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Abstract. Consensussequencesre widely usedin molecular biology but they
have many aws. As aresult,binding sitesof proteinsand other moleculesare missed
during studiesof geneticsequencesand important biological effectscannotbeseen.In-
formation theory providesa mathematically robust way to avoid consensusequences.
Instead of using consensusequencessequenceonseration canbe quantitati vely pre-
sentedin bits of information by using sequencdogo graphicsto representthe average

of a setof sitesand sequencewvalker graphicsto representindividual sites.

“All modelsarewrongbut someareuseful”
— GeogeE. P. Box (Box, 1979)

How to be sure to make a mistake. Genesarecontrolledby proteinsthatbind
to speci ¢ spotson the DNA sequence Molecularbiologistsoften representhe patterns
at thesespotsby usinga consensusequence.For example,after aligning somebinding
sitessothatthey matcheachother onepositionmight contain70%adenine 10%cytosine,
10% guanine and 10% thymine. The consensuss the mostfrequentbase, A'. Thisis the
simplest(andpossiblythemostcommonlyapplied)approachbut therearealternatves(Day
& McMorris, 1992).Variouskindsof consensusequenceommonlyfoundin themolecular
biology literaturewill be consideredere,while the controversyover the useof consensus
treesusedin phylogenetianference(Barrettetal., 1991;Nelson,1993;Barrettetal., 1993;
deQueiroz,1993)will notbecovered.

Themaindif culty with usingconsensusequenceis thatthey presentlistortedpictures

of bindingsites.In orderto locatenew bindingsites,consensusequencearecomparedo
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variouslocationsin a sequenceandthe numberof matchesds tallied. A dif culty arises
because positionthatis alwaysan A" in the original setis treatedthe sameasa position
thatis just 70% A. If we think thata positionhasA, thenwhenwe usethis obsenation
to look for additionalbinding sites,we will nd mismatchedor 30% of the acceptable
sequencesThis problemis compoundedcrossthe entire binding site, which may be 20
or even 40 basedong (Schneider1996; Zhenget al., 1999). For example,a commonly
cited consensusequencés TA[TAA [T (Lewin, 1997),which representshe 10 region of
bacterialpromotersoriginally discoveredby David Pribnov (1975). The mostprominent
basedor theboxedpositionsareonly 49%,58%,and54%respectiely (Lisser& Margalit,
1993).1f onedemandshatasitehave all of theconsensubasespne nds only 14 TATAAT
sequencesut of 291 sequence the database.To deal with this, peopleoften count
mismatcheshut it is not obvious from the simple consensusvhich basesare allowed to
be morevariable. Sometimesvariationssuchasallowing C or G areindicatedbut, again,
the degreeof allowed variationis lost. It is not surprisingthen,that consensusequences
frequentlyfail to identify bindingsitesor thatthey predictsiteswheretherearenone.
ConsensusequencebBave otherseriougproblemsmary of which arerevealedby using
informationtheoryto measurghe amountof conserationin bits. In a setof alignedbind-
ing sites,a DNA positionthatis alwaysanA staysthatway during evolution becausehe
moleculethatbindsto it alwaysselectsA from the four possiblebaseqSchneider2000).
Sucha selectioncanbe madewith a minimum of two yes-noquestions:’Is it in the setA
or T?" andIs it in the setA or C?', sothe selectiontakestwo bits of information,oneto

answereachquestion. Likewise, a positionthatis eitherA or T only requiresoneyes-no
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guestion— the otheronebeingignored— so hasonebit of sequence&onseration. The
late ClaudeShannongured outhow to consistentlyneasurehe averageinformationwhen
thefrequenciesarenotsosimple(Shannon1948;Schneideetal., 1986;Schneiderl995).
One canplot the sequenceonseration acrossall positionsin the setof alignedbinding
sites.This continuougjuantitatve measureftenfollows asinewave, re ecting thebinding
of a proteinto onefaceof helically twisting B-form DNA (Pappet al., 1993; Schneider
1996;Schneider2001). This subtleeffect cannotbe seenby usingconsensusequences.
A Paradox: How can two things be the samebut different? Intrigu-
ingly, the binding sitesfor humansplice junction donorand acceptorsiteshave the same
consensusequencédor a portion of eachsite aroundthe junction. Yet, whenwe measured
the sequenceconseration in bits we found that the information curves are quite differ-
ent(Stepheng Schneiderl992). How couldtwo siteshave the sameconsensusequence
but be different?This conundrumed usto introducea computergraphic,calledasequence
logo, in orderto understandhedifference(Fig. 1). A logo depictsanaveragepictureof the
setof binding sitesby a seriesof stacksof letters. The heightof eachstackis the sequence
consenration (measuredn bits of information; the vertical black bar at eachjunctionis 2
bits high) andthe heightsof thelettersshav therelative proportionsof the basessortedso
thatthe more frequentbasesare on top. Fromthe logosshawn, it is clearthat the donor
andacceptositeshave different’emphasis'but this cannotbe seenwith the consensuse-
quenceCAG GT, which matcheshoth of themat the junction. The differencein emphasis
is importantbecausé shavsthatthereis moreinformationon theintron sideof eachjunc-

tion. Thisallows morefreedomduringthe evolution of the protein-codingexon side,which

Figl
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is a biologically sensibleresult. The resemblancéetweerthe two junctionssuggestshat
the splicemachinerythatbindsto donorsandacceptordhiave acommonancestofStephens
& Schneiderl992).

Walking alongthe genome Onecandepictindividual sitesusinganothergraphic
calleda sequencavalker, in which the heightof a letter above or belov zeroshavs how
muchthat basecontributesto the averagesequenceonsenration of the entirecollectionof
sitesshawn in thelogo (Fig. 2) (Schneiderl997; Schneiderl997a). Insteadof counting
matcheso a consensuspne sumsthe information contritutions for a given sequenceo
obtainthe informationfor anindividual binding site. (The Shannonnformationmeasure
is uniquein thatit is the only measurehat allows addition for statisticallyindependent
componentgShannon,1948). Generally binding site basesareindependen{Stephens
Schneiderl992).)

Sequenceavalkerscanbe steppedilongthe sequencéhencethe name)to discover posi-
tionsthatmatcha particularmodel,andone canpredictwhetheror not a sequencehange
will destry the site and causea geneticdiseasgRoganet al., 1998). In the caseshown,
splicingis normallyaccomplishedisinga 12.7 bit acceptomat position5154. Nearby how-
ever, is an8.9bit “cryptic' acceptoithatis not usedapparentlybecausehe strongessitein
ary local region normally wins the competitionfor splicefactors. An A to G mutationat
5153destrgs the normal site, makingit 4.5 bits while simultaneouslyraisingthe cryptic
siteto 16.5bits. Thisresultsin a singlebaseframeshift, thelossof the protein,andHunter
diseaseCasedike this aredif cult to understandisingconsensusequencebecausesites

are affectedby all of their partsand quantitatve differencesare missed. Using informa-

Fig 2
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tion theoryand sequenceavalkerswe have interpretedabout100 mutationsin two human
workdays(the computertime is only a few seconds).

Statistical effectsof making a consensus.The overall strengthof a binding
siteis found by summingthe individual bit contritutions. A distribution of thesestrengths
is roughly Gaussiarandshaws that mostnaturalbinding siteshave muchlessinformation
thantheconsensusequencé¢Schneiderl997a). Thestrictconsensuévhereonly the most
frequentbaseis used)is the strongesipossiblebinding site andis on the far high end of
thedistribution. For example,only onein 270 acceptorsitesmatcheghe strict consensus.
For this reasonit is generallyinappropriateo saythatonehasa consensusinding site at
such-and-such positionon asequence.

As mentionedearlier using consensusequenceso nd binding sites by counting
mismatchescan lead to errors. How doesthis compareto the information theory ap-
proach? If matchesto the consensusare assignedto have 1 unit and mismatches0)
units, thenthe total countis aninteger. In contrast,the information theory weightsare
2 log, basefrequeny asmall-sampleorrection, which includesthe real numbers.
Summingthe information theory weights gives continuousresults, while counting mis-
matcheggivesblocky resultsthatwill oftenbe off the mark. The commonlyused percent
identity' betweertwo sequencesuchasproteinsjs awedfor thesamereasons.

Sometimegountingmatcheor mismatchesangive resultsoppositeto theinformation
measureveightssothata basen asite couldhave amismatchio theconsensuandyetthat
basecouldcontributepositive information. For example for a positionthathas60%A, 30%

T, 5% G, and5% C theconsensubases A by two-fold, andyetaT in anindividualbinding
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sitewould contritute2 1og,030 0 26 bits. Only by notingthetotal distribution canwe
learnthatthe T contributespositively to the information. A relatedeffect thatis hidden
by a consensuss that the diversity of the lessfrequentbasesaffects the total sequence
consenration. For example,a positionwith 70% A, 30% T, 0% G, and0% C has1.12bits
of consenration, but a positionwith 70% A and10%for eachof C, G andT hasonly 0.64
bits. The consensufor bothcasesA, doesnotdistinguishbetweerthese.

Whenthereare very few sequencesstatisticalartifactscrop up. Eveniif theres no
informationin the set,it canlook like thereis. For example,if one hasonly 6 random
sequencepnewill frequentlyobsene positionsthat have 50% or more of onebase. If,
asis commonlydone,oneuses0% asthe cutoff for writing the consensubase thenone
cangetthefalseimpressiorthatthereis prettygoodsequenceonseration. In theexample
showvn in Fig. 3, 25 of 41 positionswould be identi ed as consered' even thoughthe
sequencewererandomlygenerated!in general26 3 of the41 positionsin 6 randomly
generatedgequencewould be markedasthe consensus.

Missing the treesin the data forest. As aresultof countingmismatcheso a
consensud is possibleto entirely missa binding site. One of the moststriking examples
is a Fis sitein the tgt/secpromoterof E. coli (Fig. 4). We carefully collected60 sequences
shonvn by DNasel footprinting to be boundby Fis, usedinformationtheoryto maximize
the information contentof the alignment(Schneide& Mastronarde1996)andproduced
a modelof how Fis binds(Hengenet al., 1997). The modeldid a goodjob of predicting
whereFis bindsin theoriginal footprint regions. However the modelalsopredicteda sitein

tgt/secthatwasnot notedby the original authors.Surprisingly four piecesof datasupport

Fig 3

Fig 4
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theexistenceof aFissitecenteredatposition 73relativeto thestartof transcriptionSlary
& Kersten1992):
1. Fis ofteninducesDNasel hypersensitie phosphatestheseare seenbetweenbases
53and 50, correspondingo theFis siteatposition 58. In additiontherearehypersen-
sitive positionsbetween 80and 78,which correspondo the siteshovn by thewalker at
73.

2. The5 endof theoriginal DNasel footprintswasnotwell determinedbut couldhave
extendedo covertheFissiteat 73.

3. Gelmobility shiftassayshovedtwo bandshiftswhentheentireregionwasused,one
bandshift whentheregion 5 to the corveniently(!) placedClal site wasremoved (which
would eliminatethe proposed-is site)andnonewhenbothwereremoved.

4. Assayswith thesesamenestedDNAs shovedthatboth sitesactivatetranscription.

The authorswere aware that therewas a secondbinding site, but placedits location
someavherein the 69 basesupstreanof the Clal site. Why did they missthe site? Two
positions(indicatedby arrows in the gure) did not matchthe “accepted'consensuse-
quence(Hubner& Arber, 1989). The consensusnethodgave thesepositionsfar more
weightthanwasappropriateTheinformationfor thesiteat 73is 10.8bits,whichis 2 bits
morethanthe average.To determingaf thereis really a site there,we performeda gel shift
experimentusinga DNA containingonly the proposed-is siteat 73 andshovedthatthe
sequenceés indeedboundby Fis (Hengenet al., 1997). Becausdhe consensusequence
failedto predicta sitethathadbeendocumentedxperimentally thatsite couldnotbe seen,

andto thescientistgt did notexist (Kuhn,1970).
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A morecritical exampleis in the hMSH2 gene,which is associatedvith familial non-
polyposiscolon cancer(Rogan& Schneider1995). A "T' to "C' transitionoccurredat
position 5 of anacceptorsite andthis changewas proposedo be the causeof the dis-
ease(Fishel et al., 1993). Inspectionof the logo in Fig. 1 shaws that the consensust
position 5 (basezerois justto theleft of theverticalbar, the rst baseontheintronside)is
aT, but thatcloseto half of thebasesn the polypyrimidine tractareC. Whenthetransition
is made theindividual informationchangedy only 0.2 bits, whichis not signi cantly dif-
ferent. A studyof 20 normalpeoplefoundthatonly 2 hadthis changgLeachetal., 1993),
sothechangds a polymorphismunrelatedo thedisease.

Why did this potential ' misdiagnosishappen?We supposehat T wastakento be the
consensusequenceGiventhis, onewould interpretany changefrom thatconsensugo be
detrimental.In thiscaseéheconsensusequencgassorigid thatit couldnothandleasubtle
changeanda site disappearedrom the scientists view eventhoughit wasstill functional.
As DNA sequencingechnologiesbecomewidely available to doctors,this situationwill
comeup repeatedlySeriousmalpracticesuitscouldoccurasaresultof usingtheconsensus
model.

Flipping the light on to seean unseenworld. Two recentlypublishedex-
amplesdemonstratsomeof theinterestingbiology thatonecanmissby usinga consensus
sequenceThe rst exampleis the RepAbindingsite (Fig. 5). The sinewave overthelogo
representshe twist of B-form DNA. The crestsof the wave representhe proteinfacinga
major groove andthe troughsrepresenthe proteinfacinga minor groove. Experimental

dataindicatethatthe majorgroove sidesof Gsat positionsl and12 (blackdots)arefacing

Fig5
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the protein,while the major groove sidesof thosebasepairsat positions6 and8 (opencir-
cles)arefacingaway from the protein(Pappetal., 1993). Hydroxyl radicalandethylation
interferencalataalsosupporthis assignmenandindicatethatRepAbindsto only oneface
of theDNA (Papp& Chattoraj,1994).

RepA andotherDNA binding proteinsshov sequenceonseration up to 2 bits where
they contactthe major groove andonly 1 bit wherethey facea minor groove (Pappetal.,
1993; Schneider2001). The upperboundof 2 bits is achiezable becausall 4 basescan
be distinguishedusingcontactsn the majorgroove (Seemaret al., 1976). In contrastthe
minor groove of B-form DNA is essentiallysymmetricandcanonly provide up to 1 bit of
sequenceonseration.

Intriguingly, asseenin Fig. 5, RepAviolatesthis rule atpositions 7and 8 wherethe
proteinfacesa minor groove (Pappetal., 1993). Theviolation impliesthatthe DNA is not
B-form. To understandhis anomaly we substitutecda variety of chemicallymodi ed base
pairsatposition 7 (anditscomplement 7 ) andfoundthattheN3 protononthethymineis
responsibldor contactingRepAthroughtheminorgroove (Lyakhov etal., 2001).Sincethe
N3 protonis normallysequestereih the centerof the DNA helix, the DNA mustindeedbe
distorted,aspredictedfrom the sequencéogo. Furthermorethe acceptableontactpoints
for hydrogenbondingvary by severalangstromsnorethananH-bondcouldwithstandin a
rigid structure suggestinghatthe basemay rotatetowardsthe minor groove for bindingto
occur In otherwords,theT at 7 maybe " ipping' outof the DNA.

Base ipping wasdiscoveredby Rich Robertsn the co-crystalof theHhal methyltrans-

ferase(Roberts,1995; Roberts& Cheng,1998). This solved a puzzleof how thatenzyme
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functions,sincethe chemistryof methylationrequiresattackfrom above or below the plane
of thebase.Suchanattackis notpossiblansidetheDNA helix. TheHhal methyltransferase
solvesthe problemby ipping the baseout of the helix andinto a pocket of the enzyme.
OtherDNA modi cation proteinsalso ip baseqChengetal., 1993;Klimasauskast al.,
1994;Verdine, 1994;Reinischetal., 1995).

Why would RepAbe ipping a base?RepAis usedby the bacteriophag®1 plasmid
for DNA replication(Abeles,1986; Abeleset al., 1989). DNA replicationrequiresthat
the helix be openedbeforesynthesisanbegin. The rst stepof this processvould be the
bindingof RepAto theDNA. A very simplesecondstepwould bethe ipping of abaseout
of the DNA, sinceDNA “breathing'occursnaturallyon a millisecondscale(Guéronetal.,
1987;Leroy etal., 1988). If thethymineat 7 ips, is capturedandthenheldout of the
DNA helix by RepA,wealenedstackingcouldallow theremaindeiof the DNA to bemore
easilyopenedoy a DNA helicase.

Sequencéogosof otherDNA replicationproteinbinding siteshave similar anomalies
(Schneider2001),suggestinghatbaseipping maybeageneralmechanisnfor thesecond
stepof DNA replication.

How is thisrelatedto consensusequencesPheconsensusequencéor RepAsitescan
bedeterminedy readingthetop lettersof thesequencéogo (Fig. 5) becausehelettersare
sortedsothatthe mostfrequentbaseas ontop. One nds: 5 ATGTGTGCTGGAGGGAAA
3. By viewing the binding site throughthe restrictve glasse®f a consensusequencethe
unusuabasebecomesndistinguishabldrom the otherbases!

A secondxampleis the TATAAT sitesmentioneckarliet for whichthesequencéogois
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showvnin Fig. 6. Thelogoshowvsthatthereis muchlowersequenceonserationin positions

10, 9and 8thanin positions 12, 1land 7, butthelow region is signi cantly
above backgroundsincethe error barsare so small. (Contrastthesetiny error barsto the
onesin Fig. 3 andFig. 5, wheretherearefewer sites.) The DNA region openedby RNA
polymerasestraddleshe gap, leaving a highly consered T at 7 nearthe5 edgeof the
openedregion. We proposethat 7 is the rst baseopenedduring RNA transcriptional
initiation, and a reasonablylarge body of experimentalevidencesupportsthis hypothesis
(Schneider2001). As with RepA sites,the unusualthymineis obscuredf one usesthe
consensusequence.

Just sayno! We canexpressa consensusequencén bits andso quantify the effect
of makingone. Eachuniquebase(A, C, G or T) of a consensusountsas 2 bits. When
two variationssuchasC or G areallowed (e.g. Fig. 3) we count1 bit; thereis, of course,
no small-sampleorrection.3 basesvould countas2 log, 3 (Schneideetal., 1986),and
4 baseqN) would be zero. Plotting the total informationof eachsequencéogo shovn in
this paperagainstthis “consensugnformation' we obtain Fig. 7 (summarizedn Table 1

). The gure shaws thatthe consensuss alwayslarger thanthe informationcontent,even

drasticallyso. However, the consensusouldbetwealed(in individual casespy arbitrarily 1

playing aroundwith the rules(Day & McMorris, 1992)to reducethe numberof bits. But
all thetweakingin theworld will never give the properweightsbecause¢hefrequenciesre
alwaysroundedo obtaina consensusequenceTheexampledn this papershav thatwhen
facedwith the prospecbf usinga consensusequenceye should'just sayno'.

Models and Illusions. Onesometimeseadsabouthow aparticularDNA sequence

Fig 6

Fig 7

Table
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hasa consensusequencat such-and-such position(Robbersoretal., 1990). Thususing
consensusequencesasled thesebiologistsinto a philosophicaltrap: confoundingthe
modelof reality (the consensusequenceyvith reality (the bindingsites).Eventheoriginal
title of our paperon sequencéogosre ects our initial confusionon this issue(Schneider
& Stephens1990). Logosandwalkerslet us seemore deeplyinto the geneticstructure,
revealingthe detailsof sitesandhow mutationswork. But no matterhow sophisticatedve
arein depictingthe patternsat binding sites,all we have are models. Logosandwalkers
are clearly betterthan consensusequencegand can replacethem completely),but they
arestill only representationsf the universe out there' (Box, 1979). It is surprising,then,
thatscientistdorgetthis andtreatthe consensuasreality. The effect wasunderstoodnore
than30 yearsagoby ThomaskKuhn: oncea paradigmis formedit occludesotherwaysof
thinking and moldsthe way scientistsperceve the world (Kuhn, 1970). Yet a consensus
canno more be 'in' a DNA sequencehan the meaningof thesewordsis on the page.
Thesewordsareinterpretationsn your mind; the pageonly hassomedisconnectedblack
squiggles. Oneway to seethis is to considerthe perennialmyth of a faceon Mars that
appearsn Americantabloid magazinesWhetheror not thereis afaceon Mars, mostof us
have seenfacesin clouds. Are therereally facesthere? Evidently not. Experimentswith
sheepand monkeys have identi ed neuronsthat becomeexcited whena faceis presented
in thevisual eld (Kendrick& Baldwin, 1987). Sofacesin clouds,words,andconsensus
sequenceareall constructsn our brains. Strangerstill, the wordsmay not be therewhen
you perceve themsinceneuralimpulsestake 300 millisecondsto travel from your eye to

your brain (Rager& Singer 1998), where,after another80 milliseconds,they are nally
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perceved(Eaglemar& Sejnavski, 2000).All thatwe see hear feel, smell,touch,andtaste

is delayed sothe entirepercevedworld is amodelin our minds. Opticalillusions remind

us,andZenmastersinderstoodthateverythingis illusion (Punesetal., 2002).
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human splice donors
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INTRON human splice acceptors
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consensus: CAG|GT -\

3¢

Figure 1: Sequencdogos (Schneider& Stephens1990)for humandonor and acceptor
splicejunctions(Stephen# Schneiderl992)comparedo theconsensusequencéor both

sites.Source:Adaptedfrom (Stepheng Schneiderl992).
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*5130 * *5140 * *5150 Y * *5160 *
5 tttt ttttttttttt t t tt t 3
I .. exon 4
e ity ) ( acceptor 8.9 bits @ 5153
()
e YIS PR PR syt U acceptor 12.7 bits @ 5154
*5130 * *5140 * *5150 v * *5160 *
5 tttt ttttttttttt t t tt t 3
————————————————————————————— .. exon 4
— |

B ( acceptor 16.5 bits @ 5153

iy PR ) acceptor 4.5 bits @ 5154

Figure2: Sequenceavalkers(Schneiderl997) for ahumanacceptositein theiduronidase
synthetasgeneanda mutation(indicatedby anarrav). On the top sequencethe normal
endof exon 4 is showvn by a braclet anddashedine. Theverticalrectangleon a sequence
walkeris the "zerobase'usedto identify thelocationof thewalker. Theverticalrectangles
alsoindicatea scalefrom 3to 2 bits. A 12.7bit acceptoat5154directssplicingto the

correctlocation. Source:Adaptedfrom (Roganetal., 1998).
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6 random sequences

1 t ot tt t tt

2 t at tct tt t

3 togctogct tcct ttt tt tt

4 totott tcatatogtttt tct

S tcogtattcct taatctattt t t
6 t t agt gct t togattct

bits
=

| |
%ﬁ%%ﬁmMJ%HHH%Hﬂﬁl%l%

NSCNGNNNNAGTNNNACTNTANGATTTNCNANATTCAANCN

w

¢

@

Figure3: Sequencéogo for randomsequences.
Error bars,shovn by | beams,indicate one standarddeviation of the stackheight. Note
thata small-samplecorrection(Schneideret al., 1986) suppressethe stackheightso that
a positionsuchas 19, whichis 50% C and50% G, is lower than1 bit. The correction
is neededo countera statisticalbiasthat causesan appareninformationto appeamwhen
onesubstitutegrequenciedor probabilitiesin Shannors equation(Schneideetal., 1986;
Miller, 1955;Basharin,1959). The sameeffect makesonetendto seepatternsvherethere
arenone.Theconsensusequencen the bottomwaschoserfrom positionsthathave 50%

or moreof onebase.Sis thetwo-lettercodefor C or G.
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M37702, tgt/sec promoter

*-80 * *-70 * *-60 * *-50 *
5 t t tt t tt t tt t t 3
R R R R | reported  footprint
»»»»»»»»»»»»»»»»»»»»»»»»»»»»»»»»»»»»»»»»»»»»»»»»»»»»»»»»»»»»»»»»»»»»»»»»» | possible  footprint

A N DNasel hypersensitive A~ N DNasel hypersensitive
AR ] Clal
t . Fis 10.8 bits
tt N t . Fis 12.7 bits
“accepted' GNNYRNNANNYRNNC
concensus: T T A

Figure 4. Region upstreamof the tgt/secpromoterof E. coli analyzedby Fis sequence
walkers. Theinformationfor eachFis sitewascomputedrom modelsthatare21 basesvide
( 10to 10)butonlytherange 7to 7 isshowvn by walkers. The sinewavesrepresent
major (peaks)andminor (valley) groovesfacedby the Fis protein. Source:Adaptedfrom

(Schneiderl99m).
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14 P1 RepA binding sites

3¢

Il 1
&%@£L¥ﬁOﬂwmvﬁg“wma:aa§£8i££
° o o °

consensus: ATGT GT GCTGGAGGGAAA

Figure5: Sequencéogo for RepAbindingsites.
Error barsindicate standarddeviations of the entire stackheight. Source: Adaptedfrom

(Schneider2001).
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Figure6: Sequencéogo for the 10regionof E. coli promoters.
The promoterswere from the LisserMargalit databas€Lisser & Margalit, 1993). The
dashedandsolid boxesshow theregionsopenedoy the polymerasewhile thearrov showvs

the startpointsof transcription.Source:Adaptedfrom (Schneider2001).
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Rseqguence, bits
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Figure7: ConsensusersusRsequence
Theinformationfor the5 sequencéogosin gures 1,3, 5, and6 wasgraphedy comparing
theinformationcontent(Rsequency to theinformationcontentof the correspondingonsen-
sussequence RsequencdS the averageinformationin a setof binding sites. It is alsothe
summedareaunderthe sequencéongo. Theline at45 representgqualitybetweerthetwo

measuresThedataaresummarizedn Tablel.
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Name Rs
bits
donor 7.9

acceptor 9.3

random 0.3
repa 245
-10 5.2

SD CON
bits bits
0.0 16
0.0 29
2.0 49
0.6 36
0.0 12
Tablel

Consensus From
NAGGTAAGTN -3
NNNNNNNNNNNTTTTTTTTTYTNCA GGN -25
NSCNGNNNNAGTNNNACTNTANGATTTNCN ANATTCAANCN -20
ATGTGTGCTGGA GGGAAA -1
TATAAT -12

. Rsequenc@@ndconsensusformationfor sequencéogos.

To

+6

+2

+20

+16

-7

28

Rs is Rsequence SD is the standarddeviation of Rs (to one decimal place); CON

is the consensusinformation.

From and To.

The range of the site used is shovn in columns

The lowest frequeng for using a base in each consensuswas

0.4 and the consensuswas computed using the program consensus(version 1.16,

http://lwww.lechncifcrf.gov/"toms/delila/cosensus.tml).



