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With anincreasingnumberof completelysequencedeukaryoticorganismssuchasDrosophilamelanogaster,
theneedof a generalpromoterrecognitionsystemto refinetheexisting andforthcominggenomeannotationsis
moreurgentthanever. A reliabletranscriptionstartsiteannotationis theprerequisiteto startwith ananalysisof
theregulatoryregionssuchasthedetectionof commonbindingsitesin thepromotersof co-expressedgenes.

We recentlydevelopeda promoterrecognitionsystemcalled M CPROMOTER [1, 2] which usesstochastic
segmentmodels(SSMs)to identify promotersequences.SSMsarea generalizationof the widely usedhidden
Markov models: A statein an SSM containsa probabilisticsubmodelwhich generatesa whole segmentof a
sequenceat onceand can thereforemodel dependenciesamongthe nucleotideswithin a segment. This is an
advantagecomparedto thehiddenMarkov modelwhereevery stateemitsa singlesymbol. In our model,we use
interpolatedMarkov chainsup to 5th orderassubmodels.Thecurrentlybestpromotermodelcontainssix states:
two for theregion upstreamfrom thecorepromoter, threefor thecorepromoterincludingtheTATA box andthe
initiator, andonefor the region downstreamfrom thestartsite. The competingnon-promotermodelconsistsof
statesfor codingandnon-codingDNA.

A drawbackof theSSMformalismis thatit cannottakedependenciesbetweenwholesegmentsinto account—
themutualdependency betweenthequalityof theTATA boxandtheinitiator is awell-known example.Therefore
we addeda two-layer neuralnetwork to MCPROMOTER to accomplisha nonlinearweightingof the promoter
segments.Thenetwork is trainedonadisjointpartof thetrainingset,andtakestheoutputof theSSMsasinput: the
likelihoodsof thebestpathsthroughbothpromoterandnon-promotermodels,alongwith thelikelihoodsof each
stateof thepromotermodel.On theclassificationof our five-fold cross-validationsetof vertebratepromoterand
non-promotersequences(http://www.fruitfly.org/sequence/human-datasets.html), wecouldachieveasensitivity of

60%atafalsepositiverateof 1%,which is againin sensitivity of 12percentpointswhencomparedto theSSM
alone. This is clearly an affirmation that thereare indeednonlineardependencies,andthat incorporatingthem
leadsto anincreasedperformanceof predictionmethods.

Wewill show how thesystemimproveson therecognitionof TSSsin genomicDNA, usingthesetof putative
transcriptionstartsitesthat we compiledfor the GenomeAnnotationAssesmentProject(describedin detail in
[3], seealsohttp://www.fruitfly.org/GASP1).Finally, wewill compareM CPROMOTER’sstand-aloneperformance
with theoneobtainedby the combinationwith genefinding algorithms.An interfaceto M CPROMOTER canbe
foundat http://www5.informatik.uni-erlangen.de/HTML/English/Research/Promoter.
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