Increasing Consensus Accuracy in DNAFragment Assembliesby Incorporating Fluorescent Trace RepresentationsCarolyn F. Allex1,2allex@cs.wisc.eduJude W. Shavlik1shavlik@cs.wisc.eduSchuyler F. Baldwin2schuy@dnastar.comFrederick R. Blattner2,3fred@genetics.wisc.edu1Computer Sciences Department, University of Wisconsin — Madison,1210 West Dayton St., Madison, WI 53706, Tel: (608) 262-1204, FAX: (608) 262-97772DNAStar Inc., 1228 South Park St., Madison, WI 53715,Tel: (608) 258-7420, FAX: (608) 258-74393Genetics Department, University of Wisconsin — Madison, 445 Henry Mall, Madison, WI 53706,Tel: (608) 262-2534, FAX: (608) 262-2976AbstractWe present a new method for determining the consensussequence in DNAfragment assemblies. The new method,Trace-Evidence, directly incorporates aligned ABI traceinformation into consensus calculations via our previouslydescribed representation, Trace-Data Classifications. Thenew method extracts and sums evidence indicated by therepresentation to determine consensus calls. Using theTrace-Evidencemethod results in automatically producedconsensus sequences that are more accurate and lessambiguous than those produced with standard majority-voting methods. Additionally, these improvements areachieved with less coverage than required by the standardmethods — using Trace-Evidenceand a coverage of onlythree, error rates are as low as those with a coverage of overten sequences.IntroductionOur goal is to improve the quality and efficiency ofautomatic DNAsequencing (determining the sequence ofbases in DNAmolecules). One important task in thesequencing process is to establish the consensus sequencefor aligned fragments of DNA. This task, often referred toas consensus calling, is the focus of this paper.The usual method to accomplish consensus calling relieson the fragments�representation as sequences of basecalls. Before alignment, the base-call sequences aredetermined by computer analysis of the fluorescent-dyeintensity signal, called trace data, that is output byautomatic sequencers such as the Applied Biosystems Inc.(ABI) 377. The base calls are used to align the sequencesand then a majority-voting scheme is commonly used toidentify the consensus for each aligned column of bases.We believe, and have shown with an earlier case study insequence trimming (Allex et al. 1996), that automaticsequencing processes can be improved by incorporation ofdescriptive fluorescent trace information.The new method we have developed for automaticconsensus calling, Trace-Evidence, incorporates ABI traceinformation via the Trace-Data Classificationswe definedin prior work (Allex et al. 1996). The use of thisrepresentation is the key to the improvements we see whenusing our new method. Previous methods use only a verysimplified representation of trace data: the sequence ofbase calls. The representation we use is much moredescriptive; it captures shape and intensity visualcharacteristics of traces.Our Trace-Evidencemethod results in automaticallyproduced consensus sequences that are more accurate andless ambiguous. In addition, it attains these improvementswith fewer aligned sequences. (The number of alignedsequences is known as the coverage.) Both an increase inaccuracy and a reduction in the coverage needed aresignificant results.Higher accuracy using Trace-Evidenceconsensuscalling mitigates the problem of errors in DNAsequences.The error rate for sequences in GenBank has beenestimated to be from 0.3 to 0.03% (Lawrence & Solovyev1994). If the DNAis translated into protein, the results arepotential errors in 0.1 to 0.01% of the amino acids. Themutation of a single amino acid can have substantialadverse effects on protein-related research. Furthermore,the change, deletion, or insertion of a single base can leadto frame shifts and/or the inability to identify open readingframes. Sequencing accuracy is significantly dependentupon careful human examination and editing of consensussequences in fragment assemblies. The hand process isTo appear in Proceedings of the Fifth International Conference on Intelligent Systems for Molecular Biology, Halkidiki,Greece: AAAI Press. 1997.Copyright (c) 1997, American Association for Artificial Intelligence (www.aaai.org). All rights reserved.

time-consuming, expensive, and error-prone. Automaticassemblies with improved consensus accuracies alleviatethese problems.Reducing the needed coverage for accurate sequencingby using Trace-Evidencemeans a reduction in overallsequencing costs. Fragment preparation represents asubstantial portion of the expense of sequencing. In largesequencing projects, it is typical to produce a coverage ofat least six to ensure accurate results. We show in thiswork that equivalent accuracy can be achieved with aslittle coverage as three sequences.We have implemented our new Trace-Evidenceconsensus calling (as well as previously described Trace-Classsequence trimming) in the DNAStar Inc. SeqMan IIfragment assembly program. Among numerous othersoftware packages available to facilitate sequencing effortsare: GCG Fragment Assembly System(Dolz 1994), TIGRAssembler(Sutton et al. 1995), StadenPackage(Bonfieldet al. 1995), PHREDand PHRAP(the University ofWashington), and Sequencher (Gene Codes Corporation).In contrast to these systems, our approach ignores basecalls and derives the consensus directly from the tracedata.The remainder of this paper first describes a commonprevious method for consensus calling, followed by adetailed description of our new Trace-Evidencemethod.We then present empirical evidence of the effectiveness ofusing Trace-Evidence. Adiscussion of future work andconclusions complete the paper. For readers who areunfamiliar with DNAsequencing, an appendix provides abrief background.We make liberal use of figures to illustrate our pointsthroughout this paper. In these figures, all trace datadisplayed are representations of actual sequencing datasupplied by the E. coliGenome Project at the Universityof Wisconsin.Previous Method: MajorityAcommon, simple method to calculate the consensuscounts the number of calls of each base in an alignedcolumn (Staden 1982). If the majority base count is abovea given fractional threshold of the total count, that base iscalled unambiguously (A, C, G, or T); otherwise theconsensus is called as the appropriate ambiguity(combination of A, C, G, and/or T). We refer to thismethod as Majority. Figure 1 contains an example ofcalculating the consensus by Majority.Since the Majorityapproach examines only the basecalls and not the underlying trace data, it is prone to errors.Majorityalso requires a minimum number of sequences tomake an unambiguous call when a column of base calls isnot in total agreement. Methods that directly analyze thetrace data help to avoid these problems.(a)� AAGAAGCACTWAGGATTTGGT � � AAGAGGCACTAAGGATTTGGT � AAGAAGCACTTAGGATTTGGT � AAGAAGCACTAAGGATTTGGT � AAGAAGCACTTAGGATTTGGT �

ConsensusAlignedFragments 5 11 17(b)ColumnMajorityBase(s)%ConsensusCall5A75A11A, T50W(Aor T)17T100T

Figure 1: MajorityConsensus Calls.(a) Four sequences arealigned and the consensus computed using Majority. (b) In thisexample, the threshold is set at 75%. The consensus call forcolumn 5 is an Asince three of four (at least 75%) of the calls areA. In column 11, 50% of the calls are Aand 50% are T; the call isW(Aor T) since both percentages are below the threshold. Incolumn 17, all calls are T, resulting in a consensus call of T.New Method: Trace-EvidenceWe improve the quality of automatic consensus calling byemulating human analysis of trace data. When anambiguous consensus call is made by an assemblyprogram, human editors attempt to resolve the ambiguityby a visual examination of the fluorescent trace data.Figure 2 describes an example of resolving an ambiguityby hand. While watching editors working, we observedthat many, if not most, of the decisions they make arestraight-forward. We believed that we could program acomputer to capture the visual characteristics that arerelevant to human editors in their work and use thisinformation to improve automatic consensus-calling.OverviewThe new method we have developed for computing aconsensus directly incorporates ABI trace-datainformation via the Trace-Data Classificationswedeveloped and described in earlier work (Allex et al.1996). Figure 3 contains a brief review of our Trace-DataCopyright (c) 1997, American Association for Artificial Intelligence (www.aaai.org). All rights reserved.

Classifications. The new method for consensus callingsums the evidence supplied for each base by theclassification scores. We will refer to the new method asthe Trace-Evidenceconsensus method.The Trace-Evidencemethod is based on the idea thateach of the six scores for the Trace-Data Classificationssupplies an amount of evidence that the associated baseshould be assigned in the consensus. High strongpeak(SP) scores supply the greatest amount of evidence, highmediumpeak(MP) scores supply the next greatest amountof evidence, followed by high weakpeak(WP), weak,medium, and strongvalley(WV, MV, and SV) scores indecreasing order. In fact, a high valleyscore actuallyprovides counter-evidence for its base. Figure 4demonstrates the evidence idea.57 Medium 43 Weak 0Valley Strong 19 Medium 7 Weak 0

Figure 3: Trace-Data Classifications.The Trace-DataClassificationrepresentation uses shape and intensity tocategorize the trace data for a single base call. (a) The classesand the criteria used to distinguish among them are listed andillustrated. Ascore from 0 to 100 is assigned for each of sixclasses that reflects the amount of strong, medium, and weakpeakand valleycharacteristic that is exhibited by the data. Boththe peakand valleynearest the base call are identified andscored. Gray lines show the location of the base call. (b) Forsome calculations we need the classifications for all four sets oftrace data while for others we need only the classification of thetrace associated with the base that is called. In this example, oneof the four sets of trace data is shown. The scores for the traceindicate a combination strong-medium peakat the base-calllocation and a strong-medium valleydistanced from the base-calllocation. Scores are adjusted to reflect the distance of the peakorvalleyfrom the base-call location as well as the intensity relativeto the other three traces.Copyright (c) 1997, American Association for Artificial Intelligence (www.aaai.org). All rights reserved.

Algorithmic DetailsTo determine the consensus for a column of aligned bases,two types of values must be calculated for each sequencein the column: the Trace-Data Classificationscores and ameasure of the quality of the data. We use the quality ofthe trace data to weight the evidence supplied by each setof classification scores. That way, more credible, higherquality trace data supplies more evidence than trace dataof lower quality.When gaps occur in a column, a quality measure is alsoused to decide if the consensus should be called as a gap.To do this, we sum the quality measures for sequenceswith a gap in the column and compare them with the sumof the quality measures of sequences without a gap. If thegap quality sum exceeds the non-gap sum, the consensusis called as a gap. The problem of calling the consensuswhen gaps are involved is not always as simply solved asthis. We will discuss this further in the Discussion andFuture Work section.

ATGC

Figure 4: Evidence in Traces.Consider the evidence found inthe four traces in the shaded region. The Ctrace will produce ahigh strongpeak(SP) score, the Ttrace will yield a relativelysmaller SPscore, and both the Aand Gtraces will produce valleyscores. Avisual examination of the traces supports the premisethat the vast majority of the evidence is for a base call of Candthat there is counter-evidence for a base call of Aor G.The steps used in the consensus calculation for a singlealigned column appear below. Details of calculationsmentioned follow the algorithm.Trace-EvidenceConsensus AlgorithmFor a single aligned column1.For each sequence, find the quality of tracedata, Q, within a small window centered onthe column.2.Sum Qfor each sequence with a gap in thecolumn and compare it to the sum of Qforthe remaining sequences. If the gap sumexceeds the non-gap sum, return gap.3.Determine S, the 4 x 6 (six scores for each offourtraces)matrixofTrace-DataClassificationscores for each sequence.4.Reduce each Sto a vector, E, of four valuesthat summarize the evidence for each trace.5.Multiply each value in Eby its correspondingQto produce a vector E�that has beenadjusted by data quality.6.Sum each of the corresponding E�s toproduce a vector, T, of the total evidence foreach of the four bases.7.Find the highest evidence (leadingevidence)in T ; its corresponding base is the leader.8.Multiply leadingevidenceby the threshold tocompute the maximum ignorable competingevidence.9.Compare leading evidenceto each competingevidence. If no competingevidencesurpassesthe maximum ignorable, then return leader asthe consensus call, otherwise use allcompetitorswho surpass the maximum todetermine and return an ambiguity.We use the Trace-Data Classificationsas indicators oftrace data quality. The idea is similar to that describedearlier for establishing evidence. Base calls that are highlyreliable are made from trace-data peaks that are sharp andwell-defined — those that classify as strongpeaks. Basecalls made from trace data that classify as mediumpeaksare less reliable, and those made from weakpeaksorvalleysare increasingly less reliable. Therefore, todetermine quality, we examine the Trace-DataClassificationscores for the traces associated with thecalled bases. (For example, if the sequence of bases hasbeen called as GGTACG, only the Trace-DataClassificationsfor the corresponding G, G, T, A, C, and Gtraces are calculated.) If the strongpeakscores are high, itis likely that the data is of good quality — the higher thescores, the better the quality of the data. On the otherhand, if the bases have been called with low peakscores ornon-trivial valleyscores, the base calls are not as obviousCopyright (c) 1997, American Association for Artificial Intelligence (www.aaai.org). All rights reserved.

and the data is likely to be less reliable and of lowerquality. Figure 5 compares the relative quality of sometrace data.

CAAATTCAGGGGNATTTTCGGTGGGG

CAAATTCAGTGGTACTTTCGGTCGTG

ATGC

Figure 5: Quality of Trace Data.In the top sequence, the traceassociated with each called base exhibits a sharp well-definedpeak. The corresponding Trace-Data Classificationsall showhigh strong peakscores. In contrast, the traces in the bottomsequence are flattened and overlapping; corresponding strongpeakscores are generally nominal. The top sequence is muchmore reliable and is of high quality. We want to give theevidence it supplies more weight in consensus calculations.For use in our calculations of quality, we predefine aconstant weight vector, W, such that classes (such as SP)that imply better-quality data for a base are given highervalues than those (such as SV) that imply lower-qualitydata. The definition follows.LetW= |WSPWMPWWPWWVWMVWSV|whereWiis the weight for class i and1 ‡ WSP‡ WMP‡ WWP‡ WWV‡ WMV‡ WSV‡ 0Using the weight vector, the quality of the data for eachsequence in a column is calculated as follows.1.For each base, i, in a window of size ncentered on the column of interest, calculatethe vector of Trace-DataClassification scores,Si , for the trace associated with the base thathas been called (details of the calculation of Siappear in Allex et al. 1996):Si= |SPiMPiWPiWViMViSVi|2.The dot product of Siand W t (W-transpose)produces a scalar quality measure, Qi , forbase i:Qi= SilWt3.Average the measures to produce an overallquality score, Q, for the base at the center ofthe window:Q = (Q1+ Q2+ � + Qn) / nIn our work, we found that W= |1 .67 .33 0 0 0| yieldsgood results. Using this definition, the quality measures,Q, are between 0 and 100 since peakclassification scoressum to 100 or less. (Other possible definitions of theweight vector are discussed in the Discussion and FutureWork section.) Figure 6 contains an example calculationof a quality score. CCT For the center base, Q = 68.TotalTotal / 368204

SPMPWPWVMVSVC0594128053C8317015094T4321002757S lW t

TCFigure 6: Quality Score.In this example, the window size, n, is3 bases. We want to calculate the quality score, Q, for the centerbase, C. Three sets of Trace-Data Classificationscores, S, havebeen calculated: one for each of the Ctraces corresponding to thefirst two C base calls, and a third for the Ttrace data associatedwith the Tcall. The dot product of each set of scores with theweight vector (|1 .67 .33 0 0 0 |) is computed. The average of thethree is the quality score for the Cbase in the center of thewindow.Copyright (c) 1997, American Association for Artificial Intelligence (www.aaai.org). All rights reserved.

We use the same weight vector, W, in a similar mannerto summarize the Trace-DataClassification scores duringconsensus computation. Multiplication by the weightvector ensures that scores supplying the most evidence(such as those with high SPscores) are given the moreweight than those that supply less evidence. Figure 7demonstrates this idea.For each sequence in a column, a vector, E, summarizesthe evidence for each possible base (A, C, G, andT). Foreach base, the computed value reflects the amount ofevidence that the call should be that base. The vector iscomputed as follows.1.Form a 4x6 matrix of Trace-DataClassification scores, S,by computing thescores for each trace:SPA MPA WPA WVA MVA SVA SPC MPC WPC WVC MVC SVCSPG MPG WPG WVG MVG SVGSPT MPT WPT WVT MVT SVT

S =2.The transpose of the matrix multiplication of Sand W tproduces a vector of evidence values,E, for the possible bases:E =(Sx W t )t= |EAECEGET|3.Multiply Eby the quality of the local tracedata, Q, to produce evidence values, E�, thathave been adjusted by the quality of the data:E�= Ex QFinally, we sum the evidence for each base in an alignedcolumn as described next.Sum corresponding E�values to produce the totalevidence, Ti , for each possible base i, where nisnumber of sequences in the column:TA=EA1�+EA2�+ � +EAn�TC=EC1�+EC2�+ � +ECn�TG=EG1�+EG2�+ � +EGn�TT=ET1�+ET2�+ � +ETn�Once T has been calculated, consensus calling can becompleted as described in steps 7-9 of the Trace-EvidenceConsensus Algorithm. An example determination of aconsensus base call appears in Figure 8. AGC TSP08930MP41110WP30000WV8000MV10013SV00076S lW t139640

ATGC

Figure 7: Summarizing Trace-DataClassification Scores.TheTrace-DataClassification scores for each of the four traces iscomputed. When dotted with the weight vector (|1.67.33000 |),the result is a high value for the Ctrace — the trace exhibitinghighest evidence. The values for the A, G, and Ttraces are alllow. When these summarized values are used to provideevidence, the Ctrace appropriately has the highest value. Notethat in this calculation, the Trace-DataClassification scores arecomputed for each of the four traces in contrast to the calculationof the quality measure (Figure 6) in which only the scores for thetrace associated with the called base are computed. Here, weneed to know how much evidence each trace supplies.TestingAll code for testing the new consensus calling method wasincorporated into an experimental version of the DNAStarInc. SeqManfragment assembly program for the AppleMacintosh PowerPC. SeqManuses the Majorityconsensus calling method. (SeqMan has since beensuperseded by SeqMan II, a more powerful version thatincorporates trace analysis as described in this and aprevious paper (Allex et al. 1996).)MethodFragment assemblies for a 124 kb section of E. coliareused to compare correct calls to Majorityand Trace-Evidence calls. The data and correct calls for theassemblies were supplied by the E. coliGenome Project atthe University of Wisconsin. The original assembly ofCopyright (c) 1997, American Association for Artificial Intelligence (www.aaai.org). All rights reserved.

2221 ABI sequences ranged in coverage from one to 45sequences. In order to generate an abundance of test caseswith varying amounts of coverage, we developed andapplied a minimization algorithm, Minimize Coverage, tothe assembly.GGT

GGTGTTSequenceQ x EQ.51.82.26EGTCATotal520007300021500G26.559.95.491.8T001.31.3C0

(a)S1GATCGGCTACATCTTACATCACCGTTS2CTACATCTTACATCACCS3CGGATCGGCTACATCTTACATCACCGTTGAS4ATCGGCTACATCTTACS5ATCTTACATCACCS6CGGCTACATCTTACATCACCGT(b)PassSL0{S1, S2, S3, S4,S5, S6}{(S1, 2), (S2, 5), (S3, 1),(S4, 3), (S5, 5), (S6, 3)}1{S1, S2, S3, S4, S6}{(S2, 4), (S4, 3), (S6, 3)}2{S1, S3, S4, S6}{(S4, 3), (S6, 3)}3{S1, S3, S6}{(S6, 3)}4{S1, S3 }{ }

Figure 9: Minimize Coverage Example.(a) Six sequences, S1to S6, are aligned in a fragment assembly. The sequences in bold,S1andS3, provide the optimal minimization when the thresholdis set to two. With these two sequences in the assembly, nocolumn has fewer than two sequences (except those that alreadyhad fewer in the original assembly). In addition, neither sequencecan be removed without causing coverage to fall below theminimum. (b) The algorithm to reduce coverage on the assemblycompletes after 4 passes. At the outset, all sequences are in SandL. The first pass removes S5from both lists since it is the shorterof two sequences with the highest low-coverage (5 sequences).Also, S1andS3are removed from Lin the first pass since theirlow-coverage is at or below threshold — these sequences cannotbe taken out. At the end of four passes, Lis empty and the twodesired sequences, S1andS3, remain in the assembly.ResultsWe report results that compare correct consensus calls tothose made by Trace-Evidenceand Majorityfor coveragefrom two to ten or more sequences. The threshold is set tothe SeqMan IIdefault value of 75% for Majorityand to50% for Trace-Evidence. Graphs in Figure 10 display thenumber of correct calls, incorrect calls, and ambiguouscalls per kb for the two methods.The results show a significant improvement with theTrace-Evidencemethod, especially at lower coverages.With a coverage of only three, using Trace-Evidence wesee a leveling of the number of incorrect calls and a largeimprovement over the Majoritymethod in the number ofcorrect and ambiguous calls. With a coverage of four, thenumber of ambiguous calls has fallen to nominal valueswith Trace-Evidence.Discussion and Future WorkWe observe striking examples of the utility of the Trace-Evidencemethod when base calls in a column aresystematically incorrect. In some instances, a well-definedpeak is hidden below a high-intensity valley. The base isoften incorrectly called as the one associated with thehigh-intensity valley. Majoritymethods incorrectly call theconsensus as this base. Our new Trace-Evidencemakes thecorrect consensus call even when all or most of the baseshave been called incorrectly. Figure 11 contains anexample of this occurrence.Table 1: Number of Consensus Calls in Test Results. For eachcoverage from two sequences to ten or more, the number ofconsensus calls included in test results is listed.CoverageNumber ofConsensus Calls267,860357,092445,394539,556634,011726,716822,479920,326‡ 1047,239

We have identified three situations in which Trace-Evidencecan make incorrect calls. Overwhelmingly, mostproblems involve gaps. In rarer cases we have difficultieswith low evidence sums or poor-quality data. Next, webriefly describe these three sources of incorrect calls.In the results reported here, all of the incorrect calls atcoverages above three and at least half of those forcoverages of two or three involve gaps in the column. Themethod for determining whether a gap should be insertedin the consensus consists of a simple comparison of gapvs. non-gap sums of the quality of the traces in thecolumn. However, the insertion of a gap affects not onlythe column it occurs in, but also the columns to either side.When determining a gap call, it is probably necessary toconsider more context and examine the data on either sideof the base of interest. Finding a solution to calling theconsensus when gaps are in the alignment would virtuallyeliminate incorrect calls made with the Trace-Evidencemethod with a coverage of at least four.Copyright (c) 1997, American Association for Artificial Intelligence (www.aaai.org). All rights reserved.

Trace-Evidence

Majority2345678910+9869889909929949969981000

Callsper kb

678910+0123

Callsper kbCoverageIncorrect Calls2345678910+

Callsper kbCoverageAmbiguous CallsFigure 10: Test Results.Results for calls per kb vs. amount ofcoverage are graphed. Each data point is based on 20,000-68,000consensus calls. The new Trace-Evidence method produces morecorrect calls and fewer incorrect and ambiguous calls, especiallyat low coverages.In some instances, incorrect calls can be associated withextremely low evidence sums. When the sums are quitelow, even the maximum evidence is often not indicative ofthe correct call. One solution is to label the consensus asan ambiguous Nand defer consensus determination tohuman editors. For the results reported in this paper, this isthe solution used (ie. low evidence calls are counted in theambiguous category). To circumvent the low-evidenceproblem in the commercial version of SeqMan II,consensus calling reverts to Majoritywhen the maximumevidence is less than ten. (This number was chosen as onethat works well in practice.)

Correct Call: Majority Call: Trace-Evidence Call:

T G T C T G AT G T T T G AT G T T T G AT G T T T G ACTCATGC

Figure 11: Trace-Evidencevs. MajorityConsensus.In theshaded column, three bases have been incorrectly called as a Tand one correctly as a C. With a 75% threshold, the Majoritymethod incorrectly computes the consensus as a T. The Trace-Evidencemethod detects no evidence for a T, ample evidence fora C, and calls the correct consensus. With Majoritythis situationwould be even more troublesome if the fourth sequence were notin the assembly. In that case, the call would have no conflictingbase calls and would likely go unquestioned during hand-editing.In contrast, Trace-Evidencecorrectly computes a C, even in theabsence of the fourth sequence.Copyright (c) 1997, American Association for Artificial Intelligence (www.aaai.org). All rights reserved.

Afew incorrect calls occur in cases that are difficult forboth Majorityand Trace-Evidence. These are usually inregions of poorer-quality trace data where peaks areoverlapping and ill-defined. The obstacle for Majorityisthat one or more of the base calls is likely to be incorrectin such regions. For Trace-Evidencethe difficulty lies inthe relative locations of the trace peaks. Often the peakassociated with the correct base call is significantly offsetfrom the base-call location. The result is that when theTrace-Data Classificationsare computed, a peak is eithernot detected or is given a low score due to its distancefrom the base-call location. Another of the traces mayexhibit a small, distinct peak near the base-call locationthat is scored relatively higher. Trace-Evidencethen hasmore evidence associated with the small peak than withthe correct trace and calls the consensus incorrectly. Thiscase is illustrated in Figure 12.TTA

T-CA

TAAA

Correct Call:Majority Call:Trace-Evidence Call:GGGGCHTATGC

Figure 12: Difficult Consensus Call.Three sequences havebeen aligned; the correct call for the shaded column is C.Majoritycalls an ambiguous Hfor the consensus since thecolumn includes conflicting base calls of T, C, and A. The Trace-Evidencemethod assigns negligible strongpeakscores to theoffset peaks associated with the Ctraces and a high strongpeakscore for the Ttrace in the first sequence. The scores incorrectlysum to adequate evidence for a Tand insufficient evidence for C.In addition to the occurrence of incorrect calls in thethree situations just described, we believe that some errorsmay be due to the weight vector we chose. The weightvector we used for the calculations in our work(W= |1 .67 .33 0 0 0|) was chosen empirically from amongthose listed in Table 2. These vectors conform to therestriction1‡WSP‡WMP‡WWP‡WWV‡WMV‡WSV‡0,while varying the emphasis on the scores for differentclasses. Two of the vectors, described in the table as linearpeaksand parabolic peaks, assign zero values to the threevalleyclasses (W3,W4, andW5). We found that thesevectors greatly outperformed the others. This observationcontradicts the premise that valleyscores contain usefulinformation. One explanation that reconciles the opposingobservation and premise is that these simple functions arenot sensitive enough to make use of the information in thevalleyscores. Abetter approach to finding the weightvector may be a statistical method such as multiple linearregression. In the future, we will compare vectorsdetermined by more rigorous methods such as this to theone we chose empirically.Table 2: Weight Vectors.Five functions used to generatepossible weight vectors are listed. Two of the functions arelinear, two are parabolic and one is trigonometric. In two cases,linear peaksand parabolic peaks, the values for the valleyclasses are all zero. Of the five functions, these two are observedto produce the best fragment assemblies.DescriptionFunction|W0W1W2W3W4W5 |linear Wi = 5 – i5

W^i = max 0, 3 – i3

W^i = 5 – i5_2

W^i = max 0, 3 – i3 2

W^i =

cos π5i + 1 2

As well as improving our algorithmic approaches sequencing problems, we plan to shift the direction of research to solutions that involve machine learning.

, we plan to use artificial neural networks race-Data to aid in consensus calling basecalling. In recent years, success in developing network solutions for problems in molecular biology surged.

sampling includes: protein-structure

(Rost & Sander 1993), sequence ibbetts, Bowling & Golden 1994), finding binding sites (Heumann, Lapedes & Stormo 1994), detection of protein-coding regions (Uberbacher &

1991). Neural networks often provide a good solution biological problems such as these since they intricate interactions, and the strength of neural

The overall goal of our work is to improve the quality ficiency of automatic fragment assemblies.

oward goal, we have developed a new method for calling,

, that produces more consensus sequences, thereby reducing hand-editing decreasing the amount of coverage needed.

accomplished this by direct incorporation of information into automatic consensus calling via developed in prior work.

contrast to our new method, less accurate methods only a limited representation of trace data — base calls —

This research was supported by National Research ward 5 T32 GM08349 from the National Institute

General Medical Sciences and by National o determine the sequence of bases in a large segment

DNA, a scientist must first produce small, fragments of the segment, sequence each of the fragments, and finally align the overlapping regions of small fragments to establish the overall sequence of large segment. (The large segment must be broken smaller fragments since instruments can sequence fragments of less than one kilo base (kb) in length and ith the Applied Biosystems Inc. (ABI) 377 and modern sequencers, determining the sequence of the fragments is made possible by fluorescent-dye

(Ansorge et al. 1986, Smith et al. 1986). Fragments are labeled with one of four dyes (one for each

Figure A1: Fluorescent race Data. The intensities in four of trace data as they vary with time are graphed. Below peak in intensity is the corresponding base call made by basecalling program. In general, the base call corresponds to trace with the highest

. Near the center of the graph is instance where more than one intensity is relatively high — o prepare to sequence a fragment, sets of labeled fragments are produced such that the ends are to the end of the fragment and the ends vary so all possible sub-lengths of the fragment are

The sets of sub-fragments are placed on one end of a and an electric current is applied. The current causes

(nearly) linear migration of the across the gel.

sequencing machine scans and records in a computer the intensities of each of the four dyes as the fragments migrate past the other end of the gel.

shorter fragments migrate faster than longer ones, intensities are recorded in the tosequence order computer program processes the file of intensity

(called data) to determine the sequence of bases the original fragment. This process is called

In the simplest case, at any one time the intensity for particular dye is relatively high, and this identifies base. If more than one intensity is high, the base unknown and is labeled with an for. Figure contains an example of the 2-D graphs of four sets of

able A1: Possible Consensus Calls.

consensus call may one of the four bases, a gap, or one of

1When the small fragments have been sequenced, overlapping regions are aligned in a fragment

The sequence for the original segment of interest is consensus of the aligned small fragments. The problem determining the consensus for each column in fragment assembly is called consensus

. In aligned column, there may be total agreement of base or some calls may conflict with the others.

must be made to call the consensus as a base

,as a gap (indicating an insertion in one of the or as one of

1 ambiguities (combinations of

,).able A1 lists possible consensus calls and Figure illustrates an alignment of fragments and a

Figure A2: Consensus

Four fragments are aligned their overlapping regions. Across the top is the consensus has been computed for the fragments. In addition to

,calls, two ambiguous calls and) and a call have

Allex,

., Baldwin,

., Shavlik,

., and

,(1996). Improving the quality of automatic assembly using fluorescent trace-data classifications.

States, D.J., Agarwal,

., Gaasterland,

.,, L.

Smith, R., eds., Proceedings, Fourth

Conference on Intelligent Systems for Molecular

Ansorge,

., Sproat, B.S., Stegemann, J. and

C. (1986).

non-radioactive automated method for sequence determination. Journal of Biochemical

Bonfield, J.K., Smith,

. and Staden, R. (1995).

sequence assembly

Nucleic

Dolz, R. (1994). GCG: Fragment assembly

Lawrence, C.B. and

,. (1994). Assignment position-specific error probability to primary

Heumann, J.M., Lapedes, A.S. and Stormo, G.D.

Neural networks for determining protein specificity multiple alignment of binding sites. In Altman,

Brutlag, D., Lathrop, R. and Searls, D., eds., of the Second International Conference on

Systems for Molecular

, 188-194. Bethesda,

Rost, B. and

, C. (1993). Prediction of secondary structure at better than 70%

.Smith, L.M., Sanders, J.Z.,

, R.J., Hughes,

.,C., Connell, C.R.,

, C., Kent, S.B.H. and Hood,

(1986). Fluorescence detection in automated

Staden, R. (1982). Automation of the computer of gel reading data produced by the shotgun method

Sutton, G., White, O., Adams, M. and Kerlavage,

(1995). TIGR Assembler:

new tool for assembling shotgun sequencing projects. Genome Science ibbetts, C., Bowling, J.M. and Golden, J.B. III.

Neural networks for automated basecalling of sequencing ladders. In Adams, M.D., Fields, C.

, J.C., eds., Automated

Sequencing

, E.C. and Mural, R.J. (1991).

protein-coding regions in human sequences by multiple sensor-neural network approach. In