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Abstract. Consensussequencesare widely usedin molecular biology but they

havemany �aws. As a result,binding sitesof proteinsand other moleculesare missed

during studiesof geneticsequencesand important biological effectscannotbeseen.In-

formation theory providesa mathematically robust way to avoid consensussequences.

Insteadof usingconsensussequences,sequenceconservation canbequantitati vely pre-

sentedin bits of information by using sequencelogo graphics to representthe average

of a setof sitesand sequencewalker graphics to representindividual sites.

“All modelsarewrongbut someareuseful.”

— GeorgeE. P. Box (Box, 1979)

How to be sure to make a mistake. Genesarecontrolledby proteinsthatbind

to speci�c spotson the DNA sequence.Molecularbiologistsoften representthe patterns

at thesespotsby usinga consensussequence.For example,after aligning somebinding

sitessothatthey matcheachother, onepositionmight contain70%adenine,10%cytosine,

10%guanine,and10%thymine. Theconsensusis themostfrequentbase,̀A'. This is the

simplest(andpossiblythemostcommonlyapplied)approach,but therearealternatives(Day

& McMorris,1992).Variouskindsof consensussequencecommonlyfoundin themolecular

biology literaturewill beconsideredhere,while thecontroversyover theuseof consensus

treesusedin phylogeneticinference(Barrettetal., 1991;Nelson,1993;Barrettetal., 1993;

deQueiroz,1993)will notbecovered.

Themaindif�culty with usingconsensussequencesis thatthey presentdistortedpictures

of bindingsites.In orderto locatenew bindingsites,consensussequencesarecomparedto
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variouslocationsin a sequenceand the numberof matchesis tallied. A dif�culty arises

becausea positionthat is alwaysan`A' in theoriginal setis treatedthesameasa position

that is just 70% A. If we think that a positionhasA, thenwhenwe usethis observation

to look for additionalbinding sites,we will �nd mismatchesfor 30% of the acceptable

sequences.This problemis compoundedacrossthe entirebinding site, which may be 20

or even 40 baseslong (Schneider, 1996; Zhenget al., 1999). For example,a commonly

citedconsensussequenceis TA TAA T (Lewin, 1997),which representsthe � 10 region of

bacterialpromotersoriginally discoveredby David Pribnow (1975). The mostprominent

basesfor theboxedpositionsareonly 49%,58%,and54%respectively (Lisser& Margalit,

1993).If onedemandsthatasitehaveall of theconsensusbases,one�nds only 14TATAAT

sequencesout of 291 sequencesin the database.To deal with this, peopleoften count

mismatches,but it is not obvious from the simpleconsensuswhich basesareallowed to

be morevariable. Sometimesvariationssuchasallowing C or G areindicatedbut, again,

the degreeof allowedvariationis lost. It is not surprisingthen,that consensussequences

frequentlyfail to identify bindingsitesor thatthey predictsiteswheretherearenone.

Consensussequenceshaveotherseriousproblems,many of whicharerevealedby using

informationtheoryto measuretheamountof conservationin bits. In a setof alignedbind-

ing sites,a DNA positionthat is alwaysanA staysthatway duringevolution becausethe

moleculethatbindsto it alwaysselectsA from the four possiblebases(Schneider, 2000).

Sucha selectioncanbemadewith a minimumof two yes-noquestions:̀ Is it in thesetA

or T?' and`Is it in the setA or C?', so the selectiontakestwo bits of information,oneto

answereachquestion.Likewise,a positionthat is eitherA or T only requiresoneyes-no
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question— the otheronebeingignored— so hasonebit of sequenceconservation. The

lateClaudeShannon�gured outhow to consistentlymeasuretheaverageinformationwhen

thefrequenciesarenotsosimple(Shannon,1948;Schneideretal., 1986;Schneider, 1995).

Onecanplot the sequenceconservation acrossall positionsin the setof alignedbinding

sites.Thiscontinuousquantitativemeasureoftenfollowsasinewave,re�ecting thebinding

of a protein to onefaceof helically twisting B-form DNA (Pappet al., 1993; Schneider,

1996;Schneider, 2001).Thissubtleeffect cannotbeseenby usingconsensussequences.

A Paradox: How can two things be the samebut differ ent? Intrigu-

ingly, the binding sitesfor humansplicejunction donorandacceptorsiteshave the same

consensussequencefor a portionof eachsitearoundthejunction. Yet, whenwe measured

the sequenceconservation in bits we found that the information curves are quite differ-

ent(Stephens& Schneider, 1992).How couldtwo siteshave thesameconsensussequence

but bedifferent?Thisconundrumledusto introduceacomputergraphic,calledasequence

logo, in orderto understandthedifference(Fig. 1). A logodepictsanaveragepictureof the � Fig 1

setof bindingsitesby a seriesof stacksof letters.Theheightof eachstackis thesequence

conservation (measuredin bits of information; the vertical black bar at eachjunction is 2

bits high) andtheheightsof thelettersshow therelativeproportionsof thebases,sortedso

that the morefrequentbasesareon top. From the logosshown, it is clear that the donor

andacceptorsiteshave different`emphasis',but this cannotbeseenwith theconsensusse-

quenceCAG
�

GT, which matchesbothof themat the junction. Thedifferencein emphasis

is importantbecauseit showsthatthereis moreinformationon theintronsideof eachjunc-

tion. Thisallowsmorefreedomduringtheevolutionof theprotein-codingexonside,which
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is a biologically sensibleresult. The resemblancebetweenthe two junctionssuggeststhat

thesplicemachinerythatbindsto donorsandacceptorshavea commonancestor(Stephens

& Schneider, 1992).

Walking alongthe genome.Onecandepictindividualsitesusinganothergraphic

calleda sequencewalker, in which the heightof a letter above or below zeroshows how

muchthatbasecontributesto theaveragesequenceconservationof theentirecollectionof

sitesshown in thelogo (Fig. 2) (Schneider, 1997b; Schneider, 1997a). Insteadof counting � Fig 2

matchesto a consensus,onesumsthe informationcontributions for a given sequenceto

obtainthe informationfor an individual binding site. (The Shannoninformationmeasure

is uniquein that it is the only measurethat allows addition for statisticallyindependent

components(Shannon,1948). Generally, binding site basesareindependent(Stephens&

Schneider, 1992).)

Sequencewalkerscanbesteppedalongthesequence(hencethename)to discoverposi-

tionsthatmatcha particularmodel,andonecanpredictwhetheror not a sequencechange

will destroy the site andcausea geneticdisease(Roganet al., 1998). In the caseshown,

splicingis normallyaccomplishedusinga 12.7bit acceptoratposition5154.Nearby, how-

ever, is an8.9bit `cryptic' acceptorthatis not usedapparentlybecausethestrongestsite in

any local region normally wins the competitionfor splicefactors.An A to G mutationat

5153destroys the normalsite, makingit 4.5 bits while simultaneouslyraisingthe cryptic

siteto 16.5bits. This resultsin asinglebaseframeshift, thelossof theprotein,andHunter

disease.Caseslike this aredif�cult to understandusingconsensussequencesbecausesites

areaffectedby all of their partsandquantitative differencesaremissed. Using informa-
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tion theoryandsequencewalkerswe have interpretedabout100 mutationsin two human

workdays(thecomputertime is only a few seconds).

Statistical effectsof making a consensus.The overall strengthof a binding

site is foundby summingthe individual bit contributions. A distribution of thesestrengths

is roughlyGaussianandshows thatmostnaturalbindingsiteshave muchlessinformation

thantheconsensussequence(Schneider, 1997a). Thestrict consensus(whereonly themost

frequentbaseis used)is the strongestpossiblebinding site and is on the far high endof

thedistribution. For example,only onein 270acceptorsitesmatchesthestrict consensus.

For this reasonit is generallyinappropriateto saythatonehasa consensusbindingsiteat

such-and-suchapositionon asequence.

As mentionedearlier, using consensussequencesto �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, then the total count is an integer. In contrast,the information theory weightsare

2 � log2 �

basefrequency �	�

�

asmall-samplecorrection� , which includesthe real numbers.

Summingthe information theory weights gives continuousresults,while countingmis-

matchesgivesblocky resultsthatwill oftenbeoff themark. Thecommonlyused`percent

identity' betweentwo sequences,suchasproteins,is �a wedfor thesamereasons.

Sometimescountingmatchesor mismatchescangiveresultsoppositeto theinformation

measureweightssothatabasein asitecouldhaveamismatchto theconsensusandyet that

basecouldcontributepositiveinformation.For example,for apositionthathas60%A, 30%

T, 5%G,and5%C theconsensusbaseis A by two-fold,andyetaT in anindividualbinding
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sitewouldcontribute2 
 log20 � 30 � 0 � 26bits. Only by notingthetotal distributioncanwe

learn that the T contributespositively to the information. A relatedeffect that is hidden

by a consensusis that the diversity of the lessfrequentbasesaffects the total sequence

conservation. For example,a positionwith 70%A, 30%T, 0% G, and0% C has1.12bits

of conservation,but a positionwith 70%A and10%for eachof C, G andT hasonly 0.64

bits. Theconsensusfor bothcases,A, doesnotdistinguishbetweenthese.

When thereare very few sequences,statisticalartifactscrop up. Even if there's no

information in the set, it can look like thereis. For example,if one hasonly 6 random

sequences,onewill frequentlyobserve positionsthat have 50% or moreof onebase. If,

asis commonlydone,oneuses50%asthecutoff for writing theconsensusbase,thenone

cangetthefalseimpressionthatthereis prettygoodsequenceconservation. In theexample

shown in Fig. 3, 25 of 41 positionswould be identi�ed as `conserved' even thoughthe 
 Fig 3

sequenceswererandomlygenerated!In general,26 � 3 of the41 positionsin 6 randomly

generatedsequenceswouldbemarkedastheconsensus.

Missing the tr eesin the data forest. As a resultof countingmismatchesto a

consensusit is possibleto entirelymissa bindingsite. Oneof themoststriking examples

is a Fis site in thetgt/secpromoterof E. coli (Fig. 4). We carefullycollected60 sequences 
 Fig 4

shown by DNaseI footprinting to be boundby Fis, usedinformationtheoryto maximize

the informationcontentof the alignment(Schneider& Mastronarde,1996)andproduced

a modelof how Fis binds(Hengenet al., 1997). The modeldid a goodjob of predicting

whereFisbindsin theoriginal footprint regions.However themodelalsopredictedasitein

tgt/secthatwasnot notedby theoriginal authors.Surprisingly, four piecesof datasupport
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theexistenceof aFissitecenteredatposition � 73relativeto thestartof transcription(Slany

& Kersten,1992):

1. Fis often inducesDNaseI hypersensitive phosphates;theseareseenbetweenbases

� 53and � 50,correspondingto theFissiteatposition � 58. In additiontherearehypersen-

sitivepositionsbetween� 80and � 78,whichcorrespondto thesiteshown by thewalkerat

� 73.

2. The5� endof theoriginalDNaseI footprintswasnotwell determined,but couldhave

extendedto cover theFis siteat � 73.

3. Gelmobility shift assaysshowedtwo bandshiftswhentheentireregionwasused,one

bandshift whentheregion 5
�

to theconveniently(!) placedClaI sitewasremoved(which

wouldeliminatetheproposedFis site)andnonewhenbothwereremoved.

4. Assayswith thesesamenestedDNAs showedthatbothsitesactivatetranscription.

The authorswere aware that therewas a secondbinding site, but placedits location

somewherein the 69 basesupstreamof the ClaI site. Why did they miss the site? Two

positions(indicatedby arrows in the �gure) did not matchthe `accepted'consensusse-

quence(Hübner& Arber, 1989). The consensusmethodgave thesepositionsfar more

weightthanwasappropriate.Theinformationfor thesiteat � 73 is 10.8bits,which is 2 bits

morethantheaverage.To determineif thereis really a site there,we performeda gel shift

experimentusinga DNA containingonly theproposedFis siteat � 73 andshowedthat the

sequenceis indeedboundby Fis (Hengenet al., 1997). Becausethe consensussequence

failedto predictasitethathadbeendocumentedexperimentally, thatsitecouldnotbeseen,

andto thescientistsit did notexist (Kuhn,1970).
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A morecritical exampleis in thehMSH2gene,which is associatedwith familial non-

polyposiscolon cancer(Rogan& Schneider, 1995). A `T' to `C' transitionoccurredat

position � 5 of an acceptorsite andthis changewasproposedto be the causeof the dis-

ease(Fishel et al., 1993). Inspectionof the logo in Fig. 1 shows that the consensusat

position � 5 (basezerois just to theleft of theverticalbar, the�rst baseontheintronside)is

aT, but thatcloseto half of thebasesin thepolypyrimidine tractareC. Whenthetransition

is made,theindividual informationchangesby only 0.2bits,which is not signi�cantly dif-

ferent.A studyof 20 normalpeoplefoundthatonly 2 hadthis change(Leachet al., 1993),

sothechangeis apolymorphismunrelatedto thedisease.

Why did this potential`misdiagnosis'happen?We supposethatT wastaken to be the

consensussequence.Giventhis, onewould interpretanychangefrom thatconsensusto be

detrimental.In thiscasetheconsensussequencewassorigid thatit couldnothandleasubtle

changeanda sitedisappearedfrom thescientist's view eventhoughit wasstill functional.

As DNA sequencingtechnologiesbecomewidely available to doctors,this situationwill

comeuprepeatedly. Seriousmalpracticesuitscouldoccurasaresultof usingtheconsensus

model.

Flipping the light on to seean unseenworld. Two recentlypublishedex-

amplesdemonstratesomeof theinterestingbiology thatonecanmissby usingaconsensus

sequence.The�rst exampleis theRepAbindingsite(Fig. 5). Thesinewave over thelogo � Fig 5

representsthe twist of B-form DNA. Thecrestsof thewave representtheproteinfacinga

major groove andthe troughsrepresentthe protein facinga minor groove. Experimental

dataindicatethatthemajorgroovesidesof Gsat positions1 and12 (blackdots)arefacing
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theprotein,while themajorgroove sidesof thosebasepairsat positions6 and8 (opencir-

cles)arefacingaway from theprotein(Pappet al., 1993).Hydroxyl radicalandethylation

interferencedataalsosupportthisassignmentandindicatethatRepAbindsto only oneface

of theDNA (Papp& Chattoraj,1994).

RepAandotherDNA bindingproteinsshow sequenceconservationup to 2 bits where

they contactthemajorgroove andonly 1 bit wherethey facea minor groove (Pappet al.,

1993;Schneider, 2001). The upperboundof 2 bits is achievablebecauseall 4 basescan

bedistinguishedusingcontactsin themajorgroove (Seemanet al., 1976). In contrast,the

minorgrooveof B-form DNA is essentiallysymmetricalandcanonly provideup to 1 bit of

sequenceconservation.

Intriguingly, asseenin Fig. 5, RepAviolatesthis ruleatpositions� 7 and � 8 wherethe

proteinfacesa minor groove (Pappet al., 1993).Theviolation impliesthattheDNA is not

B-form. To understandthis anomaly, we substituteda varietyof chemicallymodi�ed base

pairsatposition � 7 (andits complement� 7� ) andfoundthattheN3protononthethymineis

responsiblefor contactingRepAthroughtheminorgroove(Lyakhov etal., 2001).Sincethe

N3 protonis normallysequesteredin thecenterof theDNA helix, theDNA mustindeedbe

distorted,aspredictedfrom thesequencelogo. Furthermore,theacceptablecontactpoints

for hydrogenbondingvaryby severalangstromsmorethananH-bondcouldwithstandin a

rigid structure,suggestingthatthebasemayrotatetowardstheminor groove for bindingto

occur. In otherwords,theT at � 7 maybe`�ipping' outof theDNA.

Base�ipping wasdiscoveredby RichRobertsin theco-crystalof theHhaI methyltrans-

ferase(Roberts,1995;Roberts& Cheng,1998). This solveda puzzleof how thatenzyme
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functions,sincethechemistryof methylationrequiresattackfrom aboveor below theplane

of thebase.Suchanattackis notpossibleinsidetheDNA helix. TheHhaI methyltransferase

solvesthe problemby �ipping the baseout of the helix andinto a pocket of the enzyme.

OtherDNA modi�cation proteinsalso�ip bases(Chenget al., 1993;Klima�sauskaset al.,

1994;Verdine,1994;Reinischetal., 1995).

Why would RepA be �ipping a base?RepA is usedby the bacteriophageP1 plasmid

for DNA replication(Abeles,1986; Abeleset al., 1989). DNA replicationrequiresthat

thehelix beopenedbeforesynthesiscanbegin. The �rst stepof this processwould bethe

bindingof RepAto theDNA. A verysimplesecondstepwouldbethe�ipping of abaseout

of theDNA, sinceDNA `breathing'occursnaturallyon a millisecondscale(Guéronet al.,

1987;Leroy et al., 1988). If the thymineat � 7 �ips, is captured,andthenheldout of the

DNA helix by RepA,weakenedstackingcouldallow theremainderof theDNA to bemore

easilyopenedby aDNA helicase.

Sequencelogosof otherDNA replicationproteinbinding siteshave similar anomalies

(Schneider, 2001),suggestingthatbase�ipping maybeageneralmechanismfor thesecond

stepof DNA replication.

How is thisrelatedto consensussequences?Theconsensussequencefor RepAsitescan

bedeterminedby readingthetop lettersof thesequencelogo(Fig. 5) becausethelettersare

sortedsothatthemostfrequentbaseis on top. One�nds: 5� ATGTGTGCTGGAGGGAAA

3� . By viewing thebindingsitethroughtherestrictiveglassesof a consensussequence,the

unusualbasebecomesindistinguishablefrom theotherbases!

A secondexampleis theTATAAT sitesmentionedearlier, for whichthesequencelogois
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shown in Fig.6. Thelogoshowsthatthereis muchlowersequenceconservationin positions � Fig 6

� 10, � 9 and � 8 than in positions � 12, � 11 and � 7, but the low region is signi�cantly

above backgroundsincethe error barsareso small. (Contrastthesetiny error barsto the

onesin Fig. 3 andFig. 5, wheretherearefewer sites.) The DNA region openedby RNA

polymerasestraddlesthe gap,leaving a highly conserved T at � 7 nearthe 5� edgeof the

openedregion. We proposethat � 7 is the �rst baseopenedduring RNA transcriptional

initiation, anda reasonablylarge body of experimentalevidencesupportsthis hypothesis

(Schneider, 2001). As with RepA sites,the unusualthymine is obscuredif oneusesthe

consensussequence.

Just sayno! We canexpressa consensussequencein bits andsoquantify theeffect

of makingone. Eachuniquebase(A, C, G or T) of a consensuscountsas2 bits. When

two variationssuchasC or G areallowed(e.g. Fig. 3) we count1 bit; thereis, of course,

no small-samplecorrection.3 baseswould countas2 � log23 (Schneideret al., 1986),and

4 bases(N) would bezero. Plotting the total informationof eachsequencelogo shown in

this paperagainstthis `consensusinformation' we obtainFig. 7 (summarizedin Table1 � Fig 7

). The �gure shows that theconsensusis alwayslarger thanthe informationcontent,even � Table

1drasticallyso.However, theconsensuscouldbetweaked(in individualcases)by arbitrarily

playingaroundwith the rules(Day & McMorris, 1992)to reducethenumberof bits. But

all thetweakingin theworld will nevergive theproperweightsbecausethefrequenciesare

alwaysroundedto obtainaconsensussequence.Theexamplesin thispapershow thatwhen

facedwith theprospectof usingaconsensussequence,weshould`just sayno'.

Modelsand Illusions. Onesometimesreadsabouthow aparticularDNA sequence
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hasa consensussequenceat such-and-sucha position(Robbersonet al., 1990).Thususing

consensussequenceshasled thesebiologistsinto a philosophicaltrap: confoundingthe

modelof reality (theconsensussequence)with reality (thebindingsites).Eventheoriginal

title of our paperon sequencelogosre�ects our initial confusionon this issue(Schneider

& Stephens,1990). Logosandwalkers let us seemoredeeplyinto the geneticstructure,

revealingthedetailsof sitesandhow mutationswork. But no matterhow sophisticatedwe

arein depictingthe patternsat binding sites,all we have aremodels. Logosandwalkers

are clearly betterthan consensussequences(and can replacethemcompletely),but they

arestill only representationsof theuniverse`out there' (Box, 1979). It is surprising,then,

thatscientistsforgetthisandtreattheconsensusasreality. Theeffect wasunderstoodmore

than30 yearsagoby ThomasKuhn: oncea paradigmis formedit occludesotherwaysof

thinking andmoldsthe way scientistsperceive the world (Kuhn, 1970). Yet a consensus

can no more be `in' a DNA sequencethan the meaningof thesewords is on the page.

Thesewordsareinterpretationsin your mind; the pageonly hassomedisconnectedblack

squiggles. Oneway to seethis is to considerthe perennialmyth of a faceon Mars that

appearsin Americantabloidmagazines.Whetheror not thereis a faceon Mars,mostof us

have seenfacesin clouds. Are therereally facesthere?Evidently not. Experimentswith

sheepandmonkeys have identi�ed neuronsthat becomeexcited whena faceis presented

in thevisual �eld (Kendrick& Baldwin, 1987). So facesin clouds,words,andconsensus

sequencesareall constructsin our brains.Strangerstill, thewordsmaynot be therewhen

you perceive themsinceneuralimpulsestake 300 millisecondsto travel from your eye to

your brain (Rager& Singer, 1998),where,after another80 milliseconds,they are�nally
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perceived(Eagleman& Sejnowski, 2000).All thatwesee,hear, feel,smell,touch,andtaste

is delayed,sotheentireperceivedworld is a modelin our minds. Optical illusionsremind

us,andZenmastersunderstood,thateverythingis illusion (Purvesetal., 2002).
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Figure 1: Sequencelogos (Schneider& Stephens,1990) for humandonor and acceptor

splicejunctions(Stephens& Schneider, 1992)comparedto theconsensussequencefor both

sites.Source:Adaptedfrom (Stephens& Schneider, 1992).
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                                                               * 5130      *          * 5140      *          * 5150      *          * 5160      *
 5'  t  t  t  t  a a c a a c c t  t  t  t  t  t  t  t  t  t  t  c c a a g g g a t  a t  c t  t  c t  a a c c 3'
                                                          [ - - - - - - - - - - - - - - - - - - - - - - - - - - - - -  ...  exon  4

    t t t t a a c a a c c t t t t t t t t t t t c c a 

a

  g g acceptor  8.9  bits  @ 5153

      t t t a a c a a c c t t t t t t t t t t t c c 

a

 a g g g acceptor  12.7  bits  @ 5154

                                                               * 5130      *          * 5140      *          * 5150      *          * 5160      *
 5'  t  t  t  t  a a c a a c c t  t  t  t  t  t  t  t  t  t  t  c c a g g g g a t  a t  c t  t  c t  a a c c 3'
                                                          [ - - - - - - - - - - - - - - - - - - - - - - - - - - - - -  ...  exon  4

    t t t t a a c a a c c t t t t t t t t t t t c c a g g g acceptor  16.5  bits  @ 5153

      t t t a a c a a c c t t t t t t t t t t t c c 

a

 

g

  g g g acceptor  4.5  bits  @ 5154

Figure2: Sequencewalkers(Schneider, 1997b) for ahumanacceptorsitein theiduronidase

synthetasegeneanda mutation(indicatedby anarrow). On the top sequence,thenormal

endof exon 4 is shown by a bracket anddashedline. Theverticalrectangleon a sequence

walker is the`zerobase'usedto identify thelocationof thewalker. Theverticalrectangles

alsoindicatea scalefrom � 3 to � 2 bits. A 12.7bit acceptorat 5154directssplicingto the

correctlocation.Source:Adaptedfrom (Roganetal., 1998).



Schneider, ConsensusSequenceZen 23

   1 aggact gt cagt t gggcaaaat aaggagcaagat t gaaaca
   2 ggacgaacat at aggaat ct acgat t aacaacgat caagcg
   3 t gct gct acat cct ccct t t aggggt t aaggaat t aagggg
   4 gccgaaat gt gt t acagt cat at gt t t t ccat ct ccacccc
   5 cccagt cgt at t cct agcat aat ct at t t ccgaat aggat c
   6 ccagt ggat agt gct cccgcct gacct gat t ct cacaacga

6 random sequences

0

1

2

bi
ts

5¢ -2
0

-1
9

G
C

-1
8G

A
C

-1
7

-1
6

-1
5

-1
4

-1
3

-1
2

-1
1T

A

-1
0A

T
G

-9

C
T

-8 -7 -6 -5

G
C
A

-4

A
G
C

-3

A
C
T

-2 -1

C
A
T

0T
C
A

1 2A
T
G

3C
G
A

4C
G
T

5

NSCNGNNNNAGT NNNACT NT ANGAT T T NCNANAT T CAANCN

6A
T

7 8T
A
C

9 10 11 12 13

C
A
T

14

C
A
T

15

G
A
C

16

G
A
17

C
G
A

18 19

T
G
C

20 3¢

Figure3: Sequencelogo for randomsequences.

Error bars,shown by I beams,indicateonestandarddeviation of the stackheight. Note

thata small-samplecorrection(Schneideret al., 1986)suppressesthe stackheightso that

a positionsuchas � 19, which is 50% C and50% G, is lower than1 bit. The correction

is neededto countera statisticalbiasthat causesan apparentinformationto appearwhen

onesubstitutesfrequenciesfor probabilitiesin Shannon's equation(Schneideret al., 1986;

Miller, 1955;Basharin,1959).Thesameeffect makesonetendto seepatternswherethere

arenone.Theconsensussequenceon thebottomwaschosenfrom positionsthathave 50%

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

                                                                     

`accepted'
concensus:

G N N Y R N N A N N Y R N N C
T             T             A

                            * -80       *          * -70       *          * -60       *          * -50       *
 5'  t  g a g c t  a a a a a a t  t  c a t  c g a t  t  a t  a t  t  c t  a t  c c a a a a g g g g g 3'
                                 | - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - |  reported  footprint
         | - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - |  possible  footprint
           ^  ^  DNaseI  hypersensitive                              ^  ^  ^  DNaseI  hypersensitive
                                  [ - - ^ - - - - - - ]  ClaI

          g c t  a a a a a a t  t  c a t  c Fis  10.8  bits

                                        g a t  t  a t a t  t  c t  a t c c Fis  12.7  bits

Figure 4: Region upstreamof the tgt/secpromoterof E. coli analyzedby Fis sequence

walkers.Theinformationfor eachFissitewascomputedfrommodelsthatare21baseswide

( � 10 to � 10) but only therange � 7 to � 7 is shown by walkers.Thesinewavesrepresent

major (peaks)andminor (valley) groovesfacedby theFis protein. Source:Adaptedfrom

(Schneider, 1997b).
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14 P1 RepA binding sites
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Figure5: Sequencelogo for RepAbindingsites.

Error barsindicatestandarddeviationsof the entirestackheight. Source:Adaptedfrom

(Schneider, 2001).
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291 -10 regions of E. coli promoters
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Figure6: Sequencelogo for the � 10 regionof E. coli promoters.

The promoterswere from the Lisser-Margalit database(Lisser & Margalit, 1993). The

dashedandsolid boxesshow theregionsopenedby thepolymerase,while thearrow shows

thestartpointsof transcription.Source:Adaptedfrom (Schneider, 2001).
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Figure7: ConsensusversusRsequence.

Theinformationfor the5 sequencelogosin �gures 1,3, 5,and6 wasgraphedby comparing

theinformationcontent(Rsequence) to theinformationcontentof thecorrespondingconsen-

sussequence.Rsequenceis the averageinformationin a setof binding sites. It is alsothe

summedareaunderthesequencelogo. Theline at 45 representsequalitybetweenthetwo

measures.Thedataaresummarizedin Table1.
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Name Rs SD CON Consensus From To

bits bits bits

donor 7.9 0.0 16 NAGGTAAGTN -3 +6

acceptor 9.3 0.0 29 NNNNNNNNNNNTTTTTTTTTYTNCA GGN -25 +2

random 0.3 2.0 49 NSCNGNNNNAGTNNNACTNTANGATTTNCNANATTCAANCN -20 +20

repa 24.5 0.6 36 ATGTGTGCTGGA GGGAAA -1 +16

-10 5.2 0.0 12 TATAAT -12 -7

Table1: Rsequenceandconsensusinformationfor sequencelogos.

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

is the consensusinformation. The range of the site used is shown in columns

From and To. The lowest frequency for using a base in each consensuswas

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

http://www.lecb.ncifcrf.gov/˜toms/delila/consensus.html).


