanucleotiden coding-framewsersus
othercontexts (i.e., dicodonbias). The dicodonusagenformation
is derived by iterative analysisof the datasothat CRITICA is not

dependentiponthe existenceor accurag of codingsequencen-

notationsin the databasesThis independencenakesthe method
particularlywell-suitedfor the analysisof novel genomes CRIT-

ICA wastestedby analyzingtheavailableSalmonellayphimurium
DNA sequenceslts predictionswere comparedo the DNA se-
guenceannotationsandto the predictionsof GenMark. CRITICA

proved more accuratehan GenMark,and, moreoser, mary of its

predictionsthat would seemto be errors,insteadreflectproblems
in the sequencelatabasesThe sourcecodeof CRITICA is freely

availableby anorymousFTP (rdp.life.uiuc.edun /pub/critica)and
on the World Wide Web (http://rdpwwwlife.uiuc.edu).

Intr oduction

Therecentpublicationof completegenomesequencesom several
organismge.g.,Fleischmanretal. 1995;Fraseretal. 1995;Bult
etal. 1996;Kanelo etal. 1996;Himmelreichetal. 1996;Blattner
etal. 1997)raisesthe questionof whetherthe tools for sequence
analysisare keepingpacewith the data. One deceptvely simple
problemis how to identify the proteincodingregionsof DNA se-
guencesevenin theabsencef introns.Doing sorequiresaccurate
recognitionof thosegenomicsequencemostconsistentvith pro-
tein codingandthe choiceof the appropriatdranslationstartand
endpoints.

Numerousapproachedo identifying coding sequencehave
beenproposed(for a review of early work seeFickett and Tung
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1992;morerecentwork includesBorodossky andMclninch 1993;
Gish and States1993; Statesand Gish 1994, Sryder and Stormo
1995; Gelfand, Mironov, andPeszner1996; UberbacherXu, and
Mural 1996;BurgeandKarlin 1997;Salzbeg etal., 1998).Onthe
simplestlevel, DNA sequenceareoften analyzedby looking for
openreadingframes(ORFs),which area seriesof codingtriplets
uninterruptedy aterminatorcodon.Typically, anORF capableof
producinga peptideof atleast60to 75aminoacidsis retained Al-
thoughthis approachastheadwantageof makingfew assumptions
aboutthe natureof codingDNA, it misseggenesncodingproteins
shorterthanthe 60 to 75 aminoacidthresholdyet, evenwhenthe
thresholdengthis setthis high, theanalysisproducesa significant
numberof falsepositve ORFsthatoccurby chancealone(partic-
ularly in G+C-richDNA). Anothercommonproblemis ambiguity
asto whichtriplet is the actualinitiator codon.

More sensitve approaches$o proteinpredictionexploit the fact
thatan absencef terminatords not the only nonrandonproperty
of codingsequencedn particular the useof synorymouscodons
is generallybiased(StaderandMcLachlan1982),andeven more
sois theuseof dicodonsbeinghexamerDNA sequencedefining
adjacentodongClaverieandBougueleretl986). Analysesbased
on dicodon usageand a related measurebasedon a fifth-order
Markov modelof sequenceéBorodossky andMclninch 1993)are
amongthe mostpowerful currentmethodsor definingthe coding
regionsof anew DNA sequence.

Other approachego identifying coding framesin a DNA se-
guenceare basedon comparatie analysis. If a nucleotidese-
guencecan be translatedo yield a productwith significantsim-
ilarity to a known protein, thenthat DNA is reasonablyassumed
to be protein-codingin the chosenframe (Gish and States1993).
Analysisusingthe BLASTX program(Gish and States1993)de-
pendson a databasef previously definedproteins,andtherefore
cannotfind genesthat encodenew typesof proteins. In contrast,
the TBLASTX program(W. Gish,unpublished)which reliesonly
on a DNA sequencealatabaséranslatedn all six readingframes,
identifiesDNA sequenceshat would malke similar proteins, but
doesnotdirectly distinguishbetweerthosethatareprotein-coding
andthosethataremerelysimilar DNA sequencesRecentlyanal-
gorithm similar in spirit to BLASTX hasbeendevelopedfor the
analysisof intron-containingsequencegGelfand, Mironov, and
Pevzner1996). First, all possibleexonsin the sequencéeingan-
alyzedarecompiled,thenthe hypotheticalproteinsresultingfrom
the variouspossiblesplicingsare comparedagainsta databasef
known proteins. The splicing thatyields a proteinmostsimilar to
a known proteinin the databasés assumedo be the correctone.
Again, this methoddependsn the presencendaccurag of pro-
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teinhomologsin thedatabases.

We have developeda nev methodfor identifying coding DNA.
Its novelty lies in comparingquery DNA sequencego related
DNA sequencefrom otherspeciedo find thoseregionsof DNA
in which the encodedamino acids display more sequenceden-
tity thanwould be expectedfrom the obsened amountof DNA
sequencalivergence. Suchexcessidentity provides evidenceof
aminoacid consenration and hencetranslation. The methoddoes
notrely ontheannotatiorof ary of thesequencem the DNA data-
banks,henceit is particularlywell-suitedfor the analysisof novel
genesand genomes. Becauset incorporatescomparatie analy-
sis,themethodsvalueandaccuray increaseawith increasinddNA
data.

In this paperwe describeCRITICA (CodingRegion ldentifica-
tion Tool Invoking Comparatie Analysis),a setof programsthat
implementthis approach.We evaluatedit by analyzingthe DNA
sequencealata available from Salmonellatyphimurium compar
ing CRITICA's predictionsto the correspondinglatabasannota-
tions and to the coding regions suggestedy similarity searches
usingBLASTP. We alsocompareCRITICA's performanceo that
of GenMark (also called GeneMark;Borodossky and Mclninch
1993), perhapghe mostwidely usedandaccuratealternatve cur-
rently available.

The CRITICA Algorithm

Rationale

The problemto be solved is one of finding regionsin a DNA se-
guencewith high "evidenceof coding? CRITICA usesfour steps
to analyzea givenDNA sequencéthe query).(1) Give eachtrinu-
cleotide(triplet) in theDNA anumericalscorebasedn how much
moreit resembles codonin acodingsequencéhanit resembles
tripletin anoncodingegion. Thisscoreis (usually)the sumof two
componentsacomparatie scorebasedntherelative identitiesof
thenucleotidesandthe correspondingpotentialaminoacids,anda
noncomparatie scorebasedn dicodonbiasin codingframes.(2)
Identify regionsof sequencéhat have higherthanrandomscores
for coding. (3) Extendthe candidatecodingregion to a terminator
codonor the end of the query sequence.(4) Examinethe effect
of choosingeachof the availableinitiator codonsby incorporating
aninitiator codonpreferencescore,and a scorefor ary potential
Shine-Dalgarnsequencéribosomebindingsite). If the resulting
overall evidenceof codingis suficiently high, the DNA sequence
is predictedo be coding. Eachof thesestepss consideredn more
detailbelow.

AssessingComparative Evidencefor Coding

To understandomparatie evidenceof coding,considerDNA se-
guencedA andB, stemmingfrom a commonancestrasequence.
Subsequenb their separationthe A andB lineageshave indepen-
dently accumulatedhucleotidechangeslf thesesequencedo not
codefor protein,thenthesitesof nucleotidesubstitutionshouldbe

distributedrandomlywith respecto codingpotential;thatis, there
will be no specialconserationof conceptuatranslationproducts.
If, ontheotherhand,the sequencesncodea protein,excessiden-
tity of theaminoacidsmaybeobsened,which canthenbetakenas
evidenceof translation.To carry out the analysis DNA sequences
that are similar enoughto the query sequenceo be probableho-
mologsarefirst found andaligned. The alignedtripletsin the se-
guencesarethenanalyzedin termsof percentagédentity of nu-
cleotidesversuspercentagéentity of codedaminoacids.

CRITICA usesthe BLASTN program(Altschul etal. 1990)to
locatesequence a DNA databas¢hataresuficiently similarto
thequeryasto belikely homologousTheBLASTN searchparam-
etersE andE2 (expectednumberof randomlymatchingsequence
segments)aretypically setto 10—, Following removal of matches
to the query organism,the remaininglocal alignments(the high-
scoringsegmentpairs, or HSPs)producedby BLASTN are used
directly. Thefactthatthesealignmentsdo not include alignment
gapsis anadwantagebecausehe comparatie detectionof coding
(below) assumes consistentelative readingframein the aligned
DNAs. A typical BLASTN alignmentof relatedDNA sequences
from S.typhimuriumand Pasteuella haemolyticais shovn in fig-
urelA.

Givenoneof the alignmentsfrom the precedingstep(fig. 1A),
we testthe hypothesighat the locationsof sequencehangesre
notrelatedto codingpotential. The analysisis carriedoutin each
of the six possibletranslationframes(threeforward andthreere-
verse),althoughonly oneis shovn. First, the alignedsequences
arebrokeninto triplets (fig. 1B), andthe differencedn the DNA
sequencesf the alignedtriplets are counted(fig. 1C). For each
triplet, the encodedamino acid is determined(fig. 1D), andthe
locationsof differencesare noted (fig. 1E). From theseobsena-
tions,a scorethatsummarizeshe contritution to codingevidence
is assignedo eachtriplet (fig. 1F).

In generaljdenticalalignedtripletsareassigned scoreof zero,
sincethey will alwaysencodddenticalaminoacidsandhencecan
carryno comparatie informationaboutcoding. A positive coding
scoreis givento alignedtripletsthataresynorymoussuchasTTC
andTTT (pherylalanine),or CTA and TTG (leucine). To com-
pensatdor positive scoresarisingfrom the randomoccurrenceof
synorymoustriplets, a negative scoremustbe assignedo aligned
triplets encodingdifferent amino acids, that is, nonsynorymous
codonssuchasCAG (glutamine)andCAT (histidine). Therandom
probabilitiesof codingthesameaminoacid,averagedverall pairs
of the 61 codingtripletsweightedequally for tripletsthatdiffer by
zero,one,two or threenucleotidesarelistedin tablel. This equal
weightingis anappropriatanodelfor the S.typhimuriumDNA an-
alyzedin this paper(which hasa G+C contentvery closeto 50%),
but might be productiely modifiedfor organismswith highly bi-
asedG+C content. The randomchanceof codingthe sameamino
acidis muchlower whenmorenucleotidediffer. Thereforesyn-
onymoustripletsdiffering at two or threepositionsaremoreinfor-
mative andwill receve moreemphasisn thescoringthansynory-
moustripletsdiffering by onenucleotide.

Altschul (1993)pointedout thatfor analysef this type,alog-
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Figurel: Elementsof theanalysisof evidencefor codingperformedoy CRITICA.

A alignedDNA:  S.typ. ... TTTCGCCAATTGATTCAGGTA. . .
P. hae ... TTCAAACAACTAGTCCATTTA. ..
B alignedtriplets: TTT CGC CAA TIG ATT CAG GIA
TTC AMA CAA CTA GIC CAT TTA
C nucleotidedifferences: 1 3 0 2 2 1 1
D encodedcaminoacid: F R Q L I Q \%
F K Q L \Y H L
E sameaminoacid: Y N Y Y N N N
F comparattescore; 52 -14 0O 164 -16 -36 -36
G dicodonscore: -21 -6 -79 33 37 33 8
H combinedscore: 31 -20 -79 197 21 -3 -28
I comparatietotal: 52 38 38 202 186 150 114
J combinedotal: 31 11 0O 197 218 215 187

(A) BLASTN is usedto align an S.typhimuriumDNA sequencépartof the codingregion for cataboliteactivatorprotein, CAP) with a
relatedsequencérom Pasteuella haemolytica (B) The alignedsequenceandtheir complementarebrokeninto tripletsrepresenting
the six possiblecodingframes,only oneof whichis shavn. (C) The numberof nucleotidedifferencegperalignedtriplet is determined.
(D) Thetripletsfrom eachsequencaretranslated.(E) Thelocationsof aminoacid differencesn the conceptuatranslationproducts
arenoted.(F) A comparatie evidenceof codingscoreis assignedo eachtriplet basedon the numberof nucleotidedifferencesandthe
consenation or non consenation of the encodedaminoacid. The scoresshovn arefor 32 informative triplets (seetable 2 andtext).
(G) A dicodonfrequeng (noncomparatie) scoreis assignedo eachtriplet basedon therelative frequeng with which the giventriplet
followsits precedingdripletin codingframesversusnoncodingcontexts (eq.1). To getthefirst scoreontheleft, it is necessaryo know
thatthe precedingdripletis AAA. (H) Thecomparatie andnoncomparatie scoresareaddedfor eachtriplet. (I) A runningtotal of the
comparatie scoreds taken,or (J) arunningtotal of the combinedscoreds taken. Thetotal is not allowedto go below zero.

oddsscorehasfavorableproperties. This wasalsorecognizecby
SryderandStormo(1995)in their codingregionidentificationpro-
gram. In the currentcontext, we definethe coding evidencedue
to two alignedtriplets asthe logarithm of the probability of find-
ing this combinationof tripletsin a coding frame divided by the
probability of finding thesetriplets alignedin a noncodingframe.
Unfortunately it is not possibleto directly computethesevalues,
sincethey dependon several factors,including the degreeof pro-
tein sequencealivergencein eachreal codingframe. In principle,
an empirical compilationof thesefrequenciesvould be possible,
but thereis noreasorto believe thatthesecouldbegeneralizede-
causedifferentorganismshave differentcodonusage anddiffer-
entgeneshave differentextentsof divergence.Giventheselimita-
tionson finding an "optimal” solution,we createdseveral scoring
matrices(table 2) that differ in the assumedmountof sequence
divergence(Altschul 1993). In essenceeachmatrix was heuris-
tically constructedo detectcoding within a region containinga
specificnumberof informative triplets (8, 16, 32, 64 or 128; see
Appendix). Thus,the matrix called8 is optimizedfor a few infor-
mative triplets with very high aminoacid conseration, while the

matrix called 128 is optimizedfor mary informative triplets with

only a small excessof aminoacid conseration. For eachquery
sequenceCRITICA performsthe comparatie scoringwith each
of thefive matriceskeepingalignmentghataresignificantfor ary

of thesematrices.The examplein figure 1F usesthe matrix for 32
informativetriplets.

An additionalconsideratiorwas how to combinethe compara-
tive evidencescoresvhenBLASTN alignmentgHSPs)from mul-
tiple databasesequencesover the sameregion of the query In
a Bayesianapproachjndependenprobabilitiesare multiplied, or
equialently their logarithmsare added. But in the presentcase,
the sequencefound by BLASTN aregenerallyrelatedto onean-
othersincethey are eachrelatedto the query Therefore the nu-
cleotidedifferencesnightnotbeindependentandtheirscoresan-
not always be added. In CRITICA, eachHSP from BLASTN is
scoredseparatelythenthe nonzerocomparatve scoresfor a given
triplet in the query are averaged. This simple compromisemini-
mizesthe requiredbookkeeping;however, if the independencef
thenucleotidedifferenceswithin atriplet for thevariousHSPswas
assurede.g.,changedo differentnucleotideidentities,or changes
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Table2: Comparatie scoredor 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

Thescoresn eachrow arechoserto assessodingin aregion containingthe givennumberof alignedtripletswith 1 or morenucleotide
differences.The “sameaa” columnslist the scoresassignedf the alignedtriplets would encodethe sameaminoacid. The “diff. aa”
columnslist the scoresassignedf thealignedtripletswould encodalifferentaminoacids.

Tablel: Probabilitiesof trinucleotidesequencewith agivennum-
berof differencesodingthe sameor 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 assumedhatall nucleotidesareequallylikely andthatall nu-
cleotidedifferencesareequallylikely. Terminatorcodonsare ex-
cluded.

atdifferentcodonpositions),addingthesescoresratherthanaver
agingthem,would be moresensitve.

AssessingNoncomparative Evidencefor Coding

Becausdhereis additionalusefulinformationin codonusagepat-
terns(andwe wish to analyzesequencethatlack identifiableho-
mologsand hencecomparatie information), we alsoincorporate
noncomparatie information into our analysisthrougha version
of the dicodonmethod(Claverie and Bougueleret,1986). If the
tripletsarenumberechlongthe sequencethentriplet i is assigned
anintegervaluedscore(Syicodon) thatis afunctionof thesequence
of tripleti (t;) andthe sequencef theprecedingdriplet (ti—1):

(mtiid)). o

fcoding (ti | ti—1)

fnoncodng(ti | ti—l)

. 1
Sjicodon(ti;ti—l) = n|nt<a>\— In
c

basedsolely on comparatie scores.lts valueis calculatedfor the
givengenomeandcomparatie scoringmatrix (i.e., row in table2),
but is generallycloseto 0.015. The parameten is anempirically
evaluatedfactor slightly smallerthanone (seeResults)that helps
compensatéor thefactthatthedicodonscoresassumehatthe se-
guenceof triplets asthe outcomeof a first-orderMarkov process,
whereaKarlin-Altschul statisticsassumea seriesof independent
scores.Scoresareroundedusingnint, the "nearestinteger” func-
tion. figure 1G shaws the dicodonscoresfor the examplequery
sequenceWhenusedthe noncomparatie scorefor eachtriplet is
addedto the correspondingomparatie scoregfig. 1H).

Sinceour goal is to analyzenovel sequencesye have chosento
work without using ary of the available annotations.We usean
iterative approach.Initially, only readingframeswith significant
comparatie evidenceareexplicitly calledcoding,leaving muchof
the sequencelataunclassified—anixture of codingandnoncod-
ing DNAs. In thefirst cycle of dicodonanalysis,CRITICA uses
the obsened dicodonfrequenciedn the regions explicitly called
codinganda usersupplied,a priori estimateof the fraction of the
DNA thatis codingto estimatethe numberof occurrencesf each
dicodonin all coding regions (G. D. Pusch,personalcommuni-
cation). Thedifferencebetweerthetotal occurrencesf adicodon
(hexanucleotidesequencen theDNA dataandtheestimatedium-
berof occurrencesn all codingregionsprovidesthe number(and
hencefrequeng) in noncodingregions. In all subsequenitera-
tions, all sequencesre explicitly classifiedcodingor noncoding
by CRITICA's callsin the previousiteration,sothereis no further
useof the users a priori estimateof the fraction of the DNA that
is coding.

Finding Regionswith Statistically Significant Evi-
denceof Coding

where: feoding(ti | ti—1) and froncoang(ti | ti—1) arethe frequencies Given the evidenceof coding for eachtriplet, we now seekre-
of tripletsof sequencg in codingandnoncodingcontexts, respec- gions of sequencesufiiciently high in coding supportto declare
tively, given that the precedingtriplet is of sequencei_1; A¢ is the behaior nonrandomandthusthe sequencerobablycoding.
a parametefrom the Karlin-Altschul distribution parametefrom This problemis relatedto otherwell-studiedproblemso whichthe
Karlin and Altschul (1990; seebelow for details)for an analysis methodof maximalsegmentanalysishasbeenapplied(e.g.,Kar-
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lin and Altschul 1990,1993). To start, we take a runningtotal of
the evidenceof coding(fig. 11 and1J),notallowing thetotal to go
below zero. A high-scoringsggment(HSS)in thisnonneyativerun-
ning total, beinga region enrichedin codingevidence,startswith
astepup from zeroandendswith the maximumvaluereachede-
fore either(1) therunningtotal declinesbackto zero,(2) thequery
sequenceontainsa triplet that would be a stopcodon,or (3) the
endof the querysequencés reached.Functionallythis resultsin
identifying all HSSsdefinedasan arbitrarycontiguoussegmentin
the querysequencehatdoesnot containarny stopcodonsandthat
hasbeenextendedthrough either endpointas far as possibleby
addingon triplets of positive or zeroscore. An HSS cancontain
triplets of negative scoreif this permitsaddinganequalor greater
amountof positive scores Eachendof anHSSis boundedacodon
pair of negative score the beginningor endof the querysequence,
or astopcodon.

Karlin and Altschul (1990) provide formulasfor assessinghe
statisticakignificanceof ahigh-scoringsggmentundertheassump-
tion that the scoresat eachsite (in this case,eachtriplet) are as-
signedindependentlyfrom a fixed probability distribution. One
canthencomputetwo parameter¢K andA) thatdefinetheapprox-
imatedistribution of thelargestscoreamongall of the HSSs(high-
scoringsggments)containedn a sequencef lengthN. The theo-
retical distribution of the largestscoreis usedto assignP-values
to individual HSSs.The probabilitythatoneor moreintervalswill
have a scoreof Sor greatelis approximately

P(S) = 1— e KNe™S, )

Forthecomparatiecomponenbf ananalysiscalculatingk and
A requiregherandomprobabilitiesandscoredor eachof theseren
outcomesn tablel1. The probabilitiesof alignedtripletswith 0, 1,
2 and 3 nucleotidedifferencesare estimatedrom their obsened
frequenciesn the BLASTN HSPs. Becausehe BLASTN align-
mentsfor a shortindividual query sequencesometimeshave few
siteswith changeswe damperthe samplingvariationsby addinga
fixednumberof tripletswith the averagebalanceof nucleotidedif-
ferenceq36, 9, 4 and1 for 0, 1, 2 and3 differencegespectiely)
obsenedin our preliminaryanalyse®f bacteriaDNA sequences.
For a givennumberof differencesthe randomprobabilitiesof en-
codingthe sameor a differentaminoacid aretaken from table 1,
andthe associatedscoreis taken from the appropriaterow of ta-
ble 2. For example for thequerysequencén figure 1, theprobabil-
ity thatthe alignedtriplets differ by onenucleotidewasestimated
to be 0.18. For siteswith exactly onenucleotidedifference(asin
thefirst pair of triplets), the randomprobability of the triplets be-
ing synorymousis 0.255(table1). Thus,at randomabout0.0459
(0.18 x 0.255)0f all tripletswould be alignedwith a synorymous
triplet that differs by onenucleotide. If the analysiswerefor the
32-informative-triplet matrix, thenthe associategcore(from ta-
ble 2) would be 52. The value of A computedfor a comparatie
analysisencompassingll of the sequenceto be analyzedrom a
given genomeis calledA¢, andis subsequentlyisedto scalethe
dicodonscoregabove) andtheinitiator codonandShine-Dalgarno
sequencscoregbelow).
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For the noncomparatie (dicodon) componentof an analysis,
thereare 4096 (64 x 64) combinationsof adjacenttriplets. The
probability of a specificdicodonis estimatedfrom the empirical
frequencie®f the sequencén noncodingcontexts (whichis possi-
ble only afterthefirst roundof comparatie analysis).For example,
thefrequencie®f TTT precededy AAA in S.typhimuriumDNA
is 0.000281in coding sequenceand0.000417in noncodingse-
guences.The correspondingcorefrom equation(1) is —21 (if A¢
=0.015anda = 0.8).

Whensimultaneouslhanalyzingboth comparatie anddicodonin-

formation, calculatingK andA requiresthe randomprobabilities
andscoredor all 28,672(7 x 4096)combination®f possiblecom-
parative anddicodonoutcomesFor the above examplesthe com-
binedevent(a TTT triplet alignedwith a synorymoustriplet that
differs by one nucleotide,and precedediy a AAA triplet) hasa
randomprobability of 1.91 x 107 (0.0459 x 0.000417),andits

scoreis 31 (52 +-21).

Whetherfor comparatie analysisor for combinedcomparatie
anddicodonanalysisCRITICA computeghevaluesof K anda for
eachcombinationof querysequencendscoringmatrix, allowing
for differentamountsof comparatie data. However, to provide
more uniform behavior for query sequencesf differentlengths,
the assumechumberof events, N, is held at a constantvalue of
2000, the approximatenumberof triplets analyzedper gene. For
eachregion of codingevidence,if the P-valuefor the score(eq.
2) is lessthana predefinedhresholdfor ary of the five matrices,
thentheregionis consideregotentiallysignificantandis keptfor
furtherprocessingOtherwisetheregionis discarded.

Adjusting the Ends of Potential Coding Regions

A region of coding evidenceendswith the last positive evidence
for coding.However, in theabsencef introns,realcodingregions
endat stopcodons. Therefore we extendthe 3' (C-terminal)end
of eachpotentialcodingregionto astopcodonor thelastcomplete
codonin thequerysequenceyhichever comedirst, andadjustthe
scoreof theregionto includethesetriplets.

Similarly, a region of codingevidencestartswith thefirst posi-
tive evidencefor coding, while real codingregions startwith ini-
tiator codons. This situationis more complicatedbecauseunlike
stop codons,initiator codonsalso sene a function within a cod-
ing sequenceSo,theproblemis decidingwhich potentialinitiator
codonto use,or whetherto extendthe region upstreanto the first
completecodonof the query If a region is extendedupstream,
additionaltriplets and associatedscoresare addedto the coding
region; if a downstreaminitiator is chosenf{ripletsandassociated
scoresareremoved. The scoreis alsoadjustedor the sequencef
theinitiator triplet (t = ATG, GTGor TTG). Thelog-oddsscorefor
aninitiator triplet of identity t is

i In ( finitiator (t) ))
Ac f(t) ’

where finitiator (t) is the frequeng of triplett amongall initiators,
and f(t) is thefractionof triplett amongall ATG, GTGandTTG

Shitiator (t) = nim( 3)
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tripletsin thesequencebeinganalyzed.

The scorefor eachpotential start site is also adjustedto re-
flect the quality of a Shine-Dalgarnsequencégribosomebinding
site; Shineand Dalgarno1974), when present. For this purpose,
a Shine-Dalgarnsequencés definedasfour or more contiguous
nucleotidesstartingwithin 16 nucleotidesupstreanof theinitiator
thatmatcha subsequencef the consensusequenc&RGGRGGT
GAT (whereR = A or G; Shineand Dalgarno1974). The score
assignedo a Shine-Dalgarnof sequencsis

(7))

wherefsy(s) is thefrequeng of sequencsbeingthelongestmatch
to the Shine-Dalgarnaconsensusn sequencesadjacentto each
highest-scoringranslationstart site and f (s) is the frequeny of

s beingthe longestmatchto the consensusvhenanalyzingother
plausible,but lower-scoring,startsites. In this context, the score
of a translationstartsite refersto the scoreof theregion, afterad-
justing the startpoint to the giveninitiator codon,but without the
adjustingfor the Shine-Dalgarnacore. To limit the region evalu-

atedfor Shine-Dalgarnsequenceto themostplausiblelocations,
we only considerstart positionsthat would yield a coding score
with a P-valuewithin two ordersof magnitudeof the P-valueas-
sociatedwith the highest-scoringtartposition(beforeconsidering
the Shine-Dalgarnsequence).The lack of a ribosomalbinding
site is treatedin an analogousnanner;the scoreis basedon the
frequeng of no ribosomebinding site occurringat high scoring
startsby thefrequeng of this conditionatlower scoringstarts.

fsd(S)

L
"\ F(s

Ac

S(s) = nint( 4)

Thus, for eachplausiblestart point, the scorefor the region is
adjustedor the changen the startpoint, for theidentity of theini-
tiator, andfor thequality of thebestShine-DalgarnsequenceThe
startpoint resultingin the highestscoreis usuallychosenthough
we canretainall potentialstartswhosescoredall within a defined
interval of the best. The P-valueof theresultingscoreis computed
accordingto equation(2) andtheregion is retainedonly if there-
sultingvalueis moresignificantthana definedthresholdusuallya
randomprobability of 1074,

Thereis one more essentiaklementof CRITICA's algorithm.
Much of the comparatie scoreof codingsequences contributed
by silent changesn the third position of the codon(e.g.,fig. 1).
Becausehe spacingof third positionchangess uniform, thereis
alsoa correspondindgrame on the complementangtrandthat has
an excessof third positionchangesgven thoughthis latter frame
doesnotcode:thesemustbeexcluded.CRITICA dealswith thisin
a simplemanner:for eachtriplet predictedto be codingwe locate
thetriplet ontheoppositestrandthatshareghe samethird position
and setits comparatie scoreto zero. This eliminatesa known
sourceof bias, without forbidding the prediction of overlapping
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Implementation

CRITICA wasimplementedas a seriesof ANSI-C programsand
Perl5.0scripts. Thecodehasbeenrunonavarietyof SUnSFARC-
stationsrunning Sun0OS5.4, a Silicon Graphicsworkstationrun-
ning IRIX 5.3, andan IBM-PC compatible(586) systemrunning
Linux 2.0. It shouldbe portableto ary systemrunningUNIX or
a UNIX-lik e operatingsystem.BLASTN 1.4.7MP(Altschul etal.
1990)wasusedto obtainpresumptie DNA homologs.BLASTP
1.4.8MP(Altschul et al. 1990)wasusedto find proteinssimilar
to potentialgeneproducts. GenMark(Borodovsky and Mclninch
1993)andthe S. typhimuriumfifth-order matrix werekindly sup-
plied by M. Borodovsky.

Results

Defining the TestData

To testthe algorithmwe usedCRITICA to predictproteincoding
regionsin SalmonellayphimuriumDNA. This organismwascho-
senbecaus¢herearemary sequenceavailable(GenBanklOOhas
523 S. typhimuriumsequencesotaling 946,808nuclectides)and
mostof thesedatahave at leastonelikely homologelsevherein

GenBank.

For eachS. typhimuriumsequencewe usedthe BLASTN pro-
gram(Altschul et al. 1990)to retrieve a setof similar sequences
from GenBank We acceptedequencenatchedor which eachre-
gionof similarity (HSP)hadarandomexpectation(E = E2) of less
thanor equalto 10~ 4 ; thereforewe expectfew falsepositivesin
the searchof the 523 S. typhimuriumsequencesTen-fold varia-
tionsin thisthresholdhadlittle overall effecton ourresults(results
notshawn).

In thesestudieswe have discardedmatcheso S. typhimurium
(the query organism), since self-similarity is uninformative to
CRITICA. However, this approacho the problemis lessthanop-
timal in that it also discardspotentially useful information from
similaritiesto othermembersf a genefamily within the queryor-
ganism(paralogs) After remaving the matchego S.typhimurium
one or more BLASTN matchescovered689,2780f the 946,808
guerynucleotides.

Using Comparative Data to Estimate Dicodon and
Initiator Codon UsageFrequencies

Oneof the decisionsmadein designingandimplementingCRIT-
ICA wasto ignoresequencannotationstheinferenceof dicodon
usagein coding regions is basedon CRITICA's coding predic-
tionsalone. At the beginning of CRITICA's analysisthereareno
dicodonor initiator codonscores,but the score-basegrediction
methodusedallows inferencebasedsolely on comparatie evi-
dence. For eachpredictedcodingregion in the first cycle of the

readingframes. For this simpletreatmento work, it is necessary analysis,a start point (initiator codonor first completecodon of

that CRITICA committo codingregion predictionsin the orderof
mostsupportto leastsupport.

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: Comparisorof predictedversusobsened occurrencesf
high-scoringregionsover a givenscorein a Markov chainof 10
noncodingdicodonscores.

Score P-value Predicted Obserned Predicted
(a=1) (a=0.8)
500 1.26x 10T 6284 18278 23145
600 2.86x 1072 1430 5252 8340
700 6.25x 1073 312 1511 2608
800 1.36x10°% 67 414 780
900 2.93x 104 14 107 230
1000 6.33x10°° 3 32 67
1100 1.37x10°° 0 14 20
1200 2.96x 106 0 3 6

The seriesof dicodonscoresis basedon the dicodonfrequencies
obsenedin S.typhimuriumsequencethat CRITICA classifiedas

noncoding.Thevalueof K for this dicodontablewas0.1425,the

valueof A was0.01532,andthevalueof N usedfor the calculated
P-valuewas2000.

of a CRITICA analysis,the estimationof dicodonfrequenciesn
codingand noncodingregionsinvolves an extrapolationfrom the
coding regions explicitly identified by comparatie data. In the
presentwork, we have assumedhat 80% of the S. typhimurium
DNA codesin onethesix readingframes—aconsenative estimate
for the codingregionsin well-characterizegrokaryoticgenomes.
Initial estimate®f relative initiator codonusagefrequenciesvere
directly takenfrom theregionsexplicitly calledcodingin thecom-
parative analysis.Fromthesedata,the correspondingcoreswere
derivedfor thefollowing studies.

Oneproblemmentioneckarlieris thatthedicodonscoreswhich
dependon the previous codon,arenot independenttherefore us-
ing Karlin-Altschul statisticsmay not yield a reliable estimateof
the significanceof a coding region. Karlin and Dembo (1992)
provide a methodfor computingthe significanceof high scoring
segmentsof Markov-dependenscores but it is not computation-
ally feasiblein our case.Instead we have exploredthe issueem-
pirically. We createda simulatedsequencef 108 codonsusing
theMarkov dicodonfrequenciesn S.typhimuriumregionsconsid-
eredto be noncodingby CRITICA. Thesecodonswere assigned
CRITICA-generateddicodon scores,and the obsenred frequen-
ciesof high scoringregionswere comparedo thosepredictedby
Karlin-Altschul statistics(table 3). As expectedthe nonindepen-
denceof the dicodonscorescausesverestimationof the signifi-
canceof ary givenscore.Thelastcolumnof thetableshaws that
multiplying thelog-oddsdicodonscoreddy 0.8 resultsin aconser
vative estimateof the randomexpectation.We accomplishthis in
CRITICA by settinga to 0.8in equation(1).

Evaluating CRITICA

To assesghe accurag of CRITICA's predictions,a method of
measuremenhad to be chosen. Earlier evaluationsof coding
regionidentificationmethodgFickettandTung1992;Borodovsky
andMclninch 1993)testedalgorithmsfor their ability to correctly
identify segmentsthat were entirely coding or noncodingDNA.
Becauseexperimentally derived data are not so neatly divided,
we choseto view the sequencesn terms of all triplets in the
DNA sequenceand its complement,so the number of triplets
evaluatedis abouttwice the total sequencdength. The coding
predictionsandthe codingannotationgpresumedodingregions)
aremappedonto the triplets. Five outcomesaredistinguishedor
eachtriplet: (1) noncodingin boththe predictionandannotation;
(2) coding in both the prediction and annotation;(3) codingin
the prediction and noncodingin the annotation(false positive);
(4) noncodingin the prediction and coding in the annotation
(falsenegative); and (5) codingin the predictionandcodingin a
differentframein the annotationfwrongframe). This lastcategory
was distinguishedprimarily for future exploration of frame-shift
detection. To evaluatethe reliability of CRITICA, we accepted
eachpredictedcodingregion in S. typhimuriumDNA thathada
combinedcomparatie evidenceanddicodonscorewith lessthan
a10~* probabilityof occurringby chance Theresultsarereported
in table4.

We performed three different analyses using GenMark
(Borodovsky and Mclninch 1993). The first GenMark analy-
sisof thedatawasperformedon the WebGeneMarlsener on July
1stand2nd, 1997. The S. typhimuriummatrix was selected and
the otherparametersvereleft at their default values(window size
=96, stepsize= 12, andthreshold= 0.5). Thesecondanalysisvas
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 GenMarkwith a matrix createdby the
recentlyreleasedlate 1997) utility “makemat” (W. Hayesand J.
Mclninch, unpublished)which can generatea GenMark matrix
from sequencedata alone, assumingthat ORFs over a certain
length (default 700 bases)epresentrue coding regions. In our
initial assessmentwe comparedthe CRITICA and GenMark
predictionsto the "coding sequence’{CDS) annotationsn Gen-
Bank 100. In this test, WebGeneMarkdid not perform as well
asCRITICA, with a total error rate of about2.6%to CRITICA's
2.2%(table4). Unexpectedly in this initial testthelocal copy of
GenMark performedbetter using both the 1994 matrix and the
new matrix basedon the sequencelataalone(2.4%total errorin
bothcases).

About1.2%of the DNA tripletsseemedo beerroneouslcalled
codingby bothCRITICA andGenMark.Giventherelatively con-
senative thresholdusedin the CRITICA analysisthis seemedin-
reasonablyhigh, and even increasingthe stringeny of the pre-
diction thresholdby ordersof magnitudedid not changethe pre-
dictionsmuch (seeDiscussion). BLASTP (Altschul et al. 1990)
searchesisingthe”seg” filter onthequerysequencéWoottonand
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Table4: Evaluationof CRITICA andGenMarkby comparisorto presumeaodingregions.

“Authority” of Presumed Prediction  False False Different  Total
CodingRegions Method  Positves Negatves Frame  Error
GenBankannotation  CRITICA  0.0126 0.0088 0.0005 0.0219
GenMark  0.0127 0.0129 0.0005 0.0260
GenMark  0.0103 0.0130 0.0005 0.0238
GenMark  0.0166 0.0065 0.0005 0.0235
GenBank+ BLASTP CRITICA  0.0026 0.0125 0.0032 0.0183
GenMark  0.0041 0.0179 0.0032 0.0251
GenMark  0.0032 0.0196 0.0029 0.0257
GenMark  0.0063 0.0096 0.0034 0.0193
GenBank+ consistent  CRITICA  0.0028 0.0116 0.0005 0.0149
BLASTP GenMark  0.0044 0.0170 0.0006 0.0220
GenMark  0.0034 0.0184 0.0006 0.0223
GenMark  0.0068 0.0090 0.0007 0.0164

The“FalsePositves”, “FalseNegatives”, “Dif ferentFrame”and“Total Error” valuesarethefractionof the nucleotiddriplets(in all six

frames)for which the codingpredictionsof CRITICA (or GenMark)disagreewith thosedefinedby the “authority” in the first column
of the table. Theseanalysescover 1,893,616overlappingtriplets. “GenBank” refersto the protein coding sequencein GenBank
annotations'BLASTP” refersto the ORFsof atleast30 aminoacidsthathave a BLASTP matchto a sequencén the NationalCenter
for Biotechnologylnformation (NCBI) nonredundanproteindatabase.ConsistentBLASTP” arethe BLASTP matcheghat do not

overlapannotatedeadingframesby 10 or morecodons(in anotherframe).

1 Resultsrom usingWebGeneMarlon July 1stand2nd, 1997.
2 Resultsfrom usingalocal copy of GenMarkanda S.typhimuriummatrix file datedSeptembe27,1994.

3 Resultsrom usingalocal copy of GenMarkandamatrixfile generatedby “makemat”’onthe S.typhimuriumsequenceata(assuming
ORFsover 700nucleotidesaretrue codingregions).

Federherl993) oftenrevealedsequences the NCBI nonredun- lastcompletecodonin the DNA sequenceAdding theseregionsto
dantproteindatabasé¢hataresimilar to translationsof CRITICA's thelist of thosepresumedodingdramaticallyreducedhe number
andGenMarksfalsepositives,suggestinghattherearenumerous of falsepositivesfor CRITICA andGenMark(table4). However,
omissionsn theGenBankKCDSannotationsApplying thisstratgy the numbersof false negatives and different-frametriplets were
toall S.typhimuriumORFsof 30 or moreaminoacidssuggesteds substantiallyincreasedy this change.

mary as256 unannotatedodingregions(table5). Althoughmary Further examinationsof the datarevealedthat of the 256 re-
of theseregionsappeatto beincompleteproteincodingsequences gionsadded,67 overlap(by at least10 aminoacids)anannotated
thatrun off anendof the sequencedNA fragment,somewould S. typhimuriumcoding sequencen a differentframe or another

definea completeprotein coding sequence.Of the 256 unanno-
tated coding regions suggestedy the BLASTP searchesCRIT-

ICA identified132 (52%) of themascoding,andGenMarkidenti-

fied 108 (42%) of them(table5).

The large numberof sequenceositionsthat are not annotated
as coding, but for which BLASTP suggeststherwise,indicates
that the quality of the annotationgnight be the limiting factorin
assessinghe performanceof coding predictionmethods.To par
tially relieve this problem,we addedthe 256 regionssuggestedby
BLASTP matchego thelist of presumedtodingregions. In each
case,the startsof theselatter regions were adjustedwithout in-
cluding an in-frameterminatorcodonto (1) the closestupstream
initiator, or (2) thefirst completecodonin the sequenceor (3) the
closestdownstreaminitiator, in thatorderof preferenceSimilarly,
theendsof theseregionswereextendedo aterminatorcodonor the

BLASTP matchof highersignificance Althoughoverlappingcod-
ing sequenceareknown, this seemedoo common.Further most
of these67 BLASTP matcheswereto databas@roteinsidentified
only astheproductof an”"openreadingframe”. It seemghatmary
of these67 overlappingORFswereincorrectlyidentified as cod-
ing by the BLASTP analysis.Subsequentlywe treatedthe 67 re-
gionsthat overlapan annotatedCDS asbeing”inconsistent"with
the explicit GenBankannotationgor S.typhimurium Whenthese
are excludedfrom considerationthereis anincreasein the frac-
tion of the BLASTP-basedeadingframesthat are alsopredicted
by CRITICA (126 of 189, or 67%) and GenMark(98 of 189, or
52%) (table5). Remaring theseoverlappingORFsfrom thelist of
presumedodingregionsreducedhefalsenegativesanddifferent-
frameerrorsof both CRITICA andGenMark(table4).

The performanceof CRITICA slightly improved when the di-
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Table5: Regionsin S.typhimuriumsequencepredictedto be codingby one or more methods put not annotatedassuchin GenBank

releasel00.

PredictedregionsAgreedon by
the Combinationof Methods

Combinationof Methods Including All Consistent
Predictingthe CodingRegion 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

The methodsaresaidto agreeif they predictedcodingsequencethatendwith the sameterminator;selectionof the samestartcodon
is not necessary “BLASTP” refersto the ORFsof at least30 amino acidsthat have a BLASTP matchto a sequencen the NCBI
nonredundanproteindatabase.ConsistenBLASTP” arethe BLASTP matcheghatdo not overlapannotatedeadingframesby 10 or

morecodong(in anotherframe).

codonusageandinitiator frequeng tableswereiteratively refined.
Thetablesusedabose werebasedn codingframespredictedrom
an extrapolationof the comparatie dataalone(thefirst iteration),
sothedicodonfrequenciegor codingframesandfor noncodingse-
guencesveresomavhatcrude.Thesecondterationof thedicodon
andinitiator codontablesprovidesa smallimprovementover the
first, andthe third iteration shavs no change(table6). A similar
tendeng for theresultsto improve andthenstabilizewasobsened
in analysef othergenomicDNAs aswell (datanot shovn). In
all caseghatwe have tested,it seemghat after oneor two itera-
tionsthelimitations of our modelandtestdatahave beenreached.
The recentreleaseof “makemat”to the public hasallowed us to
iterateGenMarkanalysesaswell (table6). As in CRITICA, the
seconditerationprovidesa smallimprovement,andfurther itera-
tions do not changethe resultssignificantly Unexpectedly even
thefirst iteration usinga GenMarkmatrix generatecn sequence
dataaloneyielded significantly betterresultsthan thoseof Web-
GeneMark which presumablyuseda matrix basedon codingan-
notation.

Discussion

CRITICA provides a novel methodfor the identificationof pro-
tein codingsequencem genomicDNAs. The performanceof the
methodappearso bebetterthanGenMark particularlywhencom-
paredto WebGeneMarkthe versionof the softwaremostaccessi-
ble to the public. To date,we have usedCRITICA in our analyses
of threecompletegenomegqBult etal. 1996,Klenk etal. 1997,

Declertetal. 1998).

A positive featureof CRITICA is thatit doesnotdependon the
existenceor accuray of annotationsn the databasesDuring the
developmentand testing of the program,we repeatedlyencoun-
teredsequencelatabasg@roblems.Codingregionsthatarenotan-
notatedcausedisto obsene anartificially high frequengy of false
positive predictions. That mary of thesearelikely to be coding
wasdocumentedby identifying sequencem the proteindatabases
thatweresimilar to translationsof unannotated@RFsin the S.ty-
phimuriumDNA data(table5); of 197 unannotatedodingregions
predictedby CRITICA, 132hadBLASTP hitsin the proteindata-
banks(of which 6 weresubsequentlyreatedas”inconsistent”and
discarded).Sincenot all S.typhimuriumproteinshave a homolog
in theproteinsequenceéatabases seemdik ely thattheremaining
65 falsepositive predictionsof CRITICA includeadditionalORFs
thatareactuallycoding. In this regard,we notethat36 of these65
“falsepositive” readingframespredictedby CRITICA were also
calledby GenMark(table5).

Analysesof the 256 unannotateds. typhimuriumORFs (>30
aminoacids)thathave BLASTP matchego databaseroteinsre-
vealedanothermproblem: the databanksnclude mary proteinsde-
fined by GenBankCDS annotationssolely becausehereis are-
gion of DNA with no terminatorcodons.In anattemptto remove
someof this noise,we dubbed67 of the 256 ORFs"inconsistent”
anddiscardedhembecauséhey overlap(in a differentframe)by
>10aminoacidsanannotatedDSin S.typhimuriumor BLASTP
match with a higher significance,admittedly a very superficial
treatment.Thereare certainlyadditionalfalseproteinsamongthe
256 (our strateyy for finding themwasfar from comprehensie),
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Table6: Increasen theaccurag of CRITICA andGenMarkthroughsuccessie approximation®f codingproperties.

Prediction False False Different  Total
Method Iteration Positves Negatves 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 iterationl is the sameasthe datain table4 andusesthedicodonandinitiator tablesderivedfrom the codingregionsdefined
from comparatre analysisonly. The GenMarkiterationswereperformedoy supplyingthe codingregionsfoundin thepreviousiteration
to “makemat’andgeneratinganew GenMarkmatrix. Theaccurag is evaluatedelative to regionsannotategscodingin GenBanklL00,
plustheregionsthataresupportecoy BLASTP matchesandthatdo not substantiallyoverlapin a differentframeanannotatedCDSin

GenBank.Theseanalysesover1,893,61@riplets.

and of the 67 thatwe called"inconsistent”,careful examinations
of the datasuggesthattenor moreof themareaptto berealpro-
tein codingregions.However, to minimizetheintroductionof bias
in our evaluationsof CRITICA, we choseto applywell-defined(if
someavhat arbitrary and simplistic) criteriain definingour list of
"presumedcodingsequences’—oustandardor measuringaccu-
ragy.

The issuesraised by the completenessaand the accurag of
databaseannotationsare deepand penasve. Bork and Bairoch
(1996) emphasizedhat once a sequencevith erroneousannota-
tion is introducedto a public databasesequencesimilar to it will
often be assignedcorrespondingerroneouspropertieswhen they
are submittedto the databasesthus errorswill propagatefrom
their original source. Even whenthe original annotationis sub-
sequentlycorrected,the secondaryerrorsbuilt uponit generally
remain. Giventhis, we stresshatalthoughour analysef CRIT-
ICA'saccurag aredependendn databasannotationsthemethod
itself only examinesthe nucleotides. Thus, CRITICA minimizes
the propagatiorandperpetuatiorof annotatiorerrors.Further the
lack of dependenc®n preisting annotationsmakes CRITICA
particularlysuitablefor genomeanalysisn phylogenetigyroupsin
which little is known aboutthe organismsandtheir genesFinally,
theimprovementin performancef GenMarkwhena matrix based
only onthe sequencelataitself is used(table6), impliesthatcur
rentannotationsnay actuallybe a hindranceto coding prediction
schemes.

Returningto the problemsinvolving the 256 additional S. ty-
phimuriumcodingregionssuggestethy our BLASTP analysispur
conclusionthat there are about67 erroneouspredictionsamong
themmight seenmserious However, thisis anartifactof notinclud-

errorsin usingBLASTP or BLASTX to identify proteincodingse-
guencegGishandStates1993)is low. This potentialproblemcan
befurtherreducedy incorporatingcodonbiasinformationinto the
evaluationof proteindatabasdits (Statesand Gish 1994). A far
moreseriousconcermaboutrelyingon BLASTX for codingregion
identificationis thattruly novel genegrepresentingnew families)
cannotbe foundby searchingexisting proteindatabases.

The designand implementationof CRITICA requiredseveral
choicesthat merit additionalcomment. First, in the comparatie
componentbf the analysis,when there are multiple comparatie
scoresof a single triplet (due to BLASTN HSPswith different
databasesequences)the nonzeroscoresare averaged. This was
doneto avoid multiple countingof what might be a single evolu-
tionarychangeo aresiduehatis now inheritedby severaldatabase
sequencesin principle, if it is known that the nucleotidediffer-
encexontributingto acomparatie scorearosefrom differentevo-
lutionaryevents,thenthe scorescouldbe added.Doing this would
make CRITICA moresensitve. Evenwithoutmakingary assump-
tionsaboutthehistoriesof the sequenceshereareavariety of cir-
cumstancesinderwhich this could be done(e.g.,changego dif-
ferentresiduesor changesat differentcodonpositions); needless
to say addingthis ability will requiresignificantadditionalbook-
keepingin CRITICA.

Another choicemadein the currentimplementationof CRIT-
ICA is the natureof the dicodontable used. Equation(1) makes
the scoringsensitve to the encodedaminoacid sequencenot just
to the codonpreferencesThis hasthe effect of makingthe matrix
moresensitve for proteinsof "canonical”compositionandamino
acidnearesneighborshut lesssensitve to proteinsof unusuake-
guence. This scoringchoicecould easily be changedwithout al-

ing themuchlargernumberof codingregionsthatweresuggested tering the centralcomponent®f CRITICA. However, ary coding

by BLASTP andthatarealsopresenin the annotationof the S.
typhimuriumDNA; hence the absolutefrequeng of falsepositive

sequence@redictionalgorithmthatexaminescodonor dicodonus-
agewill be potentially misled when a genewith unusualcodon
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biasis encounterede.g.,genesacquiredby recentlateraltransfer
or extremelyhigh or low levels of expression).For E. coli, Gen-
Mark matricesoptimizedfor differentamountsof codonbiashave

beencreatedBorodovsky etal. 1995). Thesematriceswerebased
on anextensve classificatiorof known E. coli codingregionsinto

threebiascategories(Médigueetal. 1991).While asimilar classi-
ficationof S.typhimuriumcodingregionsis possible o the bestof

our knowledgeit hasnot beenattemptedfor organismswith few

codingregionsknown, it mayin factbeimpracticalor impossible.
In thesesituations CRITICA's useof comparatie information,in

additionto dicodonusagejs a distinctadwvantage.

In thedescriptionof the CRITICA algorithm,severalthresholds
for scoreswere mentioned.Generallythesehave beensetat lev-
els suchthatanything that might ultimately be calleda codingse-
guencas analyzedll theway throughto thefinal significancdest.
In the work describedabove, we setthis final thresholdto accept
scoreswith a P-valueof 10~ or less. This valueseemso beclose
to theoptimumfor the S.typhimuriumdata,but substantiathanges
in thevaluehavelittle effectontheoverallerrorrate(table7). That
is, thereseemto be relatively few maminal cases. This hasthe
fortunateconsequencthatthereis no needto readjustthe thresh-
old for new organismswhich is importantin the analysisof new
genomesfor which thereareno annotationsvith which to assess
accurag and find an optimal value. In more generalterms, the
useof aKarlin-Altschul P-valueis a corvenientheuristicfor defin-
ing a cutoff score;CRITICA doesnot dependon the value being
a literal probability estimate. In this vein, we notethat the score
adjustmentdor moving the startand end points are not covered
by Karlin-Altschul statistics. However, when we considercases
with a low P-value (P << 1), the useof log-frequeng ratios for
thesescoreadjustmentss mathematicallyequivalentto calculating
a Bayesiamposteriomprobability ratio of noncodingversuscoding,
with the Karlin-Altschul P-value asthe prior probability, andthe
scoreadjustmentdeingthe conditionalprobabilitiesof observing
the new datagiventhe alternatve hypothesegnoncodingor cod-
ing). Regardlesof this qualitative argument,our modificationsto
the HSSscoresare not coveredby the maximalsegmentanalysis
model,andalthoughwe referto the P-valueof a score(to avoid in-
troducingan almostcertainly more confusingterm), thesecannot
be interpretedas literal probabilitiesof a sequenceegion being
noncoding.

Whenanalyzinghighly novel genomicDNAs, one of the limit-
ing factorsis the ability to find homologsof the querysequence.
We have exploredtwo stratgyiesto improve this situation. First,
the comparatre analysiscomponentof CRITICA currently uses
BLASTN to find presumptie homologs. In principle, the same
taskcould be performedby TBLASTX with addedsensitvity for
finding homologsin proteincodingregions. Becausevaluationis
basedntherelationshipbetweemucleotidedivergenceandamino
aciddivergencethis shouldincreasegheavailablesignal(by bring-
ing in moredistantlyrelatechomologs)vithoutincreasinghefalse
positives. Although we have carriedout preliminarytestsof this
stratgy, the databasasearchtime was prohibitive for routineuse.
Thesecondapproachhatwe have exploredis to take advantageof
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Table7: Comparisorof differentthresholdgor identifying coding
regionsin S.typhimuriumusingCRITICA.

False False Different  Total
Threshold Positves Negatves Frame  Error
1x10~3  0.0033 0.0110 0.0005 0.0148
1x10™*  0.0029 0.0112 0.0005 0.0146
1x10°  0.0022 0.0128 0.0005 0.0155
1x10°%  0.0020 0.0135 0.0005 0.0160

Theseanalysesover 1,893,616overlappingtriplets. The datare-
portedcomefrom the third iterationof the CRITICA run andare
basedon the comparisorof CRITICA's analyseswith the regions
annotatedascodingin GenBank100 plus the regionsbelievedto
be codingvia consistenBLASTP analyses.

thefactthatcomparisonsvithin agenomeoftenreveal paralogous
geneghatcontribute to the comparatre analysis.The structureof
CRITICA allowscomparatie analysisdatafrom any numberof se-
guencesimilarity searcheseto combined.Thus,the comparatie
componenbf theanalysisof a novel genomecanincludesearches
for relatedsequences the public DNA databasesn thegenome
itself, andin ary otherlocally availableDNA data.

In its presenform, mostof CRITICA' s errorsaredueto entirely
missingsomecodingsequencesSpecifically of thetotal errorrate
of 0.0146pertriplet evaluated(table 6), 0.0088is dueto missing
codingregions (74 regions averaging78 amino acids), 0.0028is
dueto assertinghe existenceof unannotatedodingregions(215
regionsaveraging72 aminoacids),0.0024is dueto late startsite
calls, 0.0001is dueto early startsite calls, and 0.0005is dueto
errorsthat we classifiedas differentframe. The systematicten-
deng to startcodingsequencekater thanthe annotationsuggest
may be duein partto the tendeng codonusageto differ in the
early partsof geneg(Blumer 1988),althoughthis requiresfurther
investigation.When GenMarkwasiteratively trainedwith make-
mat,theincreasen falsepositivesrelatveto CRITICA wasalmost
equallydistributedamongpredictionof additionalcodingregions
(117 regions averaging65 amino acids) and including extra up-
streamsequencesThereis alsoa smallincreasen falsenegatives
dueto missingentirecodingsequencef281regionsaveraging62
aminoacids).WebGeneMarkvasworsethanCRITICA in all com-
ponentsof the error, but mostof the increasedue to completely
missingcodingregions(281regionsaveragingd1 aminoacids).

There are several featuresof CRITICA that would be partic-
ularly fruitful for additionaldevelopment. One is incorporation
of animproved modelfor the Shine-Dalgarnsequencewhich is
currentlyvery relaxed. Preliminaryexplorationsin this areahave
shavn thatmary seeminglyreasonableombinationsof sequence
and placementf the Shine-Dalgarnsequencarerarely if ever
used(JHB, R. OverbeekC. R. WoeseandGJO,unpublishediata).
A secondhreafor possibldmprovemenis theintroductionof more
sophisticatedscoringof comparatie data. In particular it might
be preferableo assignpositive comparatie scoreso consenative
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aminoacid changes.For the momentthis hasnot beendonebe-

causethe additionalinformationwould be mostevidentwhenan-

alyzingdistantlyrelatedsequencegjet thesearenot alwaysfound

by BLASTN. Thus, a changein the scoringmodelis bestincor

poratedin conjunctionwith the useof a moresensitve searchfor

homologoussequencesAnotherproductive changewould be the

creationof scoringmatricesnot basedon the assumptiorof equal
frequeng of codonsn noncodingdata(in table1). Thiswould al-

low moresensitve codingregionidentificationin sequencewith a

biasedG+C content.Thetreatmenbf theendsof regionswith cod-

ing evidencecouldbechangedo introducetwo additionalfeatures.
An alternatve to adjustingregionsof codingevidenceto coincide
with initiator and terminatorcodonswould be to considerpossi-
ble frame-shiftsaswell. In a similar manney one could permit
intron sequencesvithin the coding frame; detectingintron-exon

boundariess anareain which comparatve analysiscouldbe more
fully exploited. This last featurewould be of particularly broad
interestand would sharesomefeatureswith programsincluding

GRAIL (UberbacherXu, and Mural 1996), GeneRirser(Snyder
andStormo1995),andthe SplicedAlignmentalgorithm(Gelfand,
Mironov, andPevzner1996). The modular score-basedpproach
to the designof CRITICA will facilitatethe introductionof these
andotherfeatures.
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Appendix—Derivation of the comparative
scores

The comparatie scoresn table2 arebasedon a simpleprocedure
to assignscoresfor analyzinggiven numberof alignedtriplets,
eachof which differ by a given numberof nucleotides.For con-
cretenesanostof theprocedureawill bedescribedn the context of
inferringthescoredor 16 triplets,eachof which differsby onenu-
cleotide.In doingso,wewill ignoreall othertypesof triplets(those
differing by zero,two or threenucleotides).Similar analysesare
performedfor triplets differing by two nucleotidesandfor triplets
differing by threenucleotides.Also, the multiple hypothesigest-
ing thatis implicit in usingmaximalsegmentsanalysisis ignored.
Thesesimplificationsare permissiblesincewe areonly usingthis
procedurdo arrive at a usefulsetof scoresthe evaluationof data
is basedon equation(2).
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The first stepsin the derivation of the scoresare discussedn
the context of figure 2. The plot shavs the numberof identical
aminoacids(m) amongn alignedtriplets,eachwith exactly onenu-
cleotidedifference.Theaccessibl@ortionof thegraphis bounded
above by m = n, theline of completeaminoacididentity.

The lower line is definedby m = n p, wherep is the random
frequeng of aminoacididentityfor thegivennumberof nucleotide
differencegertriplet. Fromtable1 we have p = 0.255for triplets
differing by onenucleotide.

Using maximal sggmentanalysisto find high-scoringseggments
andscreeninghe segmentscoresagainsta thresholdis equivalent
to finding all sggmentsthat fall above a straightline on figure 2;
if we candefinethe desiredline, thenwe canderive appropriate
scores.The symbolson figure 2 mark the largestvalue of m that
is not significantly greaterthanrandom(at P > 0.0001)as calcu-
lated using the one-tail binomial distribution for the given values
of n andp. Thus,for a givenn, ary greatervalue of m would
be consideredaignificant. The continuouscurve approximateshis
significancethresholdin the vicinity of 16 triplets. This line is
definedby the numberof identicalaminoacidsgiving 4.3 standard
deviationsgreatetthanrandomidentity accordingo thenormalap-
proximationof the binomial distribution function. More precisely
theequationof theline is

m=np+2Z0 (5)

whereo = /np(1— p) andZ = 4.3. This valueof Z is anad-
justableparametemwhosevalue was chosento positionthe curve
just above the symbolsin thevicinity of n = 16. Thus,for agiven
valueof n closeto 16, ary value of m above this curve is signifi-
cant,andtherearefew if ary significantvaluesof m thatare not
above the curve. Becausemaximal sggmentanalysisefficiently
finds combinationsof n and m above a straightline, we usethe
tangentat n = 16 tripletsasthe beststraight-lineapproximationof
the curve. In generalthe equationof thetangentine atn = ng to
the curve for Z standardleviationsabove randomis

m=an+b (6)
where
a= p+§ E—g (7)
and
b= 2 /fopa ®)

All pointsabove this line aresignificant,andin thevicinity of n
=16, few if ary significantcombination®f n andm aremissed.If
M is the scoreassignedo triplets encodingidenticalaminoacids,
thenascoringschemébasedn this tangentine musthave ascore
for differingaminoacids(N) givenby

9)
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Figure2: Constructionsisedin the derivationof comparatie scoresusedby CRITICA
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Becaus® < a< 1, it followsthata—1< 0, andN is negative.

All thatremainssto choosehemagnitudeof M (or N). First,we
choosean arbitrary relatively large value of M, computethe cor-
respondingvalue of N andthencalculatethe Karlin and Altschul
(1990)parametel for ascoringschemeof only two possibleout-
comes:scoreM with probabilityp andscoreN with probability 1 —
p. Up to this point, tripletswith one,two andthreenucleotidedif-
ferenceqfor a givenng) have beenanalyzedndependentlythere
arethreevaluesof M andN, andtheresultingthreevaluesof A. Be-
cause\ is inverselyproportionalto the magnitudesof M andN, it
is straightforvardto adjustthe magnitude®f the scorego give ap-
proximatelyequalvaluesof A, while maintainingsuficiently large
scorego avoid large round-of errorswhencorvertingM andN to
integers. We found it usefulto adjustthe scoressothateachA =
0.015.The completeprocessvasperformedfor ng = 8,16, 32,64
and128,andtheresultingvaluesof M andN areenteredn table2.
All subsequengvaluationsof high-scoringseggmentsuseonly the
valuesof the scoresthey areindependenbf the calculationsof A
andary simplifying assumptionsnadein this appendix.
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