COMPUTATIONAL METHODS FORFAST AND ACCURATE DNA FRAGMENT ASSEMBLYbyCarolyn F. Allex1999

'

As advances in result in the production of amounts of DNA data in amounts of time, it is that methods are that allow data analysis to keep pace. In this dissertation, I present methods that improve One of methods for assembly is that they must accurate. Currently, to ensure accurate sequences, the data that underlies questionable calls must be by human editors so that the base can be determined. manual process is both error-prone and time-consuming. methods that yield accuracy and few questionable calls can reduce errors and lessen the need for inspections. In my work, I a method, , that Most assembly programs only base calls when a consensus sequence.The key to the high accuracy is that I incorporate morphological information about underlying ABI data. This is through a new of traces, , that the height and shape of traces. The new not only high accuracy when used in consensus-calling methods, but also produces improved when used in removing poor-quality data, and when used as inputs for neural networks forThe need for fast processing is more as the size of sequencing increases. Almost all existing fragment assembly programs perform pairwise comparisons of reads, resulting in execution times proportional to n2, where nis the number of reads. Idescribe a new for layout, , that runs in to n. relies on subsequences of bases that occur in overlapping regions of fragment Subsequences that are common to two or more fragment reads are aligned to determine The work I present provides improvements to currently for DNA sequencing that can serve as a foundation for further study in developing

I wish to the funding and resources who made my research possible. I General Medical Sciences (NIGMS), National Institutes of Health (NIH) Small Research (SBIR) phase I grant #R43 HG01893-01, and Inc. data used in all testing is from the E. Genome Project under the of Fred at the University of Wisconsin—Madison. Source code for , , and In addition, there are myriad people without whom I could not have accomplished work. Key in the process were my advisor, Jude Shavlik in Computer Sciences, and minor advisor, Fred Blattner in the Genetics Department. I especially thank Jude for high standards; I have become a much better researcher under his tutelage. Others contributed are my colleagues at DNASTAR Inc.: Schuyler Baldwin, John Schroeder, ChrisStern, Hang Ying Dong, Jeff Briganti, and Tim Burland. As my lunch buddies and software engineers, Schuyler, John, and Chris are not only remarkably helpful, but are me sound and Mark Craven, Rich Maclin, Opitz, and honorary groupmember, Nick Street. I am also grateful to graduate coordinator, Lorene Webber, Others have not contributed directly to my work, but their support was nonetheless. In particular, my children, Peter, Matthew, Rachel, and Paul, and their dad,

Allex, have been and as I have worked toward this goal. Now almost 14years old, and Paul cannot a that I was not engrossed in school work. Iam for the great job Peter has done when required to take care of things at home as �responsible person� left in charge. has been very gracious every I have had declare, �OK, you guys have to find yourselves something to eat until after I finish my (exam, paper, presentation, qualifiers, prelim, dissertation, final defense...).�While on the subject of terrific family members, I must say how much I parents, Cornelius and Marion Boerboom. Mom and Dad have been forever generous their encouragement and love. They have always made me believe that I am capable ofI have been fortunate to have wonderful friends who provided me with distractions ears during my school years. My best friend, Carrie Pritchard, has seen through three degrees now, a BS in 1992, MS in 1994, and now my PhD. I could have made it through all that without her as my soul mate. My first day of graduate orientation I was lucky to choose to sit next to Ernie Colantonio, a man who would one of my closest friends. He has sustained me with his humor, music, and pizzas. Starting internship at DNASTAR in 1995 also proved to be a great decision for me as I met in my research and the holder of all knowledge. Finally, I made a choice when I decided to take up bicycling two years ago. Among the enjoyable group offriends I have met on Wednesday night bike rides, one in particular, Brian Cassel, has an person in my life. he has not been around to see me through the process, he has me on during the last year and a half when things have been the Last, but not least, I thank the faculty members who have taken the time to serve on and final providing me with much helpful advice. In to JudeShavlik and Fred Blattner, they are: Anne Condon, Lloyd Smith, Chuck Dyer, and v iv1131.3 New Methods5772. DNA-Sequencing Background9101314182.5 Summary183. DNA Fluorescent-Trace Representation203.2 22

25333.3 Summary384. Sequence End-Trimming Case Study4243444.4 Discussion474.5 Summary505. Consensus-Calling Case Studies52525.3 Summary576. Trace-Evidence Consensus58646.3 Discussion646.4 Summary687. Neural-Network Consensus73787.3 Discussion817.4 Summary818. Fragment Assembly848.2 The Assembler85

868.2.2 958.3 Summary1129. Evaluation of 1141159.3 Layout1179.4 Consensus12313013313510. Computational Complexity of 11. Additional Related Research14311.1.1 14311.1.2 14411.1.3 14511.1.4 14514614714814911.5 Summary15012. Conclusions12.1 Contributions15212.1.1 15312.1.2 153

12.1.3 15312.1.4 Neural-Network Consensus15412.1.5 Assembler15515715712.2.1 Quality Scores15712.2.2 Neural-Network Consensus15812.2.3 158160Appendix A. Glossary of Biological TermsAppendix B. Trace-Class Score PseudocodeAppendix C. End-Trimming PseudocodeAppendix D.

Chapter 1Are you a man or a mouse?if you look deep down inside, at genomes residing in the depths of cells, you find that the answer is not as obvious as you might guess. Human genomes, mouse and, for that matter, the genomes of all organisms share a surprising similarity. As a offact, human genes for cell cycle and growth can be swapped without harm with those of Genomes carry the totality of the genetic for an organism. They are one or of , known as . Sequences composed of fourtypes of deoxynucleotide bases form DNA molecules. The four bases are: adenine (Acytosine (C), guanine (G), and thymine (T). Encoded in the base sequences are — 1.1 The Human Genome Projectknowledge for human life and health. Over 10 years ago, the United States, along with other countries, on the search for this Holy Grail, it the Human Genome(HGP). The task is ambitious; there are over three billion base pairs in the genome that embed 100,000 genes. For fiscal year 1990, near the beginning of1 the endeavor, the National Institutes of Health (NIH) and Department of Energy budgeted almost $90 million for the project, estimating that to reach their goal wouldFrom the start of the project, funding agencies recognized the need for approaches to problems. Initially, twenty percent of monies budgeted for the HGP earmarked for research into bioinformatics and a Joint Informatics Task was (Frenkel 1991). The purpose of the task force was to user needs, set goals, research and development priorities, and to enhance the effectiveness of Clearly, solutions to problems in genomics are to the success of HGP. Back in the early 1970s, it was a laborious task to the sequence of even a 25base-pair sequence with confidence. 1977, with the of gel based sequencing technology (Maxam & Gilbert 1977, Sanger, Nicklen & Coulson finding the sequence of several hundred base pairs routine. Fast-forward to the and you will find that we now have the complete sequences of a number of organisms — (Wilson 1999), E. (Blattner et 1997), and (Sutton 1995), among them. In 1998, Dr. J. Craig Venter, Perkin-Elmer Corporation, and Institute for Genomic Research (TIGR), proposed to launch a joint venture that wouldthe Human Genome Research moved up its for the Given the size and of sequencing efforts and goals, the amount of data that be stored and is tremendous. Sequence data is stored in public and throughout the world. A public repository for annotated DNA sequence data is administered by the NIH (Benson et 1998). As of April 1999, GenBank alone sequence data on over 2.5 bases (NCBI 1999); the thought of this much data analysis tools have since their debut. Inthe early years, methods to align DNA sequences were developed that became the cores of sequence analysis. The goal of sequence alignment is to align 2 bases in two or more sequences such that the number of mismatches is Needleman-Wunschwas one of the original methods that made its appearance in 1970& Wunsch 1970). This uses to find an alignment for a pair of sequences. Since Needleman-Wunschwas introduced, a number ofBrutlag et 1993, et 1992, Berger & Munson 1991, Subbiah & Harrison Johnson & 1986, Boswell & 1984, Fickett 1984, Smith & Of course, aligning sequences is only one problem in genomics. Myriad other must also be addressed. Among them are: base calling (e.g. Tibbetts, Bowling & 1994), finding protein coding regions (e.g. Uberbacher & 1991), exonsfrom introns (e.g. Chen & Zhang 1998), predicting protein structure (e.g. Rost & 1993), motifs (e.g. Sun et 1996), finding sequence homologies (e.g. Barrett & Hughey 1998), searching databases (e.g. Lavorgna et 1999), detecting binding sites (e.g. Heumann, Lapedes & Stormo 1994), and finding RNA 1.2 DNA SequencingSpecific to my work, DNA sequencing presents numerous computational challenges segments of DNA longer than about a thousand bases cannot be sequenced directly. smaller overlapping fragments of the DNA are sequenced. The overlapping regions of sequences are aligned and their is the sequence of the original fragment. process is called assembly and is described in greater detail in Chapters 2 and Major steps in fragment assembly include: (interpreting output from machines to call the sequence of bases), sequence (aligning overlapping sequences), and (determining the consensus of the aligned 3

1. Duplicate

2. Sonicate3. Sequence

#DNA

5. Layout4. Call Bases

6. Call Consensus

GATTGCACTTTCGAAGTCGAGTTTCCACGCCCCGAAGTCGCTGCCCACGCCCCGACGCTGCGACGACGGTCGCCTCCACTTTCGAAGTCGAGTTTCCACGCCCCGAAGTCGCTGCCCACGCCCCGACGCTGCGACGACGGTCGCCTCC

ACTTTCGAAGTCGAGTTTCCACGCCCCGAAGTCGCTGCCCACGCCCCGACGCTGCGACGACGGTCGCCTCCACTTTCGAAGTCGAGTTTCCACGCCCCTGCGACGACGGTCGCCTCCFigure 1-1. DNA The first three steps in DNA sequencing occur the laboratory where large fragments of DNA are duplicated and then broken fragments that are sequenced individually. methods are used steps 4 to 6. First the sequence of bases in the fragments is determined. base-call sequence of the individual fragments are overlapped and aligned and 4

A number of in DNA and in the of can hinder the of these steps. One problem is noise in the the output from a sequencing machine is not perfect, leading to miscalled bases, insertions, deletions in the base-call sequence. In addition, the fragments of DNA may still have sequence (a of DNA used to carry and the of at their endsor even whole fragments not from the target of interest may be mixed in. significant problem that has yet to be effectively addressed is the occurrence of regions in genomes. All of these lead to difficulties in aligning the overlapping portions ofAn layer of is added to problems in DNA sequencing as produces not only much higher throughput from machines, but also allows the sequencing ofmuch larger fragments of DNA. As it becomes possible, the goal for many expands to sequencing larger fragments, and even whole genomes of DNA (Weber & 1997). The amount of data that must be processed may be getting too large for 1.3 New MethodsIn my work, I develop software for DNA sequencing directed at making DNA assembly and . The need for fast processing is becoming more important as size of sequencing projects increases. Almost all existing programs perform comparisons of reads, resulting in times to n2, where nis number of reads. With an n2method, the assembly may take years for a large project. Inthis dissertation, I describe a new I for sequence layout, SLIC (The layout algorithm relies on subsequences of bases, or , that occur regions of reads. Mers that are common to two or more are to the layout of reads. The premise is that large DNA many mers that occur only once (or and that can be used to tag a 5 of methods for assembly is that they be accurate. Inaccurate sequences can lead to serious problems; the change, insertion, orof even a single base can result in a protein of than the true protein. Often, questionable sequence bases can be identified by software. Human then visually inspect the underlying data for each of calls and the base call. This is a real in the sequencing process. An even worse case is when a that is is not as suspicious. The sequence with the is or deposited in a containing the error. Automatic methods that yield high accuracy can greatly diminish number of errors and lessen the need for expensive manual inspections. The cost ofsequencing can also be reduced by the use of a consensus-calling method that is with fewer sequences. In my work, I a method, 6), refined as (Chapter 8), that automatically produces highly Most assembly programs analyze only the sequence of bases when determining consensus sequence for an of reads. The key to the high I with the method is that I look beyond the base calls to the underlying data ofthe sequence. As shown in Figure 1-2, the underlying data is in the form of a set of foursequences of fluorescent-dye intensities, known as . The traces are output sequencing machines (such as the Perkin-Elmer Applied Bioysystems Inc. (ABI) 3700) are used for determining the base call sequences. As input to the method, Ihave developed and refined a new representation of the traces, , that I use The representation and its various refinements are also useful in fragment-assembly tasks. For example, I obtain better quality assemblies when I use representation in trimming poor quality data from the ends of sequences assembly (Chapter 4). This helps to some problems caused by noisy data incorrect base calls. Also, when used as inputs for neural networks for that use only base calls as inputs (Chapter 7). In every problem for which I 6 via the or one of its variants, I find in

ATCATGCATCTCGTAGTCAGCTGCTGCATAFigure 1-2. Fluorescent Trace Data.1.4 Thesis StatementIn this dissertation, I describe novel approaches to problems in DNA assembly. The hypothesis I put forward is that the accuracy and speed of DNA assembly may be increased by computational methods that incorporate fluorescent information, and by the use of a fragment read layout algorithm that identifies and 1.5 Dissertation OrganizationAfter background information on DNA sequencing is given in Chapter 2, the core of dissertation is organized into three broad sections: 1) definition of the new fluorescent representation, 2) case studies utilizing the trace representation, and 3) methods for assembly. In Chapter 3 I define , the new of data. Next, a study applying it to of sequence ends is covered in Chapter 4, and studies in consensus are in Chapters 5 through 7. In Chapter 5, the consensus problem is defined, Chapter 6 describes an algorithmic technique, and Chapter 7 details aneural network approach. Finally, the last section, spread among Chapters 8 to 11, methods for assembly. Chapter 8 defines assembly, existing methods, 7 describes my new layout algorithm, , and its methods for assembly. In Chapter 9, I evaluate the effectiveness of and its companion methods bycomparing it to from the University of Washington and DNASTAR Inc.�s .Chapter 10 analyzes the complexity of . I then report additional research in Chapter 11, and conclusions and future work in Chapter 12. The are followed by four Ais a glossary of terms, Bcontains for trimming algorithms, Clists pseudocode for assigning Trace-Class scores, and Dis adetailed definition of the algorithm. Finally, a list of references completes 8

Chapter 2DNA-Sequencing BackgroundThe focus of my research is methods for DNA sequencing — determining sequence of bases (A, C, G, and T) in DNA molecules. sequencing DNA fragments in their processes (Ansorge et 1986, Smith et 1986). The goal of a sequencing effort may be as modest as the sequence of a fragment of DNA less than a kilobase (kb) long or as ambitious as sequencing an genome. The sizes of genomes vary widely; a small genome is about a bases long, sequence of a typical genome is millions of bases long, and there are over 3 bases in the human genome. For clarity in this chapter, I will assume that the goal is sequence an entire genome with the understanding that may refer to any large segment of interest. In brief, the sequencing procedure consists of producing short fragments of the genome, sequencing each fragment, and the areas of the fragments to determine the overall sequence of the genome. The procedure ofbreaking the genome and sequencing the smaller fragments is necessary because only allows the sequencing fragments that are usually less than one kb long and 9

2.1 Fragment SequencingGenomes consist of two strands of DNA that intertwine to form a double helix. The twostrands are held by bonds between pairs of bases. Each of the four bases forms a with a base: Apairs with Tand Cpairs with G. In a double helix, strand of DNA is the of the other and when DNA is replicated, the strands used as a templates for synthesizing strands. Figure 2-1 illustrates a To sequence an individual fragment, first a set of sub-fragments needs to be Building upon fragments (short fragments of DNA used to prime the set isthrough DNA At each step, (A, G, C, T) and (A*, G*, C*, and T*) for to a growing sequence.whereas (Proberet 1987). The result is a set of sub-fragments that encompasses all possible lengths Each that terminates a sub-fragment is labeled with a fluorescent Since a dye labels each of the the four bases, all sub-fragments of a given length here (Ansorge et 1986).) Figure 2-2 shows an example of a fragment sequence and The set of sub-fragments is on a of gel and a isapplied. The current induces the migration of sub-fragments through the gel. Since pieces of DNA more quickly than larger ones, the sub-fragments by10

ATGATCGATCGDouble HelixReplicationtemplatenew

Figure 2-1. DNA Replication. DNA forms a double helix where each base with its Tbonds with Aand Cbonds with G. Each strand serves as a11

:CTTGCTACCCTTCGGA+GAACG+:A, G, C, T+, , , Yields �Complementary sub-fragments:GAACGGAACGAGAACGATGAACGATGGAACGATGGGAACGATGGGGAACGATGGGAGAACGATGGGAAGAACGATGGGAAGGAACGATGGGAAGCGAACGATGGGAAGCCFigure 2-2. DNA Sub-Fragments. Quantities of deoxynucleotides, and labeled terminators are added to copies of a fragment to produce aset of sub-fragments. The asterisks designate fluorescently labeled A detection device in the sequencing machine reads the intensity of each of the fourfluorescent dyes as the sub-fragments migrate past. This process is called the ,and the data produced are called . There is one set of trace data for each of the fourdyes. each is composed of measurements, the points can to form a continuous curve. A of an DNA is in Figure 2-3.12

Volt+

Voltdetector

A*C*G*T*sub-fragments polyacrylamide gel computerdata storageFigure 2-3. DNA DNA sub-fragments are placed on a plate ofgel and an current is applied. Fragments in order from to largest past a device. The reads the ofeach of the four dyes. A computer records the sequence of intensities that 2.2 Base CallingThe traces are used by base-calling software to determine the sequence of bases in fragment; this is referred to as base . The four sets of traces are kept synchronized asthey are scanned during base calling. The base caller expects to call a base at fairly intervals and calls one base for each of these intervals in a trace (Perkin-Elmer 1995). are usually about 10 to 15 trace data points per interval, and a record is kept of the points A sequence of base calls and corresponding trace graphs and sequence of intensities depicted in Figure 2-4. The sequencer calls the bases in order from the beginning (called 5�) to the end (3�) of the sequence. Calls are made by examining the values of 13 traces. Ideally, the trace values for only one base form a distinct peak. In this case, the corresponding to that is the one that is called. the traces for two or more basesform peaks. In this case, the sequencer makes a and labels the base with an N.The goal is to obtain the exact sequence of bases that is the of the fragment. Inpractice, the accuracy of the base calls made by sequencers is 98-99% for the first hundred bases (Chen 1994, Kelley 1994). (In personal observations, I see that in Trace Graphs

ATAACCATTATGACAATANAAAAACACGAAAG

Base CallsTrace intensities344 89 50 199 420 633 389 167 40 23 11 2 0 0 0 0 0 0 0 0 �0 12 34 39 42 45 33 12 180 404 654 920 789 670 556 887�87 50 35 23 12 3 25 49 106 208 324 207 135 88 47 18 6 10�12 4 33 77 10 6 2 0 0 4 23 26 22 5 5 3 1 0 0 0 0 0 0 0 0 0 0�Figure 2-4. Trace Graphs, Base Calls, and Automatic callers scan sequences of intensities, calling the base that is associated with the with the highest peak intensity. The shaded base is a labeled with an N two peaks are and the is not obvious. graphs and calls shown.)2.3 Fragment AssemblyOnce all the fragments of the original genome have been sequenced, the fragments into larger segments & 1994, Myers 1994, Rowen &Koop 1994). The fragments overlap, so an assembly is produced by the 14

regions of the sequences. The goal of sequence is to align the bases in two ormore sequences such that the number of bases in a column is Both commonly used Needleman-Wunsch(Needleman & Wunsch 1970) and (Smith & 1980) methods use to find an between two sequences. In an alignment, the bases in a column are used to the call of the column. Ordered by columns, the consensus base calls for columns form the overall consensus sequence for an alignment (see Figure 2-5). To make aalignment, a greedy approach may be used in which sequence reads are added one at ato a growing alignment. To add a read, a pairwise is formed between the and the consensus sequence of the alignment. When all sequences have been aligned, the forms a contiguous sequence of DNA that is known as a Figure Column Consensus Three sequences in a are listed horizontally. The consensus sequence is computed by making a When sequences are assembled that contain errors, there are base locations sequences align but do not agree completely (McCombie & Martin-Gallardo 1994). Aconsensus base call in these cases may be assigned one of 12 as listed 2-1. (An is any that is not A, G, C, nor T.) In some cases, it is to insert a gap by a hyphen) in a sequence to the alignment. A gap that a base is missing from the sequence of base calls (a ) or that a false base hasbeen called in one or more of the aligned sequences (an ). Figure 2-6 portrays amultiple sequence alignment of overlapping fragment reads containing some gaps 15

Table 2-1. Base Ambiguity Codes.GRTVTWABCMCDTKGHCSTV

In an assembly where the data is flawless and the sequences align to one contig and each consensus base call is A, G, C, or T. In fact, this is rarely the in the and sequencing of fragments lead to base calls.Also, the quality of the traces becomes progressively worse near the end of the RBGGATACGCFigure 2-6. DNA Sequence Four fragments are and gapped to the sequence of a segment of DNA. Ambiguous calls occur the consensus for columns (in gray) that are not in agreement. The base A difficult problem is introduced into the assembly process by that occur more than once in a genome. These subsequences are called or 16

. When fragment sequences contain repeated elements, their in a contig isnot clearly defined. Figure 2-7 illustrates this problem. Some repeats are exact duplicates ofothers, while others contains some variance. Repeats vary both in length and in number oftandem occurrences. Those that are less than a fragment read in length are fairly forward to handle, since flanking sequences can be used to position overlaps. Longer make finding correct overlaps far more difficult. Although most established programs address repeats with varying amounts of and success, the problem isfar from solved.TCTCTGCTGACTGACTGACTGTCTTGCTTGACTGACTTTGACTGACTGTCTTTACTGACTGACTGCTTCGCTTGACTGACTATCTCTGCGTGACTGACTTTGACTGACTGTCTTTACTGACTGACTGCTTCGCTTGACTGACTATCTCTGCGTGACTGACTTACTGACTGACTGCTTCGCTTGACTGACTATTGACTGACTGTCTTTCTCTGCGTGACTGACTGenomeSequence ReadsLayoutorFigure 2-7. Repeated A fictitious genome contains asubsequence that is repeated (shown in gray). Two layouts are possible whenoverlapping the repeated regions in the sequence reads. One layout results in a 2.4 Manual Editing17

In general, after assembly human editors resolve ambiguous calls to one of the four basesbefore analysis or submission to GenBank. Ambiguous calls serve to focus editors� on areas in the consensus that warrant closer is a task performed by human that visual analysis of the assembly and (Rowen & Koop 1994). As an example of manual editing decisions, in Figure 2-8, three sequences have and the consensus computed. In the shaded column the first and third sequence been as a Tand the second as a C, resulting in an ambiguous consensus of Y(CorT). An editor examines the traces associated with the sequences and observes not only the is quite good for the first and third sequences, but also that the Tpeaks in column are sharp and well-defined. In contrast, the trace for the second sequence is not asgood and furthermore, the Cpeak is not well-defined. Given this evidence, an editor is to assign a Tto the consensus call in this column. As the size of sequencing continually grows, it becomes increasingly important to reduce the need for these kinds of2.5 SummaryModern sequencing can only the sequence of DNA fragments of at one kb. The machine produces a of the dye intensities for each of the four bases scanning sub-fragments as they past a device. calling software scans the four traces in unison to detect high-intensity peaks. Processed order of migration time, the bases associated with the peaks form the sequence of bases in afragment. This process is known as . The fragment reads are joined into contiguous segments of DNA () by aligning overlapping regions of the reads. sequence of a contig is the of its aligned reads. Some difficulties in aligning determining the consensus sequence are introduced by errors in base calling. Unless methods are these and other discussed in chapters must corrected by human editors. Since manual editing is time-consuming and error-prone, a18

Screen shot from DNASTAR Inc.�s Figure 2-8. Manual Editing. Three sequences have been aligned. The column contains conflicting base calls resulting in an ambiguous consensus. 19

Chapter 3DNA Fluorescent-Trace RepresentationOne of my goals is to reduce the expense and the of sequencing byimproving the of assemblies. I that this may be by direct incorporation of fluorescent-dye trace information into automatic processes. solution requires an appropriate representation of the traces. Since existing were inadequate for this purpose, the focus of this portion of my research is to develop arepresentation of trace data that is descriptive, yet easy to incorporate into sequencing tasks.3.1 Existing RepresentationsThree tasks in DNA sequencing each uses a of the traces. The tasks are: base calling, fragment assembly, and manual editing. A A detailed representation of trace data is as a sequence of fluorescent-dye intensities. sequence for each base lists about 10 to 15 values. The sequence of isthe representation used in base calling. Base calling is a straightforward task with traces peaks that are and scaled high. The base can simply the bases(A, C, G, or T) that are with the highest peak intensities. In cases where a be made, but two or more peaks are similar, the base makes a and labels the 20

N.A second representation of trace data is a sequences of base calls. This forms a simplified representation that is used in fragment assembly programs. assembly programs align sequences of bases so that their consensus can be computed. Screen shot from DNASTAR Inc.�s Figure 3-1. DNA Fragment assembly align overlapping sequences and compute their consensus. In this example, 11The third representation of traces is as 2-D graphs made by the sequence oftrace intensities. The graphs are studied by human editors to assist in resolving calls, fine-tuning alignments, and merging contigs (Rowen & Koop 1994). The trace output from an ABI DNA sequencer is found in the data files of the ABI There are four sets of data for a of DNA — one for each of the four The traces appear in two forms; one is a sequence of raw intensities, and in the other, the has been processed via a proprietary algorithm such that trace peaks are more distinct uniform. It is the processed data that is used to produce the graphs that are made users of fragment assembly programs such as DNASTAR Inc.�s SeqmanII, Gene 21

, and My premise is that this can be accomplished by the direct analysis of trace processes. I the decisions made by human editors and observed that of their decisions are quite straightforward. I believe that with proper input many such decisions can be made The problem is that current are inadequate for incorporation into automatic processes. Sequences of intensities and undescriptive, sequences of base calls are too coarse and is lost, and 2-D graphs are to directly. My approach is to a new that captures the same used by editors in their work in such a3.2 My personal observation is that while studying traces, human editors pay the relative intensities and shapes of trace data. It is a measure of these shapesand relative intensities found in the 2-D graphs of processed ABI data that I describe in new representation. By representing this information, I can make available to an program the same that is to editors. I the new For my new representation, I am interested in classifying the shape of the data that is used for each base call. I define this data to be the data from midway between the previous call and the current call to the midway between the current call and the next call (Figure 3-2). I will refer to each of of data as base . Each set of base is composed of about 10 to 15In the regions of data with a single base call, I observe sixbasic shapes. For the representation, I classify base to six shapes. Figure 3-3 illustrates the six classes and the criteria used to distinguish them. There are three classes and three classes defined by curvature. At the 22 call location, peaks have negative curvature and valleys have positive curvature. Peak valley classes each come in three varieties: , medium, and . Whereas peaks valleys are by curvature, slope distinguishes among strong, medium, and character. Strong is by a change in the sign of the slope, is GGT ACGTFigure 3-2. Base .The new is designed the visual of the data for a single base as shown in shaded region.PeaknegativecurvatureValleypositivecurvaturechange in sign of slopeStrongotherwiseWeakshoulder with zero slopeMedium

Figure 3-3. Stereotypical Trace-Classes. and are defined bycurvature, and , medium, and classes are defined by slope. The gray single class that best it. Rather, to each of the six classes I assign a score from 023

to 100 that the amount of of that class that is by the data. Figure 3-4presents of scores that are assigned to various peak shapes scores are for clarity). The scores are on a continuum, so that any pair of scores that sum to 100is possible. In fact, the scores may sum to less than 100 since they are also adjusted to StrongMedWeak10000505000505000100

ShapeClass01000

Figure 3-4. Peak Score As the descending slope increases, the scoresThe data with a single base may a peak, or a valley, or both a and a valley. The base is at a point in the data — I assign scores for the peak and the valley that are the closest to this location. The class scores are weighted byto the location. Peaks or valleys that are closer to where the base is Sometimes I may need to make comparisons among the four sets of trace data with a single base call. For this situation, the class scores are adjusted to reflect the differences among the intensities (heights) of the A, C, G, and Tpeaks or valleys; 24

Algorithmic DetailsThe sequence of trace data points is scanned for strong peaks and valleys, then for peaks and valleys, and finally, if of these is found, a weak peak or is Assign Trace-Class ScoresAssign Strong and Medium ScoresIf no scores assigned thenAssign Medium and Weak ScoresIf no scores assigned thenAssign Weak ScoresSince multiple peaks or valleys may exist in the data, at each step, I look for the peak that are the closest to the point where the base was called. Scores are assigned based onproximity to the base-call location, relative intensity, and on the amount of strong, Each class score is adjusted as it is to the of a peak or Snew SEBNPeaks and valleys that are closer to where the base is get higher scores since they are the scores have been for all four sets of data for a the scores are modified to account for the relative intensity differences among them. Pnew =PV=V* (1 - V / max(T))25

PVTI first the data for strong peaks or valleys. An overview of the is Assign Strong and Medium ScoresFor each trace data pointCompare previous slope to current slopeIf the slope goes from positive to negative, a peak is found thenIf this peak is closer to base call location than any previous thenSave this peakElse if the slope goes from negative to positive, a valley is found thenIf this valley is closer to base call location than any previous thenSave this valleyIf a peak was found thenAssign and MPAdjust scores for peak distance from base call locationIf a valley was found thenAssign and MVAdjust scores for valley distance from base call locationA strong peak is when there is a change from a positive to a slope, likewise, a strong is when there is a change from a to a positive The slopes are measured as the change in intensity from one data point to the next. In observations, this sensitive measure of change in works well since the ABI data hasbeen smoothed during processing; insignificant changes in the direction of the slope occur. If a strong peak or valley is found, it must be checked for amount of strong character. Peaks that start at the (zero and return to the 26 scored as 100% strong and 0% medium. The same is true for valleys that start at the intensity, descend to the baseline, and return to the maximum intensity. Any other peaks orTo calculate the strong and medium scores, I measure the local size of the peaks valleys. I do this by looking on either side of the peak or valley to find extremes where change on one or both sides, the first and/or last value(s) are used. The the extreme locations are used in determining the fraction of the total height of the local that is the peak or valley. Three are thus used in the one at the of the peak or valley, and one to each side. The scores for strong and medium classes SP = 100 * (- (L + R= 100 - SV = 100 * ((L +L +RMV = 100 - ELERAn of some data and strong and scores are shown in Figure 3-5. In new representation, a peak that is 82% strong and 18% is at the location. A with 40% strong and 42% strength has been to the left ofwhere the base was called. The valley scores have been adjusted to reflect that the valley is27

IntensitiesLocationValue123456789101111142130 551528109815361110 62827631

1234567910118•••••••••••PE PR Strong Peak 82Medium Peak 18Strong Valley 40 (49)Medium Valley 42 (51)PL VR

VEVL

PE peak extremePL peak left extremePR peak right extremeVE valley extremeVL valley left extremeVR valley right extreme

Figure 3-5. Strong/Medium A base has been called point 7 (at the gray line). A strong peak is at that point and its left is point 5 where the slope changes direction. Since there is no change in the to the right of the peak, the last point, 11, is the of the right (The peak at point 4 is not scored since the peak at 7 is closer to the base 100 - 82 = 18Since the peak is located where the base is called, the scores are not adjusted forA and its right and left are at points 5, 4, and 7, respectively. 100 - 49 = 51The scores have been adjusted to the of the from the where the base was called. (The scores prior to adjustment are in parentheses.) 28

If no strong peaks or valleys are found, the data is scanned for peaks or valleys of strength. An overview of the is listed next; pseudocode the isAssign Medium and Weak ScoresFor each trace data pointCompare previous slope and current slopeIf the slope decreases (a peak is found) thenIf an increasing slope (a valley) was previously found thenIf the peak is closer to base call location than any previous thenSave this peakIf the previous increasing slope is closer to base call locationthan any previous valley thenSave the increasing slope location as a valleyElse if slope increases (a valley is found) thenIf a decreasing slope (a peak) was previously found thenIf the valley is closer to base call location than any previous thenSave this valleyIf the previous decreasing slope is closer to base call locationthan any previous peak thenSave the decreasing slope location as a peakIf a peak was found thenAssign and MPAdjust scores for peak distance from base call locationIf a valley was found thenAssign and MVAdjust scores for valley distance from base call locationA medium peak is found when a decreasing slope is found that is either preceded orfollowed by an increasing slope (a valley). The peak is located at the point where the change in slope occurs in the slope. Likewise, if an slope is orfollowed by a slope (a peak), a is identified. The of the is 29

If a medium peak or valley is found, the amount of medium and weak character iscomputed. To assign and weak strengths I the of the of the local area that is the peak or valley. I do this by first finding the locations of or following peak (for scores) or (for peak scores). Often, there is both a and following peak or valley. In this case, the first or last data point is used. The at these and that of the peak or are the three =100 * (max(L,R) - E) / max(L,R) 100 - WP100 * (E - min(L,R)) / E 100 - WVELREThe computation of the medium class scores defined here do not conflict with computation given for assigning strong and medium scores since medium and weak scoresAn of the and weak scores for some data is shown in Figure 3-6. A peak that is 85% and 5% weak is at the left of the location. Avalley with 77% medium and 5% weak strength has been detected to the right of where base was called. The peak and scores have been adjusted to that they are 30

IntensitiesLocationValue123456789101110147250 453710852880901 91112491588•

1234567910118••••••••••PE PR Medium Peak 85 (94)Weak Peak 5 (6)Medium Valley 77 (94)Weak Valley 5 (6)PL VL

VE VR PE peak extremePL peak left extremePR peak right extremeVE valley extremeVL valley left extremeVR valley right extreme

Figure 3-6. Medium/Weak A base has been called point 7 (at the gray line). A peak is at point 6 and the of left and right slope extremes are points 3 and 9 respectively. The peak scores 100 * (max(250, 911) - 852)/max(250, 911) = 6100 - 6 = 94A medium valley is detected at point 9 and its left extreme is at point 6 where aslope (peak) is found. Since there is no slope (peak) to the 100 * (911- min(852, 1588))/911 = 6100 - 6 = 94Both the peak and the valley scores have been adjusted to reflect their from the point where the base was called. (The scores prior to adjustment are ==31

Finally, if the data has not yet been in the strong or assignment steps, aweak peak or is assumed and assigned a 100% weak score. The is listed Assign Weak ScoresCompare slopes preceding and succeeding the base call locationIf previous slope is greater than succeeding slope, a peak is found thenAssign Else if previous slope is less than succeeding slope, a valley is found thenAssign weak and scores are not assigned here since that would have been done •IntensitiesLocationValue123456789101111210407 57876293810981252 136114991597

1234567910118••••••••••Weak Peak 100Weak Valley 0

Figure 3-7. Weak A base has been at point 6 (at gray line). The has a slope at point 6, so a weak peak score of 100% isEach class in the representation is now assigned a score between 0 and For some applications, I may need to use a simpler of a . For 32

cases I choose the single class that best the data. This class, the class,is assigned by first selecting peak or valley according to which has the higher sum ofscores, and then strong, medium, or weak according to which has the highest score. example, if a set of data is assigned scores of ,,, ,,and , peak has the higher sum of scores (75 + 14 + 0 = 89) to (0 + 11+ 3 = 14), and the highest scoring class is strong (75). Given this, the single class is strong peak. 3.2.2 Base-Call WeightsOne of my uses for scores is to aid in determining the local quality of the surrounding each base. The quality of traces can vary widely both among and within traces.Since I into processes, it is that I take quality differences into consideration. In making decisions, I want to give more weight information that comes from more reliable (higher quality) traces. To facilitate this goal, Iassign a weight score to each base that the of the in the of I use the scores as an of quality. My premise is that base that are highly are made from peaks that are sharp and — those classify as strong peaks. Base calls made from base that classify as are less reliable, and those made from weak peaks or valleys are even less reliable. to quality, I the scores for the traces with the bases. (For example, if the sequence of bases has been as , only the scores for the corresponding G, G, T, A, C, and Gtraces are If the strongpeak scores are high, it is likely that the trace is of good quality — the higher the scores, the of the data. On the other hand, if the bases have been with low 33

CAAATTCAGGGGNATTTTCGGTGGGG

CAAATTCAGTGGTACTTTCGGTCGTG

ACGTFigure 3-8. Quality of Trace In the top sequence, the each called base exhibits a sharp well-defined peak. The corresponding scores all show high strong peak scores. In contrast, the traces in the bottom are flattened and overlapping; corresponding strong peak scores are generally lower. The top sequence is much more reliable and is of high quality. (Actual For use in my of weights, I define a constant summary vector, V, so classes (such as ) that imply data for a base are given higher values than (such as VVMPVVVMVV]Viis the multiplier for class i V VMP V V VMV V 0In upcoming sections I describe work that uses weights. While performing tests for work, I find that V= [1 .67 .33 0 0 0] yields good results. Using this definition, the W, are between 0 and 100 since peak scores sum to 100 or less. I chose summary vector from among those listed in Table 3-1. I chose these vectors for 34

because they all conform to the 1 V V V V V V 0,while varying the emphasis on the scores for classes. Two of the vectors, in the as and , assign zero values to the three I find that these vectors consistently outperformed the others (results not reported). that not only do peak scores information, but also that valleys in aOnce a summary vector has been set, a weight for each base can be determined. than assigning a score that only the of a single base, I set scores that the of the in the area surrounding a base. To do this, I values foreach base in a window surrounding the base of and then the 1.For each base, i, in a window of size ncentered on the base of calculate the vector of Trace-Class scores, Si, for the trace associated the base that has been called:SiiMPiiiMVii]2.The dot product of Siand produces a quality measure, Wii:WiSi•V3.Average the measures to produce an overall quality score, W, for the base atthe center of the window:W1W2Wnn, of 3.35

Table 3-1. Potential Summary Vectors.V(summary vector) Vi = 5 – i5

Vi = max 0,3 – i3 Vi = 5 – i5 2

Vi = max 0,3 – i3 2

Vi = cos �5i + 1 2

Figure 3-9. In this example, the window size,

, is 3 (The ofin my work is 21, a found to work well in results unreported.) I want to the weight score,

, for the center base, sets of scores,

, have been one for of the corresponding to the first two C base calls, and a third for the with the call. The dot product of set of scores with the summary

([1 .33 0 0 0 ]) is computed. The of the is the weight for the base in Figure 3-10 graphs an of the weight values of as a base position. The graph shows a fast increase to a high quality region followed by a

Figure 3-10. Quality of Traces. as a of position the first 700 base calls of 116 actual sequences is graphed. Base calls made by sequencers are highly reliable out to several hundred bases. Reliability

3.3 Summary use programs to in the determination of DNA sequences. The computer-generated assemblies substantial manual editing to transform them into submissions for GenBank. As the size sequencing projects increases, it becomes essential to improve the quality of the assemblies so that this time-consuming manual editing may be reduced. Current uses base from rungels. I present a new

, for the base calls. In summary, I a ofPeak and valleys are divided into strong, and weak classes that are defined

In Figure 3-11, the new of as six based on the shape and of is with the previous

Figure 3-11. Comparison of Trace-Data Shown in figure are four representations of a single fluorescent trace (the trace). of is aof with a base call. A graph of the shown as a curve from the points is a representation. A much simplified is the base made from the traces. The new is a of the based the visual shape and of the data. A score from 0 to 100 is assigned each of six classes that reflects the amount of strong, medium, and weak peak valley characteristic that is exhibited by the data. A single characteristic class

Chapter 4Sequence End-Trimming Case StudyIn Chapter 3 I defined a new representation for trace data, and the question is: Does effectively of such it be used to improve the To answer this question, I incorporated the information the new into two processes in sub optimal data before assembly and the of aligned sequences. The trimming experiments are described in this chapter; work on consensus calling is covered Chapters 5 through 7. For these studies, I use of DNASTAR Inc.�s The first

I addressed is how to poor before assembly 1996). In general, as a run progresses, the of the

(Kelley 1994). This idea is in Figure 4-1. Near the

(beginning) end, the quality is high — peaks are sharp and well-defined (Perkin-Elmer 1995), but near the

(end), the is and s). The use of poor near the end tends to produce a poor assembly requires editing.

solution is to the poor before assembly (Seto, Koop & 1993,

& 1994, Rowen & Koop 1994). This is the approach explored in my work, with the goal of reducing the amount of poor quality data by a

Figure 4-1. Deterioration of Trace Trace data becomes 4.1 Existing MethodA scheme that uses sequence-specific information to trim poor quality data is , adaptation of the method (Seto, Koop, & Hood 1993). relies on assumption asthe number of increases. The isnumber of s can be used as an of trace quality. With this procedure, bases scanned in a sliding window at the end, and a count is kept of the number of that occur in the window. When the number of s is sufficiently few, the poor quality from window to the end of the is off. In the in Figure is set to 20 and the in a window is two. Scanning from end of the sequence, the boxed window is the first one two or fewer s.Figure 4-2.

The is 20 and is two. scanning from the end, the boxed window is the first to contain two or fewer

My method for that incorporates trace data via scores is Trace-Class . This method also scans data in windows. As it scans, it assigns characteristic class associated with the called base. The classes can be used to indicate of data. Base are highly are from peaks are sharp and

— the kind of as strong peaks. Base from as medium peaks are less reliable, and those made from weak peaks or valleys 4.2 Algorithmic Detailsconsists of scanning the window from the end as in , but than of the number of s, it counts the number of poor classes the base. When the number of poor classes is few, I thefrom window to the end of the sequence. In addition to allowed, I must also define . Figure 4-3 shows example in which is defined to be all classes except strong and peaks

SP and ). The is again set to 20 and allowed in the window is two. When the sequence has been scanned as far as the window, the number of poor classes is few and from the window to the

Figure 4-3. Trace-Class . In this example, class for with this base is strong

), the for trace data associated with the next base is also , and so on. are defined as all but strong and medium peaks and ). is 20 and is two. When scanning from the end, the boxed window is the first to two or fewer poor classes and in

4.3 EvaluationI and it to by the for each method over one set of data and then testing the best parameters on a second set data. I used data from the E. Genome Project at the University of Wisconsin that for an assembly of a 243 kb of E.

et 1997). sets formed in the following way. The 2021 sequences in the set of data for the assembly such only bases from 50 to 200 in

To this set, I added longer E. sequences from GenBank that were believed to fall in 243 kb section of the E. coli genome. The sequences were then assembled.

this way, only the very best data was used and contigs were formed with sequences contigs ten or more sequences were chosen for insets. In contigs, the GenBank sequences were removed and the full untrimmed length of was reinstated.

set of sequences in a formed a set, a that could be assembled. The result was 20 projects for methods. Ten projects form a used to parameters and the other ten form a test used to test the quality of subsequent assemblies using the parameters. Training and test sets were chosen such that the number of projects is equal For use in my evaluations, I the expected number of contigs and total forproject.

is formed from a single contig, in some the number of contigs is than one regions in the were by (now

GenBank sequences. To the length, I use the length of the contigs after they have been extended with complete,

Table 4-1. End Trimming Data Sets. The number of sequences is the number and the number of contigs and the are the values for

(b)˚Test Set

In addition to the projects in the test set, I my system with an unrelated set sequences. These are from a 7 kb segment of human DNA. This project has Table 4-2. Human DNA Data Set.Number ContigsContig Length

I for the and for . For , I from 10 to 50 in of five and inwindow from zero to five. For , I the from 10 to strong peaks, medium peaks, and weak peaks. Valleys were always included . Each project in the training set was assembled with every

The goal of end-trimming is to produce better-quality automated assemblies of fragments. I used three metrics to measure the quality of assemblies. One is the number contigs. In general, I want a group of sequences to assemble into a small number of (the ultimate goal is to have only a single contig). The second metric is the number in the consensus sequence. Fewer means not only the I measure the number of contigs as the number in excess of the expected number, contig length as the absolute deviation from the expected length. The number of are measured as the average number of ambiguous calls per kb. To score each set parameters, I and sum the across sets for abg where are the sums of the number of contigs, of and number of metrics, a, and are constants. I order of of the is: 1) number of contigs, 2) number of anda b g Using the above, I scored and sorted the sets. I found that, general, the best assemblies resulted when the was (40 to 50 bases), the cutoff but strong and peaks as , the to be was

5% and 10% of the window size. best when the was

(40 to 50 bases), and as settings. Next, test set were using of the top settings for and settings. The human DNA project assembled using only the top-scoring sets. As a baseline, the projects were 4.4 DiscussionI from to those andtrimming. Figure 4-4 graphs the results for the ten projects.

one exception, I that in all 10 sets by all three metrics, trimming with the method results assemblies superior to those produced after or no trimming. In each column, values are better, and a the results for and others is seen. for measures are using a

Figure 4-4. End-Trimming Results. Results for the 10 test sets are shown. average, about a 50% reduction from is seen for

On average over the test-set projects, the absolute deviation from the expected length contigs falls by over 75% and both the excess beyond the number of contigs and . The in the number of represents a in the amount of manual editing that would need to be done on assembled projects. example, in a 243 kb project, the number of to be resolved would

10,000 bases using to fewer than 5000 using . These a when is in the human project, I see a in the assembly after Trace-Class over the assemblies done after or no trimming. Table contains the results for the human DNA project. After Trace-Class , the produces contigs, to five contigs with (the number is two). also results in a 40% reduction in the number of per kb over the assembly

Table 4-3. Human DNA Project Test Results. Trace-Class yields assembly with one more than the number of contigs to with . The Trace-Class assembly had 40% fewer ambiguities than

Number ofper kb

4.5 SummaryThe key to the success of is that it uses the information contained in in the form of base in3. These directly reflect the morphology of trace data, and are good indicators of the accuracy of base calls. The does not use data, it only of bases for no-calls. Since modern sequencers base even when the is erratic, foras done in is no longer as useful for assessing I the into the assembly is part of the suite of by Inc. The version, , offered the method. The new Trace-Class Trim method until it superseded in by the

Chapter 5Consensus-Calling Case StudiesThe second problem I addressed with the incorporation of scores is (Allex, Shavlik, & 1999, et 1997). For these case studies I both an and a neural network solution. The solution is described Chapter 6 and the neural network approach is covered in Chapter 7. In the current chapter the consensus andthe of the sets used in in consensus sequences is an

—Human

Research

) set a standard for sequencing accuracy of 99.99% 1998). Unfortunately, the error for sequences in GenBank has been to be 0.3 to 0.03% & Solovyev 1994) — much higher than the standard. When sequences are translated, the on the can be Even the mutation of a single base can cause changes in the of a protein. Furthermore, the or of bases can result in Currently, is upon human and editing of consensus sequences in fragment assemblies. The hand process is consuming, expensive, and error-prone, making it unsuitable for large-scale projects. methods that produce highly consensus calls reduce errors

5.1 Existing MethodA common, to the consensus counts the number of ofin an aligned column (Staden 1982a). If the majority base count is above a given threshold of the count, base is

, or

); otherwise consensus is as the of

, and/or

). We to this method as . Figure 5-1 contains an example of the consensus

Since the only the base and not the it is prone to errors.

is no base with and those with peaks. also requires a number of to an unambiguous when a of base is not in

Figure 5-1. Consensus Four sequences are aligned and consensus is computed using . In this example, the threshold is set at The consensus for shaded is an since of four (at

75%) theare. In the shaded column, 50% of the are A and 50% are

; isor) since both are below the threshold. In the right

5.2 Test Data SetsI test the effectiveness of consensus calling methods by comparing their accuracies different distinct amounts of (number of aligned sequences). Since almost

reasonable algorithm can make correct calls when the coverage is high, I believe that can be used to a superior is its even when the is low. In addition, since every step required to sequence a fragment adds to the expense of sequencing, reducing the needed coverage means a decrease in sequencing In projects, it is to produce a of six to ten to ensure results (Li et 1997) This much is not when using a isfor a 124 kb of E. are used to consensus methods. The data for the assemblies are supplied by the E. Genome Project at University of Wisconsin et 1997).

consensus arefrom E. sequences submitted to GenBank. The original assembly of 2221 ABI sequences ranges coverage from 1 to 45 sequences. The assemblies were created with DNASTAR fragment-assembly program. Although most of the data and alignments in aregood, do vary in and some areas present more of for consensus calling. Figure 5-2 an of an region in one the test a fair of discrepancies,

Figure 5-2. Test Assembly The data used for testing is of quality. Displayed here is a region with four aligned sequences from one of the assemblies. Columns whose base are not in are with a There is a fair amount of among the base calls, implying underlying trace data. Consensus calling in this region is more difficult than in

In order to generate an abundance of test cases with various amounts of coverage, and a greedy algorithm, Minimize , to the With Minimize , sequence fragments are removed from an assembly as long as for any single does not below a (unless the is already below the threshold). The idea for the Minimize algorithm is simple. each pass through the assembly, for each sequence I the lowest coverage, highest , provided is not at or below the threshold.

more than one sequence has the same , the shorter one is removed. over the assembly are no more sequences can be without threshold restriction.

some columns will have more than the Minimize Coverage be the list of all sequences,

, in the assembly.S

Letbe the list of all sequences considered for removal. Each sequence, paired with its

While sequences whose is at or below the andthe shortest sequence with the highest

Update

, S, S, S, S, S, S, S, S, S, S, S, S, S, SFigure 5-3. Minimize (a) Six sequences, to, in a assembly. The sequences in bold,

, provide the minimization when the threshold is set to two. With these two sequences in assembly, no column has fewer than two sequences (except those that already fewer in the assembly). In addition, can be causing to below the minimum. (b) The to the assembly

4 passes.

the outset, sequences are in and. first pass removes from both lists since it is the shorter of two sequences with highest (5 sequences). Also, are removed from in first pass since their is at or below threshold — these cannot be taken out. At the end of four passes, L is empty and the two sequences,

I the Minimize to the assembly for the of coverage thresholds from two to ten. This produced nine assemblies with coverages, each with an abundance of aligned columns whose coverage corresponded to consensus only for columns corresponded to the threshold. For for the assembly with a minimum coverage threshold of three, I compiled statistics only those columns with a coverage of three sequences. The exception is that the statistics for assembly with the desired of ten columns with of ten or (rather than just those with exactly ten) since results tend to remain constant with such Table 5-1. Consensus Calling Data For each coverage from sequences to ten or more, the number of consensus calls included in test results

Number ofConsensus Calls 10

5.3 SummaryThe to is to count the number of base oftype an aligned column. This method is referred to as . With this method, if the count the most commonly occurring base is above a threshold fraction of the total calls, consensus is as a base. If the is below the threshold, an code (as is the isitupon the of calls. In the next two

I highly methods look at the trace data in the consensus. I confirm the effectiveness of the new methods consensus for a range of (number of To accumulate an adequate amount of data for testing at each coverage, I developed implemented a new algorithm, , that systematically reduces in an assembly to a level.

the an assembly of data produced abundant data for testing at coverages from two to and over.

at low coverages is one criterion that can be used to calling approaches; high accuracy at even low coverages identifies a superior technique.

addition, methods are highly at low canthe cost of

Chapter 6that directly incorporates ABI trace-data information via peak scores from the The method is based on the idea that each of the three peak scores supplies an amount of evidence that the associated base should be assigned in consensus. High strong-peak

) scores supply the greatest amount of evidence,

) scores supply the next greatest amount of evidence, and high

6.1 Algorithmic DetailsTo the consensus for a column of aligned bases, I sum the evidence,

, based scores for of the four bases. The for base is by weight values in3.2.2. The base with the highest sum is as the and its sum is the . The other bases , and sums are . A threshold 0 and 1 is specified that determines the ignorable fraction of . If the has no with greater than the threshold, the is assigned as the consensus.

for any bases surpasses the threshold, then those bases To the consensus for a column of aligned bases, two types of values must for in the the scores and a of the (quality) of the data. I use the weight scores to apply appropriate emphasis to the supplied by set of scores.

way, more higher When gaps occur in a column, the weight scores are also used to if the should be called as a gap. To do this, I sum the weights for sequences with a gap in andwith the sum of the weights of sequences without a gap. If the

Figure 6-1. Evidence in Traces.the shaded region. The will produce a high strong peak

) score, the willa score, and both the andwill produce scores of 0. A visual examination of the traces supports the premise that the of the is for a base of andis no race-Evidence Consensus For a single aligned column

For each sequence, find the quality of trace data,

, within a small centered on the column.

Sum W for each sequence with a gap in the column and compare it to sum of for the remaining sequences.

the gap sum exceeds the

Determine

, the 6x4 (six scores for each of four traces) matrix of scores for each sequence.

Reduce each to a vector,

, of four values that summarize the evidence each trace.

Multiply each value in by its corresponding to produce a vector has been adjusted by data quality.

Sum each of the corresponding s to produce a vector,

, of the evidence for each of the four bases.

Find the highest evidence

) in

; its base is the

Multiply by the threshold to compute the ignorable

Compare to each . If surpasses the maximum ignorable, then as the consensus call, otherwise use all who the maximum to determine and return an ambiguity.

I use the same summary vector,

, used for weight calculations, and defined in 3.2.2, to the scores during consensus ensures that scores supplying the most evidence (such as those with high scores)

Figure 6-2. Summarizing Trace-Class The scores,

,of the four are computed. When the dot product of and([1 .67 .33 0

0 ]) is computed, the result is a high for the

— the evidence. The values for the

, and traces are all low. When these values are used to provide evidence, the trace has the highest

Note in this the scores are for of the into the of the weight in which only the scores the with the base are computed. Here, I need to know how

For each sequence in a column, a vector,

, summarizes the evidence for each base

,). For base, the theofForm a 6x4 matrix of Trace-Class scores,

, by computing the scores each trace:

The matrix multiplication of and produces a vector of evidence

, for the possible bases:

SMultiply by the quality of the local trace data,

, to produce values,

, that have been adjusted by the quality of the data:

Sum corresponding values to produce the total evidence,

, for possible base

, where is the number of sequences in the column:

T has been consensus can be as in steps of the algorithm. An example of a consensus

Figure 6-3. The consensus base for center column of three aligned sequences must be called. For each sequence, evidence,

, for base is by the corresponding weight,

, When products are summed for the sequences, the for andis 0, for

91.8, and for is 1.3. If the threshold is .50, will be since surpasses 45.9 (91.8 x .50). In contrast, the

6.2 Evaluationcode for the new consensus was into an version of the DNASTAR Inc.�s fragment assembly program for the . been superseded by , a more powerful, commercially available, version Fragment assemblies as described in Chapter 5 are used to compare correct calls and calls. I report results for consensus calls made with from two to ten or more sequences. The threshold is set to the

75% for and to 50% for . Graphs in Figure 6-4 display the number

The results show a with the method, lower

(number of sequences). are using paired one-tailed t-test at the 95% confidence level. With a coverage of only three,

, I see a of the number of and a the method in the number of correct and ambiguous calls. With a coverage of

6.3 DiscussionI observe striking examples of the utility of the method when base calls in are incorrect. In some instances, a peak is hidden below valley. The base is often as the one with the valley. methods the consensus as this base. My new makes the consensus even when or most of the bases have been I have identified three situations in which can make incorrect

Overwhelmingly, most problems involve gaps. In rarer cases I have difficulties with evidence sums or poor-quality data. Next, I briefly describe these three sources of

In the results reported here, all of the incorrect calls at coverages above three and at half of those for coverages of two or three involve gaps in the column. The method determining whether a gap should be inserted in the consensus consists of a of gap versus non-gap sums of the weights of the in the column. the of a gap not only the in which it occurs, but also the columns side. When a gap call, it is probably necessary to consider more examine the data on either side of the base of interest. Finding a solution to calling consensus when gaps are in the would

In some instances, incorrect calls can be associated with low evidence When the sums are low, even the is often not of the call. One solution is to label the consensus as an ambiguous and defer to human editors. For the results reported in this chapter, this is the used (i.e.

arein the ambiguous category). To the evidence problem in the commercial version of , consensus calling reverts when the is less than ten. (This number was chosen as one A few occur in cases are for both and

These are usually in regions of where peaks are and defined. The for is one or more of the base is to be in such regions. For the difficulty lies in the relative locations of the peaks. the peak with the base is offset from the location. The result is when the scores are computed, a peak is or is given a low score due to its from the location. of traces may exhibit a small, distinct peak near the base-call location that is scored higher. then has more evidence associated with the small peak than with

Figure 6-4. Test Accuracy results by amount are graphed.

point is based on 20 - 68 kb consensus

1). The new method produces more correct calls and fewer

Figure 6-5. versus In the column, bases have been as a and one as a

.75% threshold, the method computes the consensus as a

.no for a

, for a

, and the consensus.

this would be even more the fourth sequence were not in the assembly. In that case, the call would have conflicting base calls and would likely go unquestioned during manual editing.

contrast, correctly computes a

, even in the absence of the

Figure 6-6. Difficult Consensus Three sequences have been aligned; correct call for the shaded column is

. calls an ambiguous for consensus since the base of, and

. The method assigns strong peak scores to the offset peaks with the and a high strong peak score for the in the first sequence. scores sum to adequate evidence for a and insufficient evidence for

6.4 SummaryThe overall goal of my work is to improve the quality and of assemblies. Toward this goal, I have developed a new method for consensus calling, , that produces increased consensus accuracy, thereby reducing manual editing decreasing the amount of coverage needed. Using the method results produced consensus sequences that are more and less ambiguous

those produced with standard a method. these a of only three, error rates are as low as those with a of over ten I accomplished this by direct incorporation of trace information into automatic calling via the of trace data. In contrast to my new method, methods use only a of

— base

— to I implemented the method for consensus calling in the version of DNASTAR Inc.�s fragment assembly program. The version, , used the toconsensus calls. In the version

, as part of the suite of has

Chapter 7Neural-Network ConsensusThe second approach to computing a consensus that I uses neural networks process trace data (Allex, Shavlik, & Blattner 1999). Given inputs from an column of DNA bases and the underlying Perkin-Elmer Applied Biosystems fluorescent traces, my goal is to train a neural network to correctly the base for the column. Choosing an appropriate network input representation is critical success in this task (Baldi & Brunak 1998, Craven & Shavlik 1993). I One significant way that my system for consensus calling differs from most methods is it processes on the shape and of traces. Other methods, such as those in the TIGR

(Sutton et 1995), and (Bonfield et 1995), examine only previously base calls when Two existing assemblers that do consider trace are (Green source code and DNASTAR Inc.�s To make a call, chooses the base call in an aligned column with the highest-quality trace by its program, (Ewing et 1998, Ewing & 1998). The used in is in Chapters 6 and 8. It and about the shape and of the in an

The sums are used

Another difference between my system and others is the use of neural networks. their introduction in the 1940s (McCulloch & Pitts 1943), artificial neural networks emerged from the realm of pure research into solutions for a plenitude problems (Widrow, Rumelhart & Lehr 1994). In recent years, interest in developing

(Rost & Sander 1993, Stolorz,

& Xia 1992, & Sejnowski 1988), of regions (Craven & Shavlik 1993, Snyder & Stormo identifying RNA polymerase binding sites (Pedersen & Engelbrecht 1995,

Neural networks often provide a good solution to problems such as these the problems involve interactions, and the strength of neural networks lies in ability to learn to recognize complex patterns. Given their success in the community, networks have the to be a powerful tool for in biological research labs. Despite this, the use of neural networks for tasks in has been explored. In one promising example, networks are to make base calls in individual DNA sequences (Golden, Torgersen, and Tibbetts Note that Golden�s work calls bases in sequences whereas the work I Figure 7-1 a brief of the of networks; can

Figure 7-1. Neural Networks. A learns to ofare of of a problem. Typically, there is one for each category of the problem; is 1 for the correct category and is 0 otherwise. First the network trained by processing a set of examples (a training . A is an instance of the problem that includes its inputs and desired During training, weighted connections in the network are adjusted so that the error the actual output is reduced. Hidden units in the network aid by allowing the to be transformed. When the difference between the desired and inputs is low, is and the network can be used to previously unseen of the problem. Future of the network by measuring a trained network’s performance on a disjoint set of In this figure, I have an of a network whose is call the consensus for a single aligned column of DNA bases when given from traces. The network is given four inputs (the

, and

, or

7.1 Algorithmic DetailsThe ability of a neural network to correctly categorize instances of a problem is upon the input

& Brunak 1998, Craven & Shavlik 1993). An aligned column of base calls and tracesRepresent the column as numerical inputsI define four features of an aligned column that can be used singly or in form input for a network. Two of the use from fluorescent traces. I believe that much valuable information is lost when the traces to base calls. My hypothesis is anetwork can the to make consensus calls that are more than those made with networks that use The inputs use are by the weight of the more emphasis is given to data. A of the of the weight I use appears in Chapter 3. One of the input features that uses fluorescent trace captures the shape of the traces. To do this, I employ Trace-Class scores as described

• Base Call FractionThe fraction of occurrences of

• Gap FractionThe fraction of occurrences of gaps.• Trace Peak IntensitiesFor each base, the trace peak intensity multiplied by its weight and over the number of aligned sequences.• Trace Peak ShapesFor each base, the strong

) and medium peak multiplied by its weight and averaged over the number of aligned sequences.

Figure 7-2. Base Call .

are four sequences in the column in this example. For each of the four bases I divide the number of occurrences by the number of sequences. The base call occurs once in sequences, so its input is set to 0.25. Likewise, the inputs for

, and are 0, and 0.5 (2 of 4), respectively.

Figure 7-3. Gap . For this example, I have four in the shaded column. For this input, I am only in gaps, so the single input

Figure 7-4. Trace Peak . Three sequences are aligned in the column. For of the four bases in sequence, the at the of the column) of the trace is divided by the maximum possible trace value. fraction is then by the weight assigned to the base. The average over weighted values forms the input for each base. In this example, the maximum is 1600 (a for ABI traces). In the first sequence, the of is 1104 and its to the is 0.69 (1104/1600). for other bases in are in the same way. The values are multiplied by their corresponding weights and the results are given in rounds to 0.)

Figure 7-5. Trace Peak To form the inputs for the three sequences in the shaded column, I using scores.

first the strong

) and

) peak scores for of the four sequence. (I found weak scores to be and do not use them.)

is then multiplied by the weight for its base. The weighted scores are given below the scores.

are two inputs for base: the over the sequences of the weighted strong scores and the average of the weighted A-S rounds to 0.)

Ifive network topologies.

has five hidden units and five outputs. The outputs for the networks always consist of four s and a single represents one the four bases or a gap. The input use of the four possible features described above. The simplest network, referred to as Base , uses an consists of the Base and the features. The network is used as the control in testing my hypothesis that inputs that include A second network, , uses nine inputs theand Gap input features. A third network,

, has five inputs that

Peak Gap input features. The fourth network, referred to

Shape

, uses both the and the well as the Gap features in its thirteen inputs. Finally, I tested one network the possible input Base Call,

,The five network are in 7-1. To a consensus one of these networks, I find the highest output and its corresponding base or gap is consensus call. Ambiguous calls may also be made by setting a threshold; if more than output the threshold, then the ambiguous is made. If only one

Table 7-1. Neural Network Each of the five networks has Network NameNumber ofInput FeaturesBase Call

• Base Call Fraction• Gap FractionTrace Shape

• Trace Peak Shapes• Gap FractionTrace Intensity

• Trace Peak Intensities• Gap FractionTrace Shapeand Intensity• Trace Peak Shapes• Trace Peak Intensities• Gap Fraction• Base Call Fraction• Trace Peak Shapes• Trace Peak Intensities• Gap Fraction

7.2 EvaluationI used the assemblies produced with the Minimize method as described in 5.2 to construct training and test sets to analyze the effectiveness of the networks. I sets in which of the for a set have the same of aligned sequences). I chose examples with coverages of two, three, four, five, and six form five sets. Each set contains 20,000 examples of data. Ten training and sets are constructed from each example set such that each network is trained on examples and tested on the remaining 2000. Each example occurs in exactly one test set nine sets from the test set. In these sets, with a desired output of are far outnumbered by examples with desired outputs of

, or

. To enable networks to learn to recognize gaps, examples are in the training sets so they occur with about the same as for base. (Note

Inc.�s NeuralWorks software was used for

Windows NT. I and of the network with the five sets.

coverage, I used 10-fold and report over the 10 sets.

the phase, in a set was processed only once results for the five are graphed in Figure 7-6. Of the five networks, find

Shape & produces the most consensus calls. a Figure 7-6. Neural Network Consensus The Trace Shape network produces the most accurate results at every coverage. With of four or more, the for networks use above 99.9%.

The network that uses only base-call information in inputs, Base , has the accuracies at every coverage except five. At a coverage of five, the other network base calls,

, has the lowest accuracy.

two or sequences, network has poorer results than any of the other four networks. when is four sequences, the Base and the Shape & is six.

six sequences, the error isin 20 kb — more than I also the of the most network, the Shape

Intensity network, to the method I developed. Here I report results using the refined version of , , that is described

8.2.1. Figure 7-7 graphs the of about 20 kb consensus output by Shape & Intensity network with the of about 680 kb consensus

. The network set is in5 and the setto test is in9.1. The consensus

Figure 7-7. Trace-Shape & Intensityversus

7.3 DiscussionIn tests, I with input In one

I inputs from a broader than a single column. My was that the accuracy of the consensus calls could be increased by extending the inputs for one or more bases to the base of interest. Parker et and Golden, Torgersen, and (1993) have values for a base by bases. For example, Parker et show the of a following a is low. Several patterns such as these are described for dye

1995, Parker et 1995). I thecould be to these patterns, but in found no in In

I provided not just a single input for trace, but

I use in scores, but than

I allow the network to process them. The network using this input required more inputs but yielded results very similar to the

Shape & 7.4 SummaryGiven inputs extracted from an aligned column of DNA bases and the underlying traces, I networks to the consensus base for the

Choosing an effective input representation was the focus of this work. I compared representations and found that networks trained with inputs incorporating fluorescent information are highly accurate. Based on estimates derived from using 10-fold the best network topology produces consensus ranging from 99.26% over 99.98% for coverages from two to six aligned sequences. With a coverage of six, calls in its input representation has over double that error rate — eight errors in consensus calls. This represents a reduction in the need for manual editing. However, I that when I compare the of the most network, & with the best consensus calling approach I have developed, ,

Chapter 8Fragment AssemblyIn this I a new system for assembly, the SLIC

,emphasis of my thesis research. First, from the discussion in

2,determine the sequence of bases in a genome or large segment of DNA, researchers the areto as reads, or simply

The overlapping regions of the fragment reads are aligned into one or more (contiguous segments) and the is used to the consensus the genome. The process of the of the reads is assembly sequence

. Assembly is by , subsequences that occur more once in a genome. When a read contains a repeat, its placement in the layout is Techniques for sequencing whole genomes and other large fragments of DNA constantly evolving. The whole genome shotgun strategy for bacteria creating a random, or library of small fragments from the whole genome, sequencing the small

This strategy is successful for genomes up to megabases in size. For larger genomes, a popular strategy involves first cloning large

(about 200 kb long), then the shotgun

(e.g. Simon & Hood 1997). To the sequence of the whole larger genome, contigs must be topositions on chromosomes. This has yet been successful in completing the sequence of a whole genome larger than that of

Although there are arguments for (Weber & Myers 1997) and against (Green the whole shotgun togenomes as

, it is thewill work with genomes than those a typical bacteria (Weber & Myers 1997). As strategies evolve toward sequencing fragments and even whole genomes, the amount of sequence data that will need to is immense. It is software in to 8.1 Existing MethodSeveral assembly software programs are commonly used to sequence large genomes. program favored by many large genome centers is , developed at the University

(Green 1997b, source code In this section, I will The method for assembly used in relies heavily on quality scores assigned to base call by �s companion base calling program, (Ewing & Green 1998). base call made by is assigned a quality score that reflects the probability error of the base call.

assembly by , pairwise comparisons of the reads are to adjust the scores. If a base is by was the opposite DNA strand or with a different chemistry, the quality score is increased summing it with the score of the call.

assembly by , base

The adjusted Phrap quality scores are also used to identify putative repeats in reads. If occur in where the scores are high, they are to be due to a near-repeat. On the other hand, mismatches that occur in alignments scores are low are purported to be due to errors. Subsequently, the are not if a is suspected. A program to , also been developed to help avoid false overlaps of repeated regions. sequences for known repeats. When found, known repeated regions are masked from

To determine a consensus sequence, selects the base with the highest quality score in each aligned column. The consensus is then a of the highest parts of the

Using the consensus can have a the depth of (number of sequences) for sequencing. In tests, the of find in aset, about 25% of the base error rates of less than one error in 10 kb. This may the need for As researchers move to sequencing larger fragments and whole genomes, assembly require software that can efficiently handle large amounts of data. As with most packages, the package uses pairwise comparisons of all fragment reads in contigs. As a rule, the for an performs pairwise comparisons

.algorithms, as the size of increases, so does the of in Using time algorithms for sequencing projects is time-consuming, even impossibly so. As an example, consider an assembly of 22,000 for a 2 mb takes about four hours using an algorithm. based

, it would take over one and a half years to assemble random shotgun fragments of chromosome of the human genome. In contrast, consider using a method that runs in proportional to

. If four hours are required to assemble 22,000 fragment reads,

8.2 The SLIC AssemblerI aoffers a gain in speed by running in that is, in practice, linear in the number of fragment reads,

. I call the algorithm

Sequence Layout into . The layout algorithm has been incorporated into a package, the

,takes ABI files as input and produces and aligned contigs with corresponding consensus sequences. Four major steps are for this process. First the reads must be preprocessed to remove both low-quality data sequence (a fragment used to carry and a fragment of interest.) Second, the offset of read in a contig. Then the are gapped and to produce an assembly. Finally, a consensus for1. Preprocess to trim poor-quality ends and remove vector sequence.2. Determine the layout of fragment reads into contigs using 3. Align the layout of reads in each contig.4. Compute the consensus sequence for each contig.Integral Ancillary MethodsNext I briefly explain the integral methods used in preprocessing, alignment, consensus-calling steps (steps 1, 2, and 4). I follow with a description of my

The first step, preprocessing to ends and are . For use with the SLIC Assembler

I have improved the algorithm developed in earlier work as discussed

As with the earlier Trace-Class , the new ABI tofrom the ends of sequences. It proceeds by assigning a quality value,

, to each base in a sequence. The score for a base reflects the base has been correctly. (Base ofalways have a of 0.)

Assign Quality Score be the individual quality for the trace associated with the base call.

be one of three quality values for traces not associated with thebase call.1. Assign individual quality values,

2. Find the maximum is the difference between and. (0 if negative):

The first step of the is to assign an individual quality value,

, to each of four with a base call. The values the shape and of the

For a of how the values for a base are consider a tall, trace peak whose intensity starts at 0, increases to the maximum, and then returns to 0.

for this peak is 100.

the other extreme, a whose atis assigned a score of 0. A trace peak whose intensity begins at 0, increases half way to maximum, and returns to 0 gets an of 50. Any from 0 to 100 is possible The of the isto the of the score in consensus calling.

differences, the one is thevalues are to the maximum height of a peak in the entire sequence, whereas the evidence scores After the four individual quality values,

, are assigned, the highest value of the not with the base is and from the for the trace. For example, consider the case in which the base is andvalues for

,andare 2, 56, 0, and 10, thefor, the highest is The score,

, score for the base is 46 (56 - 10). Scores may range from

Forbase an value,

, is also assigned. This is simply the thescores over a window of 21 bases. The serves to smooth the values and provide a of the of the in a region. The is The averaged values,

, are used for the new algorithm. To

, a user specifies a trimming stringency threshold. thresholds are in the range of 8 to 16. In general, the largest contiguous section of sequence with at or above threshold scores is retained and the ends on either side trimmed. pseudocode appears in C and an of using

I have the method for in the most version of the assembler, a part of the The second step in the SLIC is to reads into contigs. This step is emphasis of this work and I will the in

8.2.2 in pseudocode in D. the has been used to of the contigs, the reads must be and gapped before the consensus Align with SeqManII be the number of sequence reads in a contig.

reads be ordered by the approximate offset determined by

Create a new contig with sequence 1.

Overlap the read with the contig at its approximate offset.

Compute the consensus of the contig.

Find exact substring matches between the read and the consensus.

Align exact matches whose order is consistent between the readand the consensus.5. Gap and align between exact matches.

Figure 8-1. . Beginning, middle and ending segments of and base are shown. For base, the score,

, and

, for a window of 21 bases are shown below the base. In this example, the threshold is set to 12; the largest section of the read with an score above 12 retained and the ends are trimmed. The first six bases at the end of the read bases past number 465 are trimmed since they are below threshold. The center of figure shows high in the of the read is within the

In the approach, sequences are added one at a time, from left to right, to growing contig. As each read is added, its sequence is aligned to the region of the consensus it overlaps. The offset of the read in the asis used to the overlapping region. First (exact substring) (Martinez 1983) are found between the read and the consensus. Then

(Needleman & Wunsch 1970) is used to align and gap the read with the consensus consistent pairs of matches. Figure 8-2 (continued on the next page) steps

Figure 8-2. Alignment (continued on next page).

Figure 8-2. Alignment (continued from previous page). offset for reads have been by . First, 1 is used to a new contig. The second read is added at its offset. Consistent substring matches between the read and the consensus are aligned, then method is used to gap and align between the matches. The The other method, , was developed to gap and align nearly aligned Align with ReAligner Create a near multiple-sequence alignment with all sequence reads.While alignment improves do

Get next column in alignment.

Gap and align columns following current column.

First the offsets as by the are used to a near multiple sequence alignment. then makes multiple passes processing at a time, the with

When is no

Figure 8-3. Alignment. A near is using the offsets. The offsets were by the the boxed subsequence. iterates over the aligned columns, gapping

The basic for the consensus used in the SLIC is the same thein6.are and for base is summed. However, the of the evidence scores and the steps in have been refined. I will refer to the refined method as . I incorporated consensus into Inc.�s assembly program. It

With , scores are not used to determine evidence rather a single score is computed. Nevertheless, the same trace characteristics that for scores are for the set of points

, or

) with a single base are scanned to find peaks no longer used). Peaks may be as obvious as those have changes in sign from slope or may simply have a convex shape. The more the peak and the An additional change in assigning evidence scores is that peaks that occur in runs identical bases are assigned scores that more accurately reflect their intensity. Before of the calculation, peaks in runs were given low scores within a run the does not descend as low on side of the peak as it does when not a run. The to side of the peak was used for the right and in calculating the evidence score. The refined calculation in uses minimum intensities on either side of the , rather than either side of a , for extremes, resulting in more accurate scores for peaks in runs. The extremes are found

Get ExtremesIf the peak base call is in a run of identical bases thenThe left peak extreme,

, is the min of all trace pointsin the run to the left of the peak The right peak extreme,

, is the min of all trace pointsin the run to the right of the peak for summing the score for is as previously in6 for with one difference. The change was made necessary by spurious peaks scores the scores for true peaks. The false peak may be the result of dye or a read (a read erroneously discontiguous sources); Figure 8-4 contains examples. In determining the consensus, spurious peak is by its single among at other in an aligned column. When a putative false peak is found, the summed score for the associated with the false peak is reduced before the consensus. By adjusting Adjust Evidence ScoresFor each sequence in a columnIf the maximum evidence is for

, increment

Else if maximum evidence is for

Find the highest () and second highest () countsis at least 3 and is 1 thenFor each

Figure 8-4. Spurious Peaks. In the on the left, a read been with other reads. The consensus for the is an

, but with the algorithm, the high peak in top results in an ambiguous consensus of

. On the right, the is also in the shaded column, but the unrefined returns a due the high peak in the fourth sequence. When the sum of the evidence scores using the method, the consensus in both cases is an

Algorithmic DetailsThe on subsequences of bases, or , occur in regions of reads. Mers areto two or more reads are the of reads. The ismers that occur only once (or infrequently) and that can be used to tag positions fragment reads (Jain and Myers 1997). The idea of using mers to tag fragments and Actual Sequence:Fragment Reads:

Fragment Read Layout:

Figure 8-5. Using Mer Tags to Identify Overlaps.

isby five reads. The 6-mer tags read are underlined. I mer tags to the

Since the on mer tags to regions of reads, approach can work well only with data that is fairly error free. Fortunately, has now to the point athundred base per read are highly

In addition, to noisy ends of the reads, I methods based on the of the traces. These both help to ensure

The of using mers to tag fragments lies in choosing tags that most likely to be unique. In choosing tags, I consider two factors. The first is the length mers; the longer the mer, the more the mer is unique. In theofmer tag is by the length of fragment read overlaps and is set before processing.

second is the number of of mer in the set. If a mer occurs often than expected, I suspect that the mer is part of a repeated region of DNA A brief overview of , the linear-time layout algorithm, is listed next; pseudocode appears in Appendix D. I make three linear scans through all of the base Initialize all variables and structures.

Read sequences.

Count occurrences of mers in all fragment reads.

For each fragment read, choose mer tags using mer counts.

For each read, if a mer is chosen as a tag for any previous read, chooseit as a tag for the current read.

Make contigs.In the initialization step, all variables and structures are cleared. In the second sequences are read and stored. In step three, I scan of the reads of the of the of mers. In the fourth step, I choose mer tags for read. The fifth ensures if a mer was previously chosen as a tag for any read, it is chosen for reads in which it occurs. In the last step, the lists of reads with mer tags are used

The goal of the first scan (step 3 in the overview) is to obtain a count the occurrences each mer of fixed length that appears in the data set. (I use the counts in the next scan determine which

-mers to prefer as mers used to tag overlaps of reads.) I process fragment read in turn, the total tally of counts for each

-mer that occurs. counts are kept in a hash to preserve the of the In the table, the integer value of an encoding of the first first bases of the mer specifies bucket. In the encoding, two bits are used to represent each base call;

, and by 00, 01, 10, and 11,

Since two bits base in the the length of the table is

. The last bases in the mer specify a mer record in the

Figure 8-6. Mer Bucket and Chain Hash Table and Lists. a) This is of in a hash of mers. In this example,

= 8 and the of the is 65,536. The values of the 2-bit of the 8-mers the table. b) I use the last bases in the current mer to find the corresponding record for a

In this example, consider the following mers where

= 8 and

= 4: GCTTGCTAGTCA, and first bases are so hash into the at index 31,352. The last bases I have so far one mer of GCTTGCTAGTCA, six of and ofthe end of step 3, is one record for

Before counting, a threshold is set that specifies a maximum number of When the number of surpasses the threshold, the mer is as a repeat. to be a subsequence. Since my goal is to choose unique mers, I do not the repeats. The for the threshold is 150% of redundancy. read lengthi

�i = 1

numberof reads

sequence length

The numerator can be estimated by multiplying the number of reads by the expected Count MersFor each read in a data setFor each mer of length in the readIndex the hash table using the first bases in the mer bases in the mer thenCreate a new recordIncrement the mer count in the recordIf the count exceeds the repeats threshold thenmark the mer as a repeatset of unique mers for of the reads. any number mers can be chosen for each read, but I need to balance completeness with efficiency. If choose too few mers, I risk missing some overlaps. In choosing more mers than necessary, I waste storage and processing time. One obvious answer is to choose two per read — one at end.

data, this is sufficient, but given thenear ends is more error-prone, overlaps may be missed using this scheme. Figure 8-7 some problems with various numbers of mer tags. In

I choose to

Actual SequenceCorrect Fragment Read Layout

Contig 1

Contig 2

Figure 8-7. Unidentified Overlaps (continued on next page).

Contig 1

Contig 2

Figure 8-7. Unidentified Overlaps (continued from previous page). As I the second scan, I first read into as many as the number of mers per read. Then, if possible, a mer tag is chosen in of these partitions.

use a to choose a

I prefer mers with the fewest number of (The number must be at least two to identify overlapping fragments.) Again, my premise orare ties in the number of and my mer tag is upon which I am processing. Ideally, I want to choose mer that are at either end of the fragment read and spaced evenly throughout the rest of the Given this, if I am choosing for the first partition, I choose the first mer with the occurrences. Conversely, if I am choosing for the last partition, I choose the last mer with fewest occurrences. For partitions, I choose the mer with the fewest

Actual SequenceFragment Read Layout

Read 1

Number of Occurrences:Figure 8-8. Breaking Mer Tag I show an actual sequence and reads. I want to choose

8-mer tags per read. Before choosing mers read 1, I it into partitions. Then I the number of mer for partition. In the first partition, I do not choose any of the first four mers they occur only once and can not identify an overlap. Next, I have an eight-way with two each. I want a mer the end, so I choose the first mer the tie. In the partition, I want to choose one of the mers with two since that is the fewest. I break the tie by choosing the mer nearest the center of partition. In the last partition, I choose the last mer with three occurrences so that mer will be as near to the end as possible. Each mer tag chosen for read 1

Choose Mer TagsFor each read in a data setDivide the read into partitions.

is the specified number of mers per read)For partition 1 (choose the first mer with the lowest count)While a mer tag is not chosen

If the mer is not a repeat thenGet the count of the occurrence of the merIf the count is greater than 1 then choose the mer as a tag

For partitions 2 to

- 1 (choose the most central mer with the lowest count)For each mer in the partitionIf the mer is not a repeat thenGet the count of the occurrence of the merIf the count is greater than 1,less than or equal to the count of a previous mer tag,and nearer to the center of the partition than a previousmer tag thenChoose the mer as a tagFor partition (choose the last mer with the lowest count)While a mer tag is not chosen

If the mer is not a repeat thenGet the count of the occurrence of the merIf the count is greater than 1 then choose the mer as a tagThe third scan through the

(step 5 in the overview) ensures if a mer was for any read, the mer is also chosen for other reads mer. The summary

Choose Previously Chosen Mer TagsFor each read in a data setFor each mer in the readIf the mer is already chosen as a mer tag for any read thenChoose the mer as a tag for the current readBy doing this, reads will be in the same contig. The this step is shown in an in Figure 8-9 where a mer has been chosen as a tag by fragment in the second scan, and is chosen in the third scan by another fragment that

Actual SequenceFragment Reads

Scan 2

Scan 3

Figure 8-9. Choosing Mer Tags.by X, A, B, C, and Y. Regions A, B, and C themer tags will chosen in scans 2 and 3. In this example, I am going to choose two 8-mers per i.e. I divide each read into two parts and choose a mer in each partition possible.

tags chosen in the second scan are single and those chosen the third scan are double underlined.

arereads in the set.the second scan, there is no mer to choose for the first half of read 1 since the occur only once. In the second half, I choose the the mer closest to the end of the (BBBBBBBB). For the second read, I choose the mers closest to either and CCCCCCCC). The mer tag chosen for the third read

CCCCCCCC.

this point I have a reads 2 and 3, not reads 1 and 2. In the third scan, I choose

Note that the amount of storage and processing time can be reduced by incorporating check for previously chosen mers in the second scan. In that scan, if a mer in the has been previously chosen, the mer can be chosen as the mer tag for fragment. However, for previously chosen mers in the second scan does Scan 2

Scan 3

Figure 8-10. Choosing Mer Tags More I have the same sequence, regions, reads, and number of mers as in Figure 8-9. Again, in the scan, I choose the mer BBBBBBBB for read 1. For read 2, I choose since it is in the second half and was already chosen for read 1. Note that I do choose CCCCCCCC for read 2 since I have chosen a mer for the second The mer tag chosen for the third read is

CCCCCCCC. Even though I previously chosen mers during the second scan, I have not established a reads 2 and 3. To the overlap, I need the the third scan in which choose CCCCCCCC for read 2. I have, however, themerI must store and process.

tags chosen in the second scan By the end of the third scan of the data, I have a list of mers have been chosen as for reads. Associated with each mer tag list is a corresponding list of all fragment reads the mer. This is the I will use to the of reads To form contigs, I iterate through the lists of chosen mer tags, checking the of the reads (The analysis in

10 why this pairwise does not the of algorithm.) The is necessary to ensure the mers tags overlaps of reads. Figure

Actual SequenceFragment Reads

Overlaps (via mer

Figure 8-11. False Overlaps with Non-Unique Mer In the example, have an actual sequence and four fragment reads. Sections of the fragment by A, B, C, and D. Note the read by B is repeated. When the B mer tag for the four reads and the pairwise

I that the four reads do not match and should not be overlapped. At the same time recognize that the first two and the last two reads match so I divide the list into Although in theory all mers chosen as tags are unique in the original large fragment

DNA, this is not the case in

Some mer tags chosen may not be the comparisons help to identify these tags. For the comparison, a threshold is set that the ofThe is in a window over region so an good in one region does not for poor match in another. See Figure 8-12 for an example of the need to checking in a window. Pseudocode for in a

Figure 8-12. Pairwise Similarity in a Rolling This two fragment reads (�?�s mark mismatches). The overall match similarity is

(49/60) which would an 80% threshold. However, if the read is good be aligned. By doing a with a window of size 20, I find lastwindows have ranging from 45-75%. These below an

Check SimilaritySet all positions in

SetSetSetAlign overlapping regionStart scanning with the first aligned bases in the overlapWhile <= max_mismatches and morealigned bases in overlapSubtract

If the aligned bases do not match thenIncrement Set

Increment , wrapping when necessaryAdvance scan to next aligned basesthen similarity is OKthe pairwise checks, reads in a list have pairwise overlaps. However, if any of the are in a contig, I must then also the pairwise of in the with any in the (The in anot the mer, but some the fragment reads in the current list.) An example in Figure 8-13 illustrates the need

Actual SequenceFragment Reads

Contig 1 via mer(fragments 1 and 2 are in the list of reads)

Contig 2 via mer(fragments 3 and 4 are in the list of reads

Overlap of Contigs 1 and 2 via mer(fragments 2, 3, and 4 are in the list of reads)

Figure 8-13. False Overlaps with Sequencing Errors. I have an and four reads. Sections of the are by A, B, D, and E. This time, in read 1, the first B aoccur in the read list for BBBBBBBB. When I consider the of 1 and 2, it is clear that I need to check the overlap of fragment 1 with others even though it does not appear in the list. To avoid the risk of

If not regions in contigs and reads in a list have I divide the list into new lists such that all the overlapping regions specified by each list have sufficient similarity. I can then proceed to form contigs with the reads in the lists.

in this is a list of reads and offsets. If no read in a list is in a contig, a new isandother reads in the same list are added to it. If at one is in a contig, then other in the same list not yet in a added to it. If any other fragments in the list are already in a different contig, the Make List into ContigIf no reads in the list are in a contig thenMake a new contigAdd all reads with their approximate offsets to the new contigElse (at least one read in the list is already in a contig)Add to a contig each read in the list that is not in a contigIf the reads in the list are in more than one contig then merge the contigsFigure 8-14 gives a brief example of making a list into a contig and Figure 8-15 Read Index

1. Add read 63 to contig 32. Add read 15 to contig 33. Merge contigs 3 and 4Figure 8-14. Making a List into a Single A mer tag list reads, two in contigs and two not. First the two reads not in a contig are added

Actual SequenceFragment Read Layout

Contig 1 (via mer

Contig 2 (via mer

Merged Contigs 1 and 2 (via mer

Figure 8-15. Merging Contigs.mers. The list of fragment reads for mer GGGTATCA indicates that the reads the of the through the list of mer tags, I have a list of contigs.

is as a list of about the reads are in contig. The an for the read and the offset of the read the contig. Figure 8-16 contains an example contig list and the implied layouts of

Read List

Contig 1Contig 2Contig 3Figure 8-16. Contig Three contig lists are shown. Each list contains and offset for read in the contig. The reads are ordered by offset in lists.

I have in the 6 steps for the ofusing the algorithm. First all variables and data structures are initialized. Then scans of the reads are executed. The first counts the number of unique mers occur the data set. The second scan chooses mers (subsequences of bases) to tag the reads. In third scan of the reads, any mer tags were previously chosen for any read are chosen tags for every read in which they occur. Finally, in the step 6, the mer tags are used the of reads. tags reads are and a is used to if the sequences should be overlapped. reads sufficient are joined in a contig. Information for each contig includes an 8.3 SummaryAs the speed of producing sequencing data increases, methods for large amounts of data in a manner must be developed. Fragment programs favored by pairwise of fragment reads, resulting in assembly times that are proportional to

2 (where is number of reads). I have an for layout, SLIC

Sequence into ), avoids pairwise comparisons of reads. By using a hash store and on the subsequences occur in reads, the

Theis into a for assembly,

. The assembly steps in the

1) preprocess to quality ends and remove vector sequence, 2) the layout of fragment reads

, 3) align the layout of reads, and 4) compute the consensus sequence. I incorporated two of the revised methods described in this chapter, , into the latest version of . It is as part

A comparative evaluation of the with and DNASTAR

Chapter 9Evaluation of I compare assembly performance of the

Sequence Layout into ) from the University of and Inc.�s . In is used many researchers, those in centers, consider to be the assembly package of choice. is included since my earlier work

Kayak XUa 450 and 256 MB running NT

In my

I SLIC

9.1 Data SetsI used four sets provided by the E. Genome at the University of Wisconsin the of . The sets ABI 377 reads from E. H, J, K, and L from the

. Genome et 1997). The segments are 211 to 265 kb long and 3000 reads set. The sets are in 9-1. The inputs for the tests are ABI 377 files.

Table 9-1. Fragment Assembly Test Data Sets. E.

segments H, J, K, L are used to of with and .

E. coliFragment Length (kb)Number of Reads

9.2 Time of the programs processing of the before assembly to results. In the case of , this data, removal, the entry order of the reads. requires trimming low-quality data and removal. performs best when base calls and error have been assigned

(Ewing & Green 1998). In addition, program, is

On the four sets, runs in about two thirds the it takes to run from 52% to 93% of the it takes to with . Figure 9-1 shows the results tests in a bar graph with preprocessing and assembly times. Note when preprocessing steps are included, assembles reads faster than either of the programs for four segments. The from the and assembly to the assembly is at the 95% using a Since I propose that the linear run-time of the layout algorithm makes it well-suited to assembling large numbers of sequences, it is important to establish scalability. To do so, I used to determine the layouts of data sets with numbers sequences ranging from 2925 to 17,233. For comparison, I also the same with . A graph number of sequences to of are shown in 9-2. In the graph, for a with is strong and the

Figure 9-1. Assembly Timing Results. four E. segments with the methods is shown. In one segment, K, the assemble using is the minimum among the three methods, although the time to preprocess and assemble with is still less. In the other three

Figure 9-2. Scalability of . The execution times for executing compared to with a range of numbers of sequences is shown. With relationship remains linear with increasing numbers of sequences. The 9.3 LayoutThe layouts produced by , , and differ most significantly in of repeated regions and in the number of contigs produced. A layout of reads in a contig is when all overlapping reads are correctly placed to the E. sequences. In the layouts, some contigs contain — reads that erroneously overlapped due to repeated, or nearly repeated sequences. A false join Figures 9-3 through 9-6 show the layouts produced by the programs. In the horizontal black bars represent individual contigs. To display the relative positions of contigs, the bars are aligned with the GenBank entry for each segment (the horizontal

bar). Contigs containing false joins have been split and correctly placed relative to GenBank sequence. Scissors where contigs have been split and thin lines The forKfalse joins and for

H one. Both and fold a tandem repeat in segment L. In addition,

Figure 9-3. Layout of Segment H.

Figure 9-4. Layout of Segment J.

Figure 9-5. Layout of Segment K. .

Figure 9-6. Layout of Segment L. avoids. Figure 9-7 graphs the number of contigs than 2 kb) by of the programs for the four data sets. The number of contigs initially produced as well as the false joins are graphed. In general, produces fewer contigs than or . Since does not of poor before assembly, makes full use of consistent fragment reads. The trimming that is required for results in some gaps contigs. In addition, overlaps could have contigs may not be if they are short, if are no mers in common, or if

insufficient in the overlapping region of the reads. Some instances of may be due to trimming that is too conservative, leaving noisy When using , the is by a step I added makes a post pass using

Figure 9-7. Number of Contigs. The number of contigs greater than 2 kb length produced, both initially and after breaking false joins is shown for the methods. has the least for all segments. produces fewer contigs

It is possible the produces layouts upon the order of fragment reads. Recall that in step 4 of the algorithm (Section 8.2.2), increased by incorporating a check for previously chosen mers in the second scan. In scan, if a mer in the has been previously chosen, the mer can be chosen as the mer tag for the current fragment. This check introduces order-dependency the algorithm. To the of to the order of reads, I of the four E. segments five times, using a random order of reads.

general, the contigs produced are essentially the same; the majority contain exactly the number of sequences in the five assemblies. Of the remaining, the in number of sequences for the same contig is 0.7%. For segments K and L, the same was produced for five assemblies. For the other two segments, H and J, the layouts are the same in four of five assemblies. In the fifth, one contigs in was split two separate contigs. Note that since orders fragment reads during varying the input order should have no effect on resulting assemblies. Tests on

9.4 ConsensusAs part of my testing, I the of my , , and . The is in also earlier, in

5.in aone base quality score as assigned by (Ewing et 1998, Ewing & Green 1998) All three methods have a system for identifying low-confidence consensus calls warrant manual examination. To indicate low confidence, and return ambiguous calls, and returns lower-case calls. In reporting the accuracy consensus sequences, although the obvious of lower-case calls is they must be examined individually, lower-case calls can also be interpreted as consensus calls. I report results based on both of the calls. For one set of I interpret lower-case calls as definitive and set thresholds for such no ambiguous are made. For other tests, I calls as ambiguous and set the thresholds for the other methods to default values that The accuracy of consensus calls made using the and are based on an assembly produced by the SLIC using ABI and the gapping and method. The of using the are on a assembly takes base and scores as input. For

I report the of about 680k consensus are with the E.

case are as are in Figure 9-8 and In Figure 9-8, the number of correct calls per kb are graphed by amounts of coverage two to ten or aligned sequences. returns the same or higher

Figure 9-8. Consensus Accuracy with No Ambiguities. The of consensus is equal to or higher than the other two methods for

9-2 lists a summary of the consensus for columns with of four or reads and no ambiguous calls. The method produces consensus per 20 kb, to about one in 13 kb using the and about one per 4 kb for the method. The the results of and the with four or more sequences are Table 9-2. Consensus Accuracy with No Ambiguities number of consensus per kb are for the , and consensus calling methods. The listed are for columns with

Correct per kb

Test results when thresholds in and allow ambiguities areambiguous are in Figure 9-9 and In Figure 9-9, results of the tests are graphed by amounts of from two ten or sequences. The graphs a number of by , at lower coverages. The number of is very for and for ofor more.

the 95% the differences between correct calls and ambiguous calls made by

9-3 lists a summary of the consensus for columns with of four or reads when ambiguous are allowed. The error for and are low; both make three or fewer errors per 100 kb. However, number of ambiguous calls is far less for . Respectively, the methods output 377 and 472 ambiguous calls per 100 kb, compared to 8 for . This is a significant reduction in the number of calls that must be manually when using . In addition, note that when ambiguous calls allowed, is the only produces an of 99.98% meets the National Human Genome Research accuracy standard of 99.99% hand editing (NHGRI 1998). In the results of using four or more aligned sequences ambiguous calls, the differences between using and the method In Table 9-3, although the number of is far less with with , the amount of error is slightly higher. This result suggests that there may be trade-off between accuracy and ambiguities. However, when I sum results for coverages eight or more, the error rate for both the methods is 0.01 per kb. Even with the equal rate, outputs many more ambiguous 120 per 100 kb to 1 per .

Figure 9-9. Consensus Accuracy with Ambiguities. returns far than either of the other two methods. At coverages of four or more,

Table 9-3. Consensus Accuracy with Ambiguities The of correct, incorrect, and ambiguous consensus calls per kb are listed for the , , and consensus methods. The per kbper kbper kb999.89

I examined consensus calls that are not in with GenBank and find errors usually occur due to the of the with base calls.

an aligned column, even though one or even the majority of the base calls is correct, consensus is if the highest score is with a Figure 9-10 two examples, one in which the erroneous is a gap and the other Many consensus errors occur when a nearly equal number of gaps bases are in the column. In general, if the sum of the weights of the bases sum of the weights, the consensus is as a base, and is as a gap if the gap sum is than the base weight sum. errors are by when for a spurious peak the sum of the for true peaks. This has been diminished by the described earlier in Section 8.2.1, but has not

Figure 9-10. Consensus Errors. returns incorrect

Figure 9-11. Consensus Errors. 9.5 AlignmentTo the two methods, and ReAligner (Anson

Myers 1997), I report the of to align, the number of in an the consensus of alignments. First, I the to of the methods. As can be seen in Table 9-4, on average over four E.

Table 9-4. Alignment Time.segments H, J, K, and L in

For the second comparison, I count the number of base calls that are in conflict with consensus in the four E. segment assemblies. A higher-quality alignment should fewer conflicts. Table 9-5 lists the number of conflicting and total base calls found in comparison. (Gaps added by the methods are in the base counts.) The is very for the two

1.45% for and 1.48% for .

hypothesized that with the low error rates produced by the

, even this could have some on consensus accuracy. To this belief, I consensus of the two methods (Figure 9-12.) I find theconsensus appears to contain fewer errors, the difference is not Table 9-5. Alignment Conflicts.Number ofBase ConflictsTotal Numberof Bases

Figure 9-12. and Alignment Consensus The of 242 kb of consensus forJ is graphed. The I also observe that tends to add more gaps than in areas of in longer alignments. Figure 9-13 this with a produced by and for the same region of sequence.

isdisadvantage with using either method by this criterion since the consensus for

Figure 9-13. and Five sequences the first four well throughout length, but the fifth one has a end. a) adds gaps to the sequences to the noisy end. b) aligns by more among the since does not seem to be any the accuracies of alignments produced by and , the preferred 9.6 Quality Scorestrimming is to the effectiveness of the SLIC

. If trimming is conservative, noisy ends may prevent elongation of a contig and trimming that is aggressive will result in a loss of overlaps could contigs. The algorithm employed in the preprocessing steps of the SLIC is based on scores associated with individual base calls. The most scores should have a with the of base calls. To the of such a measured accuracy as a function of quality score. Results are graphed in Figure 9-14. percent of correct base calls obviously rises along with the quality scores for scores up about 20.

20,the of base slowly increases, the range

Ideally, I would like to obtain a linear relationship between quality score and for the of scores. However, the low for above 20 is not a since scores are used for thresholds in trimming. The thresholds I are in the 8 to 16 range, well

Figure 9-14. Accuracy as a Function of Quality Score.about 20.

9.7 Discussion and SummaryOverall, the produces high-quality fragment assemblies. It in every of this and produces results or superior to in most ways. In the assembly and consensus are a proven of the

. Not only does the consensus sequences produced by the have low error rates that compete with , they also contain far fewer

The takes a simple approach to detecting repeats. The approach is mer overlaps when the number of mers exceeds some fraction above expected coverage. This method resulted in fewer false joins than , but one Arguably, the most significant weakness of the is in its need to trimmed fragment reads, resulting in fragmentation into multiple contigs. In experiments using a lower trimming stringency with , even more contigs are since mismatches in noisy ends cause the pairwise similarity to fall below threshold.

does do some trimming, but only by base in the context of all other reads in an assembly project. This allows the confirmation of data. The used in preprocessing for the trims sequences without regard for other reads in the project. This is a As part of the evaluation, I compared the and alignment algorithms. Although the number of conflicts in a alignment shows small decrease over the number in a SeqManII alignment, the decrease makes no difference in consensus accuracy as shown in Figure 9-12. However, due to its shorter time, is a than for layouts in

Even though the scores produced by the are for in the trimming, of the score is for future work. In analysis, only scores below about 20 are highly to base correctness. Since preferred trimming thresholds are in that range, the quality scores work well for However, quality scores are also useful to apply to other problems in DNA sequencing. example, many researchers want a of the of reads so The provides a fast and system for in the system will be by it to in the of reads in a project, in a more manner, and produce

Chapter 10Computational Complexity of In the of the is with

, the number of reads. The analysis on the assumption a practical upper bound to the size of the mer tags that depends neither on the number fragment reads nor on the length of the actual sequence. In theory, the may analyzed as n log

, but in practice, the assumption is valid and the complexity of

n � scf s � nfc t � smf

A mer tag size of provides possible unique tags since are four bases. I have at as many possible mer tags as the number of tags I choose. Given this and

4k � t 4k � smf

4k � nmc

k � log4nmc k � log4n + log4m – log4c k � log4n + constant

At this point, it appears that the size of the mer tag,

, is a function of

, the number fragments. this is true in theory, in is an upper bound to

. The bound can be by using a Poisson distribution to the probability that random

-mer occurs more than once in a sequence (Studier 1989). The probability that

P p = xpe– xp! x= s4k

P �2 = 1 – P 0 + P 1

When I consider a genome ten times the size of and graph the probabilities various sizes of mers (Figure 10-1) I see the of two or more mer zero near a mer size of 19. This can be used to a upper

Figure 10-1. Mer Sizes for a Large The abase pairs.

sizes from 15 to 21 are graphed. The zero at

Anupper bound on is set by the of reads.

present, some technologies produce reads in excess of 1000 base pairs, the usable portion is about 500 base pairs long. Clearly, the mer tag size must be less than this or the useless for overlaps. I can theupper bound on the mer size is set by the of the nor of the number of reads, but on length of fragment overlaps. In the case, the bound is 500. I consider

, the size of mer tags, to be a in my analysis of the the algorithm. Given this assumption, an analysis of the complexity of individual steps

Initialize all variables and structures

Read sequences

Count occurrences of mers in all fragment reads

For each read, choose mer tags using mer counts

For each read, if a mer is chosen as a tag for anyread, choose it as a tag for the current read

Make contigsFigure 10-2. Computational The Step 1 is in time. The structures used are the hash for the mers, the list of reads, and the list of contigs.

of the in the table is an empty list of mers. The time to accomplish its is therefore since the length of the table is dependent upon the size of the mer, which is constant. fragment read and contig lists are both empty at this point, so the time to clear them is

In step 2, I read once through each of the fragments� base-call sequences

. Step 3 requires a single read through of the sequences, of mers. To read the sequences takes to

. To count the mers, it is to access a andhash table. The size of a mer,

, is+.in the the of an of the first first bases of the mer a bucket. In encoding, two bits are used to base

, and are by 01, 10, and 11,

Since two bits base in the

-mer, the of table is

. The last bases in the mer specify a mer record in the chain. Indexing the takes in since I use the of the of first bases of the mer as the index, and the last bases to specify a record in the chain. length of the mer lists that form the chain of the hash table can be at most

. Since constant, accessing a mer in the list is also constant. The overall of this step

. During each of steps 4 and 5, I again scan through the base-call sequence of each of reads, the hash once for meris in the

The scans require time proportional to and accessing the table is constant. In addition, new mer tag, I add onto the mer�s list of reads. I always add to end of the list, so this step takes time. The for of steps 4 and

In step 6, I through each of the lists in the hash table of mers, possibly contigs with each of the fragment lists associated with mer tags. Since the greatest number of mer tags can be chosen is

, and x + is a constant, the number of mer lists that must be processed is constant. (Note that the number chosen is much than

). awith of the mer tags lists is also constant.

I set threshold for the maximum count of mer occurrences allowed before a mer is marked as repeat. This keeps the maximum length of any list at less than the threshold, so the lists constant in length. (Recall that the threshold is a function of the depth of coverage sequences, which is a constant usually about 6 to 10 sequences.) Since the lists� lengths

I have shown that, in practice, the computational complexity of the algorithm to, the number of reads. The first step is in time, series of scans through the reads in steps 2 to 5 with to, the contigs in step 6 is also linear. The analysis is based on the assumption is a upper bound to the size of mer can be used. Note calling errors in the data set may result in production of an inferior assembly, errors do

Chapter 11Additional Related Research into methods for has been ongoing since the of methods.

asas the 1970s, Rodger Staden published a of papers describing software programs designed to analyze and manipulate sequence (Staden 1986, 1984a, 1984b, 1982a, 1982b, 1980, 1979, 1978, 1977). Recent work various researchers has progressed into methods that use artificial intelligence, algorithms, and examination of fluorescent trace data. In this chapter I review methods for assembly, base calling, and assessments. I also 11.1 Fragment AssemblyThe assembly program was in8. Here I five other , , , 11.1.1 The

, at the for Genomic , was used to the 1.8 mb

(Sutton et 1995). In the assembler, a pairwise ofreads in a set overlaps reads. pairwise comparison for reads is a function of

. To speed up this step, rather executing a full alignment (Smith & Waterman 1980) on each pair, of the number of substrings to both reads is performed.

those the pairwise comparisons, regions are in reads an overly number of overlaps.

of these reads is and is out with a higher stringency. In addition, are used help properly place sequences that have been identified as potential repeats. The between some pairs of reads containing a repeat may be known. In that case, if a containing a repeat already has its paired read in a contig, then only regions at the The consensus is by the base in an column.

is produced the number of reads in the with of, and . consensus upper and bases

, and

), , two-base codes

), and

. Aset of determines the consensus call based on the profile. If the largest component in the profile greater than two-thirds the total, an upper-case base or is called. If two components are significant, a lower-case ambiguity is called. If the largest component and two-thirds the total, a base or is called. In cases, a lower-case is called. Lower case letters when the confidence in the call not high. In addition, if the in a is not high, the following the gap lower-case. Using this method, in the consensus

11.1.2 The Genome Assembly

) uses a greedy approach to fragment (Bonfield, Smith, & Staden 1995). First a companion program, assigns values to base calls and trims reads to remove poor quality data and vector. Then, one at time, each read is added to a contig if it is sufficiently similar. First the read is other reads for subsequences. An is then the andother read for which it has a match, and the of is noted. read is overlapped with the read with which it has the

(over threshold). If the read aligns well with more than one read, then is with the sequence, it is used to join the contigs of the two The program can also use constraints. To use the constraints, the of a read may be to an given from an read. If an threshold can be found for the read within the region, the read is added the contig. The program also allows for a of to be used.

tag is used to 11.1.3 is an improved version of the Contig Assembly

) (Huang 1996). assembly methods for are at the core of the ABI Prism . program assembles reads in three phases: 1) overlap detection, 2) contig formation, and consensus

In the first phase, a which pairs of reads likely to overlap. Between all such pairs, the match is computed using a variant the alignment algorithm (Smith & Waterman 1980). Error vectors and used to the strength of overlaps and to reads. In second phase, a assembly is formed by pairs of reads in of pairwise similarity. Inconsistent overlaps in the assembly are used to and partition repeated reads. The partitions are used to establish the final assembly. In 11.1.4 A method called that is reported to run in time less than is described on Genome Sequencing web site

1998). The basic thisis to the

I use in my algorithm. The uses mers as tags to overlaps in reads. By using a hash table, is to at ais to n log

. It thus appears to be based on algorithm capable of performing sequence assembly more quickly than programs using algorithms. However, the linear algorithm I have developed, , performs assembly proportional to

, and is faster than . Since the details of are not yet published, other possible are not known.11.1.5 Genetic AlgorithmsA unique approach to sequence assembly is to use genetic algorithms (Parsons & 1995, Parsons 1993). In this work, the of a set with isa bit string with

*bitsbits per where

. For fragment, the of its bits the position of the read in the layout.

to the

*string is an bits used to the in the layout. The of the bit string is then

+ 1) *

. Standard operators are used while the mapping from strings to layouts ensures that legal layouts are generated. The fitness function evaluates strength of overlaps reads in the layout. Two of the fitness were developed, one is to and the other to

. on which

Inwork, although the genetic algorithm approach produced good layouts for sets under 20 kb, the search space often led to the to find good solutions sets. work produced results with a 35 kb set, but this size still far from the size of sequencing projects undertaken by large sequencing centers and far less than most whole genomes. drawback of the is its deal with highly conserved repeat regions. With the presence of repeats, the

11.2 Base CallingCommercial companies, such as ABI, that perform one of the most commonly used calling methods for fluorescently labeled sequences have not disclosed their However, some for base on has been andA system ispopularity, ABI base calling, is (Ewing 1998). Tibbetts, Bowling, and Golden (1994) have studied using networks for A base reports error rates lower than ABI software is (Ewing et Given ABI files, bases and assigns error to base call. calls are determined with a four-phase method: 1) determine peak locations, 2) The first phase is based on the in a area, base peaks are spaced. The spacing of the peaks is used to the number and of calls. In phase two, observed peaks are found by scanning of the four traces, looking concave down regions. The area of each concave down region found is computed As observed peaks are with in phase three, some peaks may and others may be broken into two or more base calls. This phase is most and progresses through stages. In the first stage, obvious made. In the second stage is used to other peaks with Finally, observed peaks to be are to locations.

the of phase three, may be peaks in regions seem to be peaks have not been assigned locations. In phase four these peaks are assigned if Tibbetts, Bowling, and Golden build network base system on work that conditions the raw data output from sequencers (Golden, Torgersen & 1993). In the conditioned traces, peaks are narrower, better separated, and have crossover. This conditioned data is used to form the inputs for a neural-network base

The base caller takes three inputs: the primary sequence (related to the and of the peak), to the base, and the base.

are four outputs, one for of the four possible bases. They system on by a Du Pont Genesis 200

; the base output by the Du system is 90-95% accurate. The neural network base caller achieved 95% accuracy using and separations, and 99% using these features. Giddings et (1993) also preprocess raw trace data before base calling to make more distinct and disjoint. Base calling, using this processed data, consists of three steps: 1) identify peaks, 2) which peaks are likely to represent fragments, and assign confidence values to base calls. The base calling system iterates over steps 2 and removing unlikely peaks after each iteration. This cycle continues for a given number iterations, or values are or unchanged. For step 2, bases, they suggest that of trace data may be used. They chose peak height, peak spacing, and peak width. (For peak spacing, they use the as Gidding�s system requires a number of parameters. Some are to of the run — this is an of this system. other (more than ten) parameters must be set by a user. This is ordinarily an feature in a system, but the authors claim that it is not difficult to find a combination, and that once set, the parameters need not be changed unless change.

of the strengths of the system is thein step 2 are 11.3 Quality AssessmentThrough the last decade, interest in quality assessments for DNA sequencing has (Ewing & Green 1998, 1998, Li et 1997,

& Staden Naeve et 1995, & Solovyev 1994, et 1994, Khurshid & Beck

Currently, the most widely quality standard is that which is produced by (Ewing & Green 1998). Each base call made by is assigned a quality score,

, reflects the estimated probability of error,

), of the base call. The interpretation of quality score is

=10)). For example, with

= 20, the quality the of error is 1 in 100. The most used in scores in a window surrounding the base of interest. The four measurements used are: the ratio of the largest to the smallest peak spacing in window of seven, the of the highest to the lowest peak in a window of the ratio of the highest to the lowest peak intensity in a window of three, and the number

Theused to the into a score must be using a known sequence and a training set of reads. This constrains the usefulness of scores since the must be for produces

For example, ABI has its new sequencer, the and the of it will be months before assessment

Another method that uses a known sequence and training reads in assigning probabilities was developed by Lawrence and Solovyev (1994). This method analysis to combine 25 trace into an error probability for a call. Models for three types of base calling errors are developed: miscalls, insertions, 11.4 Patterns in Trace DataWith dye-terminating chemistries, the intensity signal reflects the number dideoxynucleotides that are inserted during replication. The likelihood of inserting a than a is bases in the growing fragment. The result is that patterns in intensities are This observation led to some of the (unreported) experiments I performed using networks for consensus calling (Chapter 7). In some experiments I input information experiments, I found no increase in accuracy over input representations that include single-column data. Here I relate some research involving the discovery of patterns in Perkin-Elmer (1995) reports patterns they have in fluorescent-dye labeled data. Parker et (1995) pairs of bases to discover in peak intensities. They found that peak height can often be predicted by bases. They report based on one, two, and bases to the base of Golden, Torgersen, and Tibbetts (1993) used neural networks to extract patterns in intensities. They report that different proteins seem to have complex systems of dependent on bases that whether a or a be added to a growing fragment. They found the bases one, two, three, and ten bases to the base of interest have the most influence on the and Golden, Torgersen, and (1993) have also found in the and its neighboring bases. Particular patterns in neighboring bases may form Some researchers have thealso vary over an run fragments. Giddings et (1993) established that the separations are best fit by a quadratic function — the fragments tend to migrate progressively faster before slowing in part of the run. Bouriakov and

(1995) have found theof 11.5 SummaryResearch into computational methods for DNA sequencing is a growing and endeavor. Some approaches to problems are well-studied and mature, while other, innovative approaches are also under investigation. For example, research into applying to problems in biology has in One example of an AI approach that is widely used is GRAIL, a system that uses networks to search for genes (Uberbacher & Mural 1991). Unfortunately, many have yet to a strong in or software. In the more novel solutions should way into usage as moves away

Chapter 12The goal of my work is to develop computational methods for increasing the speed accuracy of DNA fragment assembly. As advances in technology result in the production increasing amounts of sequencing data in decreasing amounts of time, it is imperative I presented several methods that improve the speed and accuracy of fragment assembly 12.1 ContributionsI contribute effective computational methods for DNA fragment assembly in two directions.

thrust is in the and of a fluorescent traces. The representation, , is useful for trimming poor-quality from the ends of fragment reads, in methods for the consensus sequence of assembly of reads, and in assessing quality. The other thrust is in for read layout, SLIC

Sequence Layout into ), in in with the number of reads. I into a for assembly, the

, that includes refinements of trimming and

12.1.1 Fluorescent traces output by sequencing machines are the key to modern DNA

The traces are scanned to call the bases for individual reads. Previous representations of traces include: a raw representation as a sequence of dye intensities, the collapse of intensities into a base call, and the visual representation of a 2-D graph. I defined a

,the shape and of the

3).particular, the representation recognizes the height and definition of peaks and valleys traces. In assembly processes, it is useful to have access to these characteristics. If not, decisions that require examination of the traces must be made by hand; into methods allows many decisions to be made without 12.1.2 Most assembly programs require that the poor quality data be trimmed from the ends fragment reads before assembly. Without trimming, inclusion of the poor data may result One common previous method for end-trimming, , merely counts the number from the read. The new

I introduced, Trim the of high quality , as defined by the representation, in window

4). produced from reads with Trim are higher quality than those produced after or no trimming. The key to the success is in its use of descriptive trace information via the 12.1.3 The specific goal of DNA sequencing is to the sequence of bases in a fragment

DNA. In a fragment assembly, this sequence is the consensus of the aligned reads in assembly. As such, the consensus must be if the goal of is to attained.

sequences can have adverse effects on sequence analysis consensus sequences usually some errors and a number ambiguous calls.

add to the work of since calls must be examined and resolved by hand. Reducing the number of ambiguous calls consensus calling. My new for consensus calling, , makes progress toward these objectives (Chapter 6). A standard previous method, , counts the number of each kind of base call in an aligned column and applies a threshold calling a base, gap, or ambiguity. In contrast, the method takes into underlying trace characteristics by summing evidence as supplied by the When compared to the previous method for consensus calling, consensus sequences are substantially more accurate while making significantly ambiguous calls, at low coverages (numbers of aligned sequences). Reducing means a in costs, since every step in adds to the expense. A of 6 to 10 may not be when consensus are accurate with fewer aligned sequences. As with Trace-Class , the strength of consensus is in its use of trace information provided by the 12.1.4 Neural-Network ConsensusI to in the of networks to problems in by networks to consensus

7). In my work, I networks with five input to output one of the four bases or a gap as consensus call.

network uses only base in its input the other four include trace characteristics using the representation, trace intensities, or both. Again I find that using trace characteristics significantly consensus accuracy. The network that uses only base calls as inputs produces

12.1.5 of my work is in the of an for

SLIC

Sequence Layout into ), that, in runs in with the number reads

8). In addition, on the algorithm, I have comprehensive package for fragment assembly, the

. The package is Quality ScoresUsed in various methods in with the are scores 8). I assign a single trace quality score to each base call in a read based on the shape of the trace, while in others it is to the score only to the The purpose of the score is to aof the of a base call. some the scores are over a window on the base of that the local quality of the traces can be evaluated. The quality scores may range from 0 100. The scores up to about 20 show a strong with of base calls. Trace-Quality TrimFor use in the

, I developed a second approach to end trimming,

, that also examines trace (Chapter 8). Rather than using scores, I use the scores (with to the trace).

threshold of the values where occurs; the portion the read at or above threshold is while the rest is trimmed. This

I refined the consensus for incorporation into the

.consensus method, , does not use the scores for as does (Chapter 8). Instead, it uses the single quality score based on shape and intensity of traces as is used in the refined . However, intensities used for trimming are relative to an entire trace, and the intensities used consensus calling are relative only to the local area of the base call. Before summing, evidence scores are weighted by the quality of the trace according the the averaged Another difference between and is that while the evidence based on the quality scores, adjustments are made to reflect the ofspurious peak in a column of bases. This helps to prevent spurious peak evidence The improvements in the consensus method result in sequences with extremely high accuracies and substantially fewer ambiguous calls. of consensus when the is four or more sequences is This all but meets the standard of 99.99% set by the National Human Genome Institute (NHGRI 1998).Most existing assemblers perform pairwise comparisons of reads, resulting in layout

, where theof an algorithm, , that in executes in time proportional to

(Chapter 8). No other existing assembler claims a linear layout time. As scientists toward and whole genomes, may the a possible and task.

anumber of toand the layouts produced using favorably. of

12.1.6 Commercial AvailabilityI have implemented several of my new methods into commercially available versions

DNASTAR Inc.�s fragment assembly program. The original version of used the to end and the toconsensus

For , I replaced with Trace-Class for trimming, and for calling I replaced the method with . For the latest release

DNASTAR Inc.�s suite of applications, , I the with the improvements. Also as a feature of in is a visual display of quality values and quality values as described in Chapter 8. The is expected to be released

12.2 Limitations and Future WorkThe work I have completed represents a real improvement in methods for DNA assembly. the work has it provides a solid ground for

12.2.1 Quality ScoresThe representation was originally developed for use with neural networks.

wanted to give the network a good of the visual As it turned out, when I applied the scores to other problems, the scores needed to combined into a single score. Although evaluated empirically, the method for scores is arbitrary. It is much more to assign a single score at the In work, this is what I did in the scores used in the methods. The weakness in the scores is to among the of base when values about 20.

is ain the of scores base and

12.2.2 Neural-Network Consensus with the use of network is they must be on a with to those of the they will process. The is forming a set; a set not only of the problem, but must the for the instance. A may not have access to allows them to form training sets with both an adequate number of instances as well as using networks by who do have access such is not useful unless the of the are the same as which is to analyzed. An for future work is to afor networks using only amounts of for which the may 12.2.3 Evaluations of the current of the dictate several paths improvements. that must be addressed include issues with end trimming, End Trimming of the isit requires error-free for assembly. I help to ensure the use of by poor from the of sequences before assembly. However, the ends in a read are trimmed without regard other reads in the data set. The result is that the trimming is arbitrary in the context of whole set. Some ends are too and overlaps with other reads are Some are too and noisy ends with other reads due To address this problem, I first plan to use data sets with varying amounts of noise to how errors assembly. I can then possible solutions. One idea is to use the mer counts made in the first pass of the algorithm as a possible source of information for trimming in the context of other Regions of sequences have no mers in with other reads are are to be chimeric, or non-overlapping with other reads. In any case, it may be safe to ignore Repeat HandlingRepeat handling in the is primitive; it assumes a mer is in a repeat if is given the coverage. This is used by other assemblers, but it is not to distinguish and The of can vary in an assembly due to in the fragment preparation and sequencing process. The repeat handling approach also not address how the correct for the putative repeats might be determined.

of sequences is a for future work. I plan and other solutions for cases in which the Consensus AccuracyErrors in the consensus of a assembly when the supplied by the reads not in

Imany errors can be by not just a column of trace information, but also the information surrounding columns. If there is among most reads in a area, but a do not correspond, with the should be discounted. the error isMemory UseIn the present of the algorithm, all reads and information kept in memory. Clearly, this is a significant detriment to assembling large fragments whole genomes.

produce reads of 500 usable base pairs. Assuming a of five, the number of reads is 10,000 to cover a is about 120,000 for the yeast genome, and numbers one for C. . To on these numbers of reads would

40 MB, 500 MB, and 5 GB of memory, to many users, 40 MB, and

Myfor future work on usage is that, given the of the and the number of sequences, SLIC will segment processing to work memory and disk space limitations. requires space not only for the sequences ancillary information, but also for several large tables of information collected processing. Both of these space requirements will be addressed through segmenting of the algorithm. The basic idea is that layout can be

12.3 Final RemarksComputational methods for DNA fragment assembly have been evolving for a number years. Through a ofover time, in effectiveness of the methods have been made. The work I have presented here improvements and can serve as a foundation for further study in developing

Glossary of Biological TermsThis appendix contains a glossary of biological terms as used in this dissertation. (Griffiths et al. 1998).

The end of a DNA that originates with the sugar ring containing a thatwith the sugar ring containing a

Applied Biosystems Inc. A division of Perkin-Elmer that produces the most widely

, and/or

Determining the layout of fragment reads by aligning their overlapping regions of

One of four molecules,

), cytosine

), guanine

), and thymine

), that base callbase callingoutput from to the of bases for a base pair complementary bases consensus callconsensus callingconsensus sequence contaminant sequence deoxyribonucleic aciddeoxyribonucleic acid

DNA sequencingdye contaminationExcess dye that migrates with fragments during sequencing resulting in a spurious gel electrophoresis.false join fluorescent dyeDyes used to label fragments of DNA. Each of four dyes labels one of the dideoxynucleotides. When excited by a laser, each of the four dyes emits a fluorescent-dye traces fragment assembly fragment layout fragment read

Used in an tothat either a base is missing from the sequence of gel electrophoresis

Human Genome ProjectA project to find all the genes in human DNA and to discover the functions of The call made by a base caller when it must make a call, but the correct base cannot polyacrylamide gelreading a traceThe and of the of dyes by a repeated sequence sequence alignmentAligning two or more sequences of bases such that the number of mismatches sequence assembly sequence layout sequence read shotgun sequencingA strategy for sequencing DNA that involves first creating a random library vector sequencewhole-genome shotgun sequencingshotgun sequencing

Appendix BScore PseudocodeIn this appendix I present pseudocode for calculating the scores described

, and

/* Array of intensity data points */

/* Number of data points in pt_array */

/* pt_array index of base call location */

/* Max intensity of all four traces */

/* Pointer to Strong valley score */

/* Pointer to Medium valley score */ max_pt, &strong_peak, &med_peak, &strong_valley, max_pt, &med_peak, &weak_peak, &med_valley,

(pt_array, num_pts base_pt, max_pt, &weak_peak,

/* Returns true if strong peak or valley found */

/* Array of intensity data points */

/* Number of data points in pt_array */

/* pt_array index of base call location */

/* Max intensity of all four traces */

/* Pointer to strong valley score */

/* Pointer to medium valley score */

Local Variables

/* pt_array index of current point */

/* Slope between previous point and curr_pt */

/* Slope between curr_pt and next point */

/* pt_array index of change to left of

/* pt_array index of change to right of

/* Indices in pt_array where slope signchanges; used to find left_extreme_pt and

/* Index of peak_pt pt_array index in

/* Score multiplier based on distance ofpeak_pt and valley_pt from base_pt */

/* Score multiplier based on relativeintensities of peak_pt and valley_pt with

/* use first point if no changes */

/* if change in sign of slope, peak or valley found */ left_extreme_pt = extreme_array[extreme_peak_idx right_extreme_pt = extreme_array[extreme_peak_idx + 1];*strong_peak = 100 * (pt_array[peak_pt]

+ pt_array[right_extreme_pt]) / 2) / pt_array[peak_pt];

height_adj = pt_array[peak_pt] / max_pt;*strong_peak *= distance_adj * height_adj;*med_peak *= distance_adj * height_adj;

left_extreme_pt = extreme_array[extreme_valley_idx right_extreme_pt = extreme_array[extreme_valley_idx + 1];*strong_valley = 100 * (pt_array[valley_pt]

+ pt_array[right_extreme_pt]) / 2) / pt_array[valley_pt];

*strong_valley *= distance_adj * height_adj;*med_valley *= distance_adj * height_adj;

return (peak_pt <> -1 or valley_pt <> -1);

/* Returns true if medium peak or valley found */

/* Array of intensity data points */

/* Number of data points in pt_array */

/* pt_array index of base call location */

/* Max intensity of all four traces */

/* Pointer to medium valley score */

Local Variables

/* pt_array index of current point */

/* Slope between previous point and curr_pt */

/* Slope between curr_pt and next point */

/* Amount of max change between slopes */

/* Data point where max_change occurs */

/* True when in slopes decreasing */

/* True when in slopes increasing */

/* pt_array index of change to left of

/* pt_array index of change to right of

/* Indices of data points with curvaturechanges; used to find left_extreme_pt and

/* Index of peak_pt in extreme_array */

/* Index of valley_pt in extreme_array */

/* Score multiplier based on distance ofpeak_pt and valley_pt from base_pt */

/* Score multiplier based on relativeintensities of peak_pt and valley_pt with next_slope; /* change is greater */ extreme_array[idx++] = max_change_pt;

else if (prev_slope > next_slope) { prev_slope; /* change is greater */ extreme_array[idx] = max_change_pt;

extreme_array[idx] = max_change_pt;

left_extreme_pt = extreme_array[extreme_peak_idx right_extreme_pt = extreme_array[extreme_peak_idx + 1];

(pt_array[left_extreme_pt], pt_array[right_extreme_pt]);

height_adj = pt_array[peak_pt] / max_pt;*strong_peak *= distance_adj * height_adj;*med_peak *= distance_adj * height_adj;

left_extreme_pt = extreme_array[extreme_valley_idx right_extreme_pt = extreme_array[extreme_valley_idx + 1];*weak_valley = 100 * (pt_array[valley_pt] pt_array[right_extreme_pt])) / pt_array[valley_pt];

*strong_valley *= distance_adj * height_adj;*med_valley *= distance_adj * height_adj;

return (peak_pt <> -1 or valley_pt <> -1);

/* Array of intensity data points */

/* pt_array index of base call location */

/* Max intensity of all four traces */

Local Variables

/* Slope between previous point and curr_pt */

/* Slope between curr_pt and next point */

/* Score multiplier based on relativeintensities of peak_pt and valley_pt with else if (prev_slope < next_slope) {

Appendix CEnd-Trimming PseudocodeIn this appendix I present pseudocode for trimming poor data with Trim

Trace-Class Trim/* Trims the 3� end of a sequence read. *//* Returns base_array index of first base to trim. */

/* Number of bases in base_array */

/* Array of traces for each of the 4 bases */

/* Max number of poor_classes allowed in window

Local Variables

/* Characteristic class for trace of curr_base,

/* Rolling window array of poor classes, set to 1if classified as a poor class & 0 otherwise */

/* Number of poor_classes in current window */

/* set all window positions to 0 *//* Fill the first window, then continue counting number of poor classes

While (base_idx > 0 && (num_poor > max_poor or /* too many poor */base_idx >= num_bases - window_size)) { /* filling 1st window */num_poor= num_poor - window_array[window_idx];curr_class = get_class(base_idx, bases_array, trace_array);If (poor_classes[curr_class] == true) {

/* record occurrence of poor class */ window_idx = (window_idx + 1) mod window_size;

base_index = base_idx + window_size + 1;

Trace-Quality Trim/* Trims 3� end and 5� ends of a sequence read. */

/* Number of bases in base_array */

/* Array of traces for each of the 4 bases */

/* Regions above this quality threshold are ok */

/* Pointer to base_array index of 3� trim

/* Pointer to base_array index of 5� trim

Local Variables

/* Index of current base in base_array */

/* Length of potential ok subsequence */

/* base_array index of potential 3� trim location */

/* base_array index of potential 5� trim location */

/* Length of longest ok subsequence so far */

/* Scan bases from 3� to 5�, keeping track of the longest ok subsequence curr_seq_length = curr_seq_length + 1;

/* found a base with Q below threshold *//* potential ok subsequence is longer */If (curr_seq_length > seq_length) {end5_base = curr_end3_base - curr_seq_length + 1;

curr_seq_length = 0; /* reset length of potential ok subsequence */

If (curr_seq_length > seq_length) {/* ok subsequence goes to 3� end */*end5_base = curr_end3_base - curr_seq_length + 1;

Type Definitions

Base call sequence, encoded with 2 bits per base

Encoded mer

Read length given mer

Count of type

Score information

Encoded last

, ordered by offset

Variables and Data Structures

List of contigs

True if found

Count threshold for the number of occurrences of a mer

Adds

Returns than 2nd for given partition

Returns current partition;

Returns length of into separate

Merges contigs indexed by the two

Figure D-1. Data The aforread in the dataset. In

,is an index into the

(the list of index into the table and the last bases are in records in the

. In a

, the indexes a read record in the

. The is offset of the mer in the read. The is a list of contigs for the dataset.

is by a list of in aindexes a

/* Count occurrences of mers */

3.1.1

3.1.2.1

4.3.1

4.3.2.1 betterScore(scoreRec, tagScoreRec, j)4.3.2.2.1

4.3.2.2.2

4.3.3.1 newMerFrgRec(i, tagScoreRec.merOffset)4.3.3.2 getMerRec(merTable, tagScoreRec.mer)

4.3.3.3 addToList(merRec.merFrgList, newMerFrg)/* If not in the list, add fragment reads that contain a previously chosen mer tag to the

5.2.1 not inMerFrgList(merRec.merFrgList, i)5.2.2.1

5.2.2.2 addToList(merRec.merFrgList, newMerFrg)

6.1.1

6.1.2.1 makeMatchFrgLists(merRec.merFrgList, matchFrgList)6.1.2.2 For

6.1.2.2.1

6.1.2.2.2 If

6.1.2.2.2.1 newCtg(ctgList, matchFrgList[k][1]) 6.1.2.2.3 For

6.1.2.2.3.1

6.1.2.2.3.2 If

6.1.2.2.3.2.1

6.1.2.2.3.2.2

6.1.2.2.3.2.3

6.1.2.2.3.3 Else If frgList[merFrgRec.frgIdx].ctgListIdx <>

6.1.2.2.3.3.1 frgList[merFrgRec.frgIdx].ctgListIdx, ctgListIdx)Detailed Description2.

, and are represented by 00, 01, 10, and 11, respectively.2.1

2.23.3.1 of 74.and 00001011,3.1.1

3.1.2

3.1.2.1

3.1.3

4.4.1

4.24.3.1

4.3.2

4.3.2.1

. The

Figure D-2. Mer Table and Lists. a) This is an

. In this example,

8 and the of the is 65,536. The values of the 2-bit of the indexes the table. I use the last bases in the mer to find the corresponding list,is one formeroccurs in the of reads. b) This is of a

. In this example, consider the following mers where

= 8= 4: , , and . The first x bases its own record in the

. In the of reads for this example, I have far encountered one mer of , six of , and three

4.3.2.2 betterScore(scoreRec, tagScoreRec, j)

0,4.3.2.2.1

4.3.2.2.1

4.3.3

4.3.3.1 newMerFrgRec(i, tagScoreRec.merOffset) tag. 4.3.3.2 getMerRec(merTable, tagScoreRec.mer)

4.3.3.3 addToList(merRec.merFrgList, newMerFrg)

. The 5.

step 5.5.1

5.25.2.1

5.2.2 not inMerFrgList(merRec.merFrgList, i)

5.2.2.1

5.2.2.2 addToList(merRec.merFrgList, newMerFrg) 6.

6.16.1.1

6.1.2 makeMatchFrgLists(merRec.merFrgList, matchFrgList) newCtg(ctgList, matchFrgList[k][1]) is 0. The

. Subsequently,

Contig 1frgIdx 16:frgIdx 6:frgIdx 2:frgIdx 14:frgIdx 10:Contig 2frgIdx 1:frgIdx 7:frgIdx 15:Contig 3frgIdx 12:frgIdx 3:frgIdx 13:frgIdx 5:Figure D-3. A Contig List and In this example, 16 fragment reads are in dataset. a) reads are into contigs.

that include the

(an index into the

) for each read in the contig. The also the of the read in the contig. Four reads

= 4, 8, 9, and 11) not any other read and are not in any contig. b) The reads for

newCtgFrgRec(ctgList[ctgListIdx], merFrgRec.frgIdx) addToList(ctgList[ctgListIdx], newCtgFrg) frgList[merFrgRec.frgIdx].ctgListIdx <> ctgListIdx

Figure D-4. Reversing Reads when Forming The in shows frgList[merFrgRec.frgIdx].ctgListIdx, ctgListIdx)

Allex, C.F., Baldwin, S.F., Shavlik, J.W., and Blattner, F.R. (1996). Improving the of automatic DNA sequence assembly using fluorescent trace-data Proceedings, Fourth Conference on Systems for

3-14. St. Louis, MO. Menlo Park, CA: AAAI Press.Allex, C.F., Baldwin, S.F., Shavlik, J.W., and Blattner, F.R. (1997).

accuracy in DNA fragment assemblies by incorporating fluorescent trace

Fifth on Systems for ,

Allex, C.F., Shavlik, J.W., and Blattner, F.R. (1999). Neural network input that produce consensus sequences from DNA fragment assemblies.

Anson, E. and Myers, E. (1997). A program for refining DNA sequence , 4(3):369-383.Ansorge, W., Sproat, B.S., Stegemann, J. and Schwager, C. (1986). A forof, 13:315-323.

Baldi, P., and Brunak, S. (1998). Bioinformatics: The machine learning

Berger, M.P. and Munson, P.J. (1991). A novel randomized strategy for , 7(4):479-484.Benson, D.A., Boguski, M.S., Lipman, D.J., Ostell, J., and Ouellette, B.F. GenBank. , 26(1):1-7.Blattner, F.R., Plunkett, G. 3rd, Bloch, C.A., Perna, N.T., Burland, V., Riley, M., Collado-Vides, J., Glasner, J.D., Rode, C.K., Mayhew, G.F., Gregor, J., Davis, Kirkpatrick, H.A., Goeden, M.A., Rose, D.J., Mau, B., Shao, Y. (1997). The K-12. , 277(5331):1453-74.Bonfield, J.K., Smith, K.F. and Staden, R. (1995). A new DNA sequence , 24:4992-4999.Boswell, D.R. and A.D. (1984).

by , 12:457-464.Bouriakov, G.V. and Mayhew, G.F. (1995). E.

, University

Boysen, C., Simon, M.I., and Hood, L. (1997).

of the 1.1-Mb Human T-cell receptor locus with chromosome clones. Genome

Brutlag, D.L., Dautricourt, J.P., Diaz, R., Fier, J., Moxon, B., and Stamm, R. BLAZE: An of the Smith-Waterman sequence comparison algorithm on

, 17(2):203-207.Chen, E.Y. (1994). The of sequencing. Adams, M.D., Fields, and Venter, J.C., eds., Automated DNA Sequencing and , 3-10. San Diego, Chen, T. and Zhang, M.Q. (1998). Pombe: A gene-finding and exon-intron

; 14(8):701-710.Chen, W. Q. and Hunkapiller, T. (1992). Sequence accuracy of large DNA

, 2:335-342.Craven, M.W. and Shavlik, J. W. (1993). to frames in E. sequences. Proceedings of the 26th Hawaii Conference on System

773-782. Wailea, HI.Ewing, B. and Green, P. (1998). of using Phred. , 8:186-194.Ewing, B., Hillier, L., Wendl, M.C., and Green, P. (1998). Base-calling of , 8:175-185.

, 12(1):175-179.Frenkel, K.A. (1991). The Human Genome and informatics. of , 34(11):41-51.

Giddings, M.C., Brumley, R.L. Jr., Haker, M. and Smith, L.M. (1993). An adaptive, oriented strategy for base calling in DNA sequence analysis. Nucleic Acids

Golden, J.B. III, Torgersen, D. and Tibbetts, C. (1993). Pattern recognition for DNA sequencing: I. On-line signal conditioning and feature extraction for Proceedings, First Conference on Intelligent Systems for

Goodman, B. (1990). The genetic anatomy of us (and a few of our friends).

Green, E.D. and Waterston, R.H. (1991). The Human Genome Project: Prospects implications for clinical medicine. Journal of the American Medical

Green, P. (1997a). Against a whole genome shotgun. , 7:410-417.Green, P. (1997b). Genome sequence assembly. and Abstract

First Conference on Computational

, 15. Herndon, VA: TIGR Science Foundation, Inc., Genomic Science Series.Griffiths, J.F., Gelbart, W.M., Miller, J.H., and Lewontin, R.C. (1998). Modern . New York, NY: W.H. Freeman and Company.Heumann, J.M., Lapedes, A.S. and Stormo, G.D. (1994). Neural networks for protein specificity and multiple alignment of binding sites. Proceedings of the Conference on Systems for , 188-194.

Huang, X. (1994). On in the

Huang, X. (1996). An improved sequence assembly program.

, 33:21-31.Jain, M. and Myers, E.W. (1997). Algorithms for computing and physical using unique probes. , 4(4):449-466.Johnson, M.S. and R.F. (1986). A for the of , 23(3):267-278.Karplus, K., Barrett, C., and Hughey, R. (1998). Hidden Markov models for ; 14(10):846-856.Kelley, J.M. (1994). DNA sequencing. Adams, M.D., Fields, and Venter, J.C., eds.,

DNA Sequencing

, 175-181. San Diego, Khurshid, F. and Beck, S. (1993). Error analysis in and

, 208: 138-143.Lavorgna, G., Guffanti, A., Borsani, G., Ballabio, A., and Boncinelli, E.

for genes of ; 15(2):172-173. , 22:7.

Li, P., Kupfer, K.C., Davies, C.J., Burbee, D., Evans, G.A., Garner, H.R. A design program base for

, 40:476-485.Lipshutz, R. J., Taverner, F., Hennessy, K., Gartzell, G., and Davis, R. (1994).

, 19:417-424.Marshall, E. (1999). A high stakes on sequencing. , Martinez, H.M. (1983). An efficient method for finding repeats in molecular , 11:4629-4634.Maxam, A.M. and Gilbert, W. (1977). A new forDNA. the National Academy of Science, USA McClelland, J.L. and Rumelhart, D.E. (1986). Parallel Distributed Processing, Vol

McCombie, W.R. and Martin-Gallardo, A. (1994). Large-scale, automated sequencing human chromosomal regions. Adams, M.D., Fields, C. and Venter, J.C., eds.,

McCulloch, W.S. and Pitts, W. (1943). A logical calculus of the ideas in nets. ; 5:115-137.

Myers, E.W. (1994). in assembly. Adams, M.D., Fields, C. and J.C., Automated DNA Sequencing and , 231-238. San Diego, CA: Naeve, C.W., Buck, G.A., Niece, R.L., Pon, R.T., Roberson, M., and Smith, A.J. Accuracy of automated DNA sequencing: A multi-laboratory comparison of results. , 19(3):448-453.Needleman, S.B. and Wunsch, C.D. (1970). A general method to the search in the of two proteins. of , NHGRI. (1998).NCBI. (1999). http://www.ncbi.nlm.nih.gov/Web/Genbank/.Noordewier, M.O., Towell, G. and Shavlik, J.W. (1991). Training knowledge-base networks to recognize genes in DNA sequences. Lippmann, R.P., Moody, J.E. Touretzky, D.S., eds., Advances in Neural Information Processing

Parker, L.T., Deng, Q., Zakeri, H., Carlson, C., Nickerson, D.A. and Kwok, P.Y. Peak height variations in automated sequencing of PCR products using taq , 19:116-121.Parsons, R., and Johnson, M.E. (1995). DNA sequence assembly and genetic new results and insights.

Third on

Parsons, R. (1993). Genetic algorithms for DNA sequence assembly. Proceedings, Conference on Systems for , 310-318.

Pedersen, A.G. and Engelbrecht, J. (1995). Investigations of Escherichia sequences with artificial neural networks: New signals discovered upstream of transcriptional start point. Proceedings of the Third Conference on Systems for

, 292-299. Cambridge, England. Menlo Park, CA: Perkin-Elmer. (1995).. Foster City, CA.Prober, J.M., Trainor, G.L., Dam, R.J., Hobbs, F.W., Robertson, C.W., Zagursky, Cocuzza, A.J., Jensen, M.A. and Baumeister, K. (1987). A system for rapid , 238:336-341.Qian, N. and Sejnowski, T. (1988). Predicting the secondary structure of globular , 202:865-884.Richterich, P. (1998). Estimation of errors in �raw� DNA sequences: A validation

, 8:251-259.Rost, B. and Sander, C. (1993). of secondary at than

, 232:584-599.Rowen, L. and Koop, B.F. (1994). Zen and the art of large-scale genomic

Adams, M.D., Fields, C. and Venter, J.C., eds.,

DNA Sequencing

Sanger, F., Nicklen, S. and Coulson, A.R. (1977).

with

Seto, D., Koop, B.F. and Hood, L. (1993). An derived data set

, 15:673-676.Smith, L.M., Sanders, J.Z., Kaiser, R.J., Hughes, P., Dodd, C., Connell, C.R., C., Kent, S.B.H. and Hood, L.E. (1986). Fluorescence detection in automated

Smith, T.F. and

M.S. (1980). of

, 147:195-197. Snyder E.E., and Stormo, G.D. (1993). of coding regions in genomic sequences: An application of dynamic programming and neural networks. Nucleic

Staden, R. (1986). The current status and portability of our sequence handling , 14(1):215-231.Staden, R. (1984a). Computer methods to aid the determination and analysis of sequences. , 12:1005-1008.Staden, R. (1984b). A computer program to enter DNA gel reading data into a , 12(1):499-503.Staden, R. (1982a). for the of gel produced by , 10(15):4731-4751.

Staden, R. (1982b). An graphics program for and , 10(9):2951-2961.Staden, R. (1980). A new computer method for the storage and of DNA , 8(16):3673-3694.Staden, R. (1979). A strategy of DNA sequencing employing computer programs. , 6(7):2601-2610.Staden, R. (1978). Further procedures for sequence analysis by computer. Nucleic , 5(3):1013-1015.Staden, R. (1977). Sequence data handling by computer. Nucleic Acids

Streletc, V.B., Shindyalov, I.N., Kolchanov, N.A., and Milanesi, L. (1992). based of amino acid sequences on the base of diagonal fragments

, 8(6):529-534.Stolorz, P., Lapedes, A. and Xia, Y. (1992). Predicting protein secondary structure

, 225:363-377.Studier, F.W. (1989). A forof cosmid

Random directed priming with a library of oligonucleotides.

of the

Academy USA: 86:6917-6921.Subbiah, S. and Harrison, S.C. (1989). A forwith , 209(4):539-548.

Sun, Z.R., Zhang, C.T., Wu, F.H., and Peng, L.W. (1996). A

; 15(8):721-729. Sutton, G., White, O., Adams, M. and Kerlavage, A. (1995). TIGR A new , 1: 9-19.Tibbetts, C., Bowling, J.M. and Golden, J.B. III. (1994). Neural networks for basecalling of gel-based DNA sequencing ladders. Adams, M.D., Fields, C. and Venter, J.C.,eds., Towell, G., Shavlik, J.W. and Noordewier, M.O. (1990). Refinement of approximate domain bynetworks. of the

, 861-866. Boston, MA. Menlo Park, CA: AAAI Press.Uberbacher, E.C. and Mural, R.J. (1991). Locating protein-coding regions in human sequences by a multiple sensor-neural network approach. Proceedings of the Academy of Science USA

Vogt, G., Etzold, T., and Argos, P. (1995). An assessment of in aligning protein sequences: The twilight zone revisited.

Weber, J.L. and Myers, E.W. (1997). Human shotgun sequencing.

, 7:401-409.Wade, N. (1999). Who�ll sequence human genome first? It�s up to . The New , March 23.

Wade, N. (1998). In genome race, government vows to move up finish. The New , September 14.Widrow, B., Rumelhart, D.E. and Lehr, M.A. (1994). Neural networks: Applications industry, business, and science.

Wilson, R.K. (1999). How the worm was won: C.

, 15(2):51-58.