Automating Computational Molecular Genetics:Solving the Microsatellite Genotyping ProblemSee-Kiong NgJanuary 23, 1998CMU-CS-98-105School of Computer ScienceCarnegie Mellon UniversityPittsburgh, PA 15213Submitted in partial fulfillment of the requirements forthe degree of Doctor of Philosophy.Thesis Committee:Mark W. Perlin, ChairScott E. FahlmanJames H. MorrisRobert E. Ferrell, Department of Human Genetics, University of PittsburghThis research was sponsored in part by the NIH National Institute of Neurological Disorders and Stroke(MWP) under Grant No. R01 NS32084.The views and conclusions contained in this documents are those of the author and should not be interpretedas representing the official policies, either expressed or implied, of the United States Government or anyother organization.

Keywords: Artificial intelligence, automation software, biotechnology, computationalbiology, molecular genetics, microsatellite genotyping, pattern matching, FAST-MAP.

ABSTRACTThe Human Genome Project has extended the reach of modern genetics by providing aninfrastructure of high-resolution genetic maps. Scientists can now find genes using thesemaps by genotyping � experimentally assaying the genome at mapped genetic markers.To track the inheritance patterns of a genetic disorder, individual genomes are genotyped athigh resolution using densely distributed genetic markers, such as the microsatellites.However, because of the complexity associated with the inheritance patterns of mostcommon human genetic diseases, hundreds of thousands of genotyping experiments aretypically required to genetically localize even one disorder on the genome.The full automation of microsatellite-based genotyping is currently limited by the humanscoring bottleneck: every experiment must be viewed by a human eye. The intricategenotyping data, densely multiplexed for throughput, is confounded with intrinsic dataartifacts such as PCR stuttering. Human experts are required to visually decipher thehighly complex data patterns that resulted. It is estimated that over half the cost ofmicrosatellite-based genotyping is due to this human scoring effort.We have developed and implemented novel computer-based analysis methods thatcomputationally solve the various problems associated with the microsatellite scoringbottleneck. Our system, FAST-MAP, is a platform-independent fully automatedgenotyping system that accurately calls alleles from quantitative microsatellite data. FAST-MAP has been extensively tested and used by scientists worldwide to generate genotypeswith high accuracy from real data generated in high throughput genetic laboratories. WithFAST-MAP, we have shown that by appropriately modeling and representing genotypedata, powerful computational strategies can overcome key molecular biology bottlenecksand significantly advance the rapid localization of genes across the whole human genome.

ACKNOWLEDGMENTSMany people helped greatly with this thesis. My advisor, Mark Perlin, adopted me as hisstudent when my former advisor left CMU, and introduced me to the fascinating field ofmolecular genetics. Mark’s enthusiasm must have been contagious as I immediately fell inlove with the field, even though my knowledge of biology was limited. Since then, Markhas taught me biology, genetics, biotechnology, computer science and even lessons in life.I was also fortunate to have a very supportive thesis committee: Jim, Scott, and Bobshared my belief in the value of building a working system that solves a real problem; I amgrateful to them for constantly encouraging me.FAST-MAP was by no means a one-man effort. For example, Nandita Mukhopadhyaycreated the sophisticated graphical interface that made FAST-MAP more user-friendly.Lillian Bloch, our in-house "alpha-tester", tirelessly tested the initial versions of FAST-MAP. Most amazing, however, was our FAST-MAP users: they not only generouslycontributed their data for system testing and development, but also tolerated the softwarebugs that I had overlooked, and even fixed some for me. I am particularly indebted toGordon Bentley (gene/Networks), Dr. Vicki Magnuson (NIH/FUSION), Dr. Mike Gorin(University of Pittsburgh), Frosti Palsson (deCODE Genetics, Iceland), and Dr. RichardMott (Smithkline Beecham, UK) for their invaluable contributions to the project.I am grateful to the School of Computer Science both for its financial support and formaintaining a most stimulating research culture. I thank Prof. M. Tomita (Tommy), whomI have known since I was an undergraduate at CMU, and who became my first graduatestudent advisor. He inspired me by showing me the wonders of Computer Science.Getting a Ph.D. in computer science has been a long and arduous process � but it wasnever unenjoyable. Among the rewards are the many great friendships that I was blessedwith along the way. I would like to thank in particular J�rgen Dingel and Denis Dancanetfor providing the athletic aspect of my student life, Jeff Holland for opening his house tome whenever I felt the urge to get out of Pittsburgh, C.B. Chan for going to countlessoperas at the Met with me, and Dr. D. A. Wilkinson, whom I met at a time when I wasconsidering quitting. He showed me that I could get what I want if I would give myself achance.Finally, I would like to dedicate this thesis to my loving parents and family, who believe inme much more than I do myself.

iContents1.Introduction.................................................................................... 11.1.Problem............................................................................. 11.2.Solution............................................................................. 52.Domain......................................................................................... 92.1.Biology.............................................................................. 92.1.1.Cells, DNAs, and chromosomes...................................... 92.1.2.Genes, markers, and microsatellites.................................. 102.1.3.Meiosis, recombinations, and genetic variations.................... 142.2.Genetics............................................................................. 152.2.1.The genetics of common diseases..................................... 152.2.2.Finding disease genes: positional cloning............................ 162.2.3.Tracking genetic inheritance: dense genotyping..................... 182.3.Biotechnology...................................................................... 212.3.1.PCR and PCR stutter................................................... 212.3.2.Gel electrophoresis..................................................... 252.3.3.High throughput genotyping.......................................... 262.4.The Bottleneck: Genotyping...................................................... 283.Problem Overview............................................................................ 293.1.Retrieving data from gel........................................................... 303.2.Quantitating data bands............................................................ 323.3.Calling the alleles................................................................... 333.4.Summary............................................................................ 344.Grid Construction............................................................................. 374.1.Problem............................................................................. 384.1.1.Algorithm................................................................ 474.2.Dye separation...................................................................... 504.2.1.Algorithm................................................................ 504.2.2.Example.................................................................. 524.3.Lane tracking....................................................................... 584.3.1.Algorithm................................................................ 58 ii4.3.2.Example.................................................................. 624.4.MW calibration..................................................................... 654.4.1.Algorithm................................................................ 654.4.2.Example.................................................................. 674.5.Grid refinement..................................................................... 714.5.1.Algorithm................................................................ 714.5.2.Example.................................................................. 734.6.Results............................................................................... 754.7.Discussion.......................................................................... 815.Band Quantitation............................................................................. 835.1.Problem............................................................................. 845.2.Binning by stutter crawling....................................................... 855.2.1.Algorithm................................................................ 865.2.2.Example.................................................................. 895.2.3.Discussion............................................................... 925.3.Quantitating DNA concentration.................................................. 935.3.1.Data Band Model........................................................ 945.3.2.Algorithm................................................................ 955.3.3.Example.................................................................. 975.3.4.Discussion: Developing algorithms.................................. 1025.3.5.Discussion: "Plus-A" artifacts........................................ 1056.Allele Determination........................................................................... 1076.1.Convolution Model................................................................ 1076.2.Genotyping Microsatellites by Deconvolution (GMBD)...................... 1116.3.Relative Amplification............................................................. 1136.4.Deconvolution Methods........................................................... 1146.5.Processes in GMBD............................................................... 1176.6.Algorithms: Marker Library Construction....................................... 1196.6.1.Stutter matrix construction............................................. 1216.6.2.Relative amplification ratio table construction....................... 1246.6.3.Example.................................................................. 1286.7.Algorithms: Genotyping by Deconvolution.................................... 1386.7.1.SVD...................................................................... 1406.7.2.ENUM................................................................... 141 iii6.7.3.Example.................................................................. 1436.8.Discussion.......................................................................... 1497.New functionality: Pooled genotyping...................................................... 1517.1.Convolution model................................................................. 1527.2.Pooled GMBD...................................................................... 1537.3.Algorithms.......................................................................... 1557.4.Example............................................................................. 1618.FAST-MAP.................................................................................... 1658.1.Design............................................................................... 1658.1.1.Semantic objects........................................................ 1668.1.2.Core programs.......................................................... 1678.1.3.Knowledge base........................................................ 1708.1.4.User interface............................................................ 1778.2.Implementation..................................................................... 1788.3.Execution............................................................................ 1809.Results.......................................................................................... 2019.1.ABI data............................................................................. 2019.2.Pharmacia data...................................................................... 2079.3.Mouse data.......................................................................... 2129.4.Pooled DNA data................................................................... 2219.4.1.Post-PCR pooling...................................................... 2219.4.2.Pre-PCR pooling........................................................ 2259.5.Mononucleotide data............................................................... 2289.8.Other applications.................................................................. 2329.8.1.Differential display...................................................... 2329.8.2.Gridded filter scoring................................................... 23410.Conclusions.................................................................................. 24510.1.Contributions..................................................................... 24510.2.Future Work...................................................................... 24610.2.1.FAST-MAP refinements............................................. 24610.2.3.Pooled DNA analyses................................................ 24710.2.4.Genetics in non human species..................................... 248 iv10.2.5.Forensics and personal identification............................... 24810.2.6.Using dense genotyping in preventive medicine.................. 24910.3.A Scenario for the Future....................................................... 251Appendix A:Stutter Data Simulation.......................................................... 253A.1.Markers.............................................................................. 253A.2.Data.................................................................................. 253A.3.Noise................................................................................ 254Appendix B:FAST-MAP’s User-Annotated Knowledge Base............................ 255B.1.Global information: User files.................................................... 256B.2.Specific information: Input files.................................................. 271Appendix C:FAST-MAP’s Libraries......................................................... 289C.1.Binning libraries for size standards.............................................. 290C.2.Binning libraries for markers..................................................... 291C.3.Genotyping libraries for markers................................................. 292Appendix D:FAST-MAP’s Programs........................................................ 295D.1.Overview............................................................................ 296D.2.Program list......................................................................... 297D.3.Core programs...................................................................... 302D.4.Viewing programs................................................................. 310D.5.Utility programs.................................................................... 346Glossary............................................................................................ 375References.......................................................................................... 383

11. IntroductionCurrent progress of the Human Genome Project (Hoffman, 1994; Jordan, 1992; Watson,1990) has resulted in the construction of highly useful genetic and physical maps (Gyapayet al., 1994; Matise et al., 1994; NIH/CEPH Collaborative Mapping Group, 1992) which,for the first time, enabled the routine isolation of the human genes. Using the geneticmaps, geneticists can systematically isolate the causative genes for genetic diseases (Davieset al., 1994; Lander and Schork, 1994) and (eventually) develop effective strategies fordiagnosis, treatment, and prevention of the diseases by understanding the diseasebiochemistry from the causative genes.Key to the construction and use of the genetic maps is the ability to rapidly and accuratelysample points of interest on a chromosome, i.e., "genotype". The geneticist uses thesegenomic sample points, or "genetic markers", to assess the inheritance patterns ofchromosomal segments between related individuals to discover possible disease genelocations on the genome. For complex genetic diseases (e.g. diabetes), the associatedcomplicated inheritance patterns must be disambiguated by sampling the genome at veryhigh resolution. Currently, to map a complex disease, 300 to 500 genetic markers such asmicrosatellite markers (Weber and May, 1989) are sampled along the chromosomes forevery individual in the study (Hyder et al., 1991; Todd, 1994). This number of markers isexpected to increase ten-fold to 3,000 markers or more as the resolution of genetic mapsimproves. The number of individuals in a disease study, currently ranging between 500and 5,000, will also increase as more complex (but common) genetic diseases are beingstudied. Thus, to study just one disease, millions of genotyping experiments must beperformed and assayed rapidly. It is therefore critical to fully automate the genotypingprocess, as there are thousands of common complex genetic diseases in humans that mustbe studied.1.1. ProblemThere are two major steps in the genotyping process:1.

Generation: The first step is data generation, which involves setting up and running thegenotyping experiments in the laboratories. For each experiment, DNA samples from

2individuals in the study are isolated, purified, and then PCR-amplified (Mullis et al.,1986)with dye-labeled primers. By choosing the appropriate primers for PCR, aspecific region of the DNA, which usually corresponds to a genetic marker, can beselectively amplified to create millions of copies of the specified (marker) DNA regionfor experimental analysis. The resulting PCR mixture is then loaded ontopolyacrylamide gels, on which a process called electrophoresis separates out the DNAfragments by size. For signal detection, the primers were tagged with radioactiveelements or fluorescent dye molecules so that data can be captured by exposure to a filmor by laser sensors. To generate huge amounts of data rapidly, hundreds to thousandsof genotyping experiments are typically multiplexed onto a single gel for maximalthroughput.2.

Analysis: The second step is data analysis. This involves (i) searching the scanned gelimages for regions containing data for each genotyping experiments multiplexed on thegel, (ii) calibrating the genotyping data using known size standards to label the data inmolecular units, and (iii) parsing the complex data patterns for each experiment toextract the underlying genotypes. Because of the high degree of data multiplexing andthe inherent data artifacts, analysis of genotyping data is a labor-intensive process thathas precluded automation. This data analysis step, which we will refer to as the"genotyping problem", is the problem that we will solve in this dissertation. We willuse the phrase "genotyping process" to refer to both running the PCR and gelelectrophoresis experiments ("generation") and analyzing the data generated("analysis").To find disease genes, a third step follows the genotyping process:3.

Discovery: Once thousands to millions of genotypes of individuals in a populationbecome available, we can trace the chromosomal inheritance patterns amongindividuals. Together with the inheritance patterns of a physical trait (e.g. theaffectation of a genetic disease), we can statistically localize regions on thechromosomes that contain the candidate genes for the trait. The more genotyping dataused in tracing inheritance, the higher the resolution of the candidate chromosomalsegments that narrow down the disease gene search.

3Tremendous efforts have already been expended in automating the data generation step(step 1):¥machinery: robot arms are used to handle DNA samples with high precision; PCRmachines are employed to purify and amplify the DNA samples with great efficiency;sophisticated DNA sequencing machines are used to run the genotyping gels to directlygenerate digitized data for computer analysis; and¥molecular biology: experimental methods and reagents specially enhanced for highthroughput automated genotyping are used. For example, AmpliTaq Gold, an enzymefor PCR amplification, is inactive at room temperature so that amplification reactionmixes may be assembled and pipetted in advance without fear of contamination for highthroughput set-up. Experimental methods such as the reverse primer modificationmethod (Magnuson et al., 1996) that uses tailed reverse primers to eliminate the "plus-A" artifacts from the data, greatly improves automatic allele calling by generating allelepatterns that can be easily called.The gene discovery problem (step 3) has also been well-studied: there are many well-established computer programs such as LINKAGE (Ott, 1991; Terwilliger, 1994),MENDEL (Lange et al., 1988), SIBPAL (S.A.G.E., 1997) , and GENEHUNTER(Kruglyak et al., 1996) that are already widely used for automating the gene discovery (atleast for simple or Mendelian diseases). The key bottleneck that remains is the stepbetween data generation and gene discovery: the analysis of the genotyping data (step 2),which has yet to be fully automated. Nearly all genetic laboratories require at least anexperienced human technician to visually inspect and analyze the gel data. This requisitemanual labor attributes to roughly half of the cost (about $2-3 total per genotype), whileincreasing the error, time, and tedium.Attempts to solve the genotyping problem have been unsuccessful because of the highdegree of data multiplexing and the various confounding data artifacts. To automate theanalysis of genotyping data, we have to overcome the following key difficulties:¥

Data tracking. Because of the large quantities of genotypes necessary for geneticstudies, high throughput data generation has been the main focus in genotyping.Thermocyclers (e.g. PE 9600 and MJ tetrad) which perform high throughput PCR andintegrated catalyst machines (ABI/877) which handle both the liquid handling andthermal cycling process have greatly increased the number of genotyping experimentsthat can be prepared in a laboratory daily. Advances in genotyping technology enable

4hundreds to thousands of these genotyping experiments to be multiplexed onto a singlegel. The PCR products are loaded onto different lanes on a single gel, conducted inmultiple non-overlapping windows on a single lane, and even run in parallel in thesame lane and window by tagging the DNA for different experiments withdistinguishing fluorescent labels. It is a nontrivial task to automatically localize andextract the data for each of the highly multiplexed experiments from a gel for analysis.Even state-of-the-art genotyping systems currently rely on human technicians tomanually track the lanes on the gels and identify the molecular weight standards usedfor calibrating the lanes into molecular size units ("base pairs", or bps). This is only atemporary measure, as the total number of experiments that can be packed onto a singlegel will continue to increase (e.g. from 48 to 96) such that even manual tracking maysoon become infeasible.¥

Sizing precision. Microsatellites, the commonly used genetic markers for genotyping,have alleles (i.e. molecular values) that vary in sizes of 2-4 bp (i.e. approximately 1%difference in size). Molecular size standards technologies (e.g. Genescan-500,Bioventures) for sizing the DNA can currently only provide up to 20-50 bp resolution.The exact allele sizes of DNA must be interpolated from molecular weight calibrationcurves of inadequate resolution, incurring interpolation errors.¥

Binning consistency. In microsatellite genotyping, the allele sizes are discrete values(i.e. each allele must be a whole number in bp), but the measured allele sizes of theDNAs are real numbers estimated from low-resolution size standards calibration curve.These real-numbered values must be mapped to unique integral labels or "allele bins".The conventional approach of rounding the estimated allele sizes to the nearest integerscan be ambiguous for allele sizes with large rounding errors, and inconsistent allelebinning is costly as it can reduce the power to detect linkage or give rise to inflated maplengths (Buetow, 1991).¥

PCR stuttering. A major limitation of using microsatellite markers, especially thedinucleotide repeat markers, is the inherent stutter (or shadow) bands associated withthe PCR amplification of the DNA samples. With a genotype containing two closely-spaced alleles, the stutter bands at one allele overlap with those at the other allele,resulting in a convoluted stutter pattern that is difficult to decipher even to the humaneye. As such, many geneticists have resorted to using the less informative trinucleotide

5and tetranucleotide repeat markers instead of the dinucleotide repeat markers, primarilybecause of the reduced PCR stuttering typically observed with the former.¥

Pattern specificity. Pattern characteristics such as the shape of the stutter trails, and therelative amplification of two alleles in a genotype, may vary from one allele class toanother. In huge studies where there are hundreds of markers (thousands of alleleclasses) to be genotyped, allele calling can be a highly cognitive and visual task, asthere are many specific patterns that have to be recognized and distinguished.¥

Machine portability. Each commercial DNA sequencing machine typically comes withits own highly specific and labor intensive genotyping software (e.g. the GeneScanAnalysis/GENOTYPER software for the ABI machines, the Fragment Managersoftware for the Pharmacia ALF machines) that takes time and effort for an incominglaboratory technician to learn. A generalized genotyping system that is portablebetween different DNA sequencers and experimental setups (and preferably, also runson different computer platforms) would greatly lower the learning cost when differentsequencers or experimental setups are used in a laboratory.1.2. SolutionMost of the difficulties mentioned above are limitations that cannot be eliminatedexperimentally by adjusting experiment conditions or trying out different chemical reagentsin the laboratories, which is a reason why the microsatellite genotyping problem remainsunsolved in molecular genetics. We hope, with the work in this thesis, to bring to thegenetic laboratories an additional nontraditional problem solving tool: computationalmethods. We will show how computational techniques from computer science andartificial intelligence can be employed to overcome key molecular biology bottlenecks. Todemonstrate this, we have built a fully automated genotyping system for microsatellitemarkers that is accurate, robust, and efficient for real world applications. The system hasbeen tested and used by real molecular geneticists in real laboratories to process real datafrom large scale, high throughput genotyping experiments.The central claims of this dissertation are:

6¥By systematically applying computational techniques from computer science andartificial intelligence, we can overcome key molecular biology bottlenecks, such as thegenotyping problem.¥By understanding the science and technology of genotyping, working closely withmolecular biologists, and testing on large amount of real (not simulated) data, we canbuild a computer system to fully automate microsatellite genotyping.¥By modeling the genotyping data with mathematical models based on their biologicalelements, and constantly refining the models by testing with real data, we can formulateexquisite computational solutions for the genotyping problem, and even enable newfunctionality (e.g. pooled genotyping).¥By using domain knowledge and data to construct refined expectations to intelligentlyguide the computations, we can reduce computation-intensive tasks (e.g. 2-D lanetracking) into tractable problems that are solvable by simple algorithms.¥By exploiting data redundancy and abundancy, which is typical in experimental geneticdata, we can attain extra consistency and robustness to overcome spurious noise anderrors.¥By employing the computer’s organizational and computational capability tosimultaneously apply multiple sources of data and knowledge, we can improve thequality of the results and provide invaluable organizational utilities to the human user,especially when data sets become massive.Finally, we also hope that the work in this dissertation will bring us closer to the followinggrand objectives:¥

Computer Science. Although computers are currently present in modern geneticlaboratories, they often play a passive role as they are typically used as mere datastorage or presentation devices. Although computers are widely used in the geneticlaboratories, very little of computer science is employed. As the Human GenomeProject rapidly reaches its completion, there will be an impending explosion of geneticinformation. Computer science has much to offer in handling the informationexplosion from this coming era of genetic revolution. As one of the first steps, in this

7dissertation we use the computer to solve a major molecular genetics bottleneck. Bydoing so, we hope to demonstrate that the great arsenal of computational techniques incomputer science for problem solving and information processing can be invaluable insolving the many data-intensive problems in molecular genetics.¥

Genetics. With the work in this dissertation, full automation of genotyping becomespossible. A tremendous amount of useful genetic data that has been too expensive toacquire will become available to the geneticist, leading to new and challenging avenuesfor molecular biology research. In addition, the associated reduction in cost mayeventually make genome scans a routine test, accessible one day to the general pubic.Our ultimate goal is to increase health and prolong life of the public by genotypingfamilies, determining their risk profiles, and then moderating the environmental (oreven genetic) component of genetic disease to reduce their greatest risks. By enablingthe full automation of microsatellite genotyping, it is our hope that the work in thisthesis will bring us one step closer to such a future.

92. DomainA common feature of computer science, especially artificial intelligence, is that it is multi-disciplinary. Typically, half the battle is waged by learning about the other field. Forexample, speech recognition involves the application of advanced signal processingtechniques, natural language understanding requires the awareness of linguistic theories,and expert system construction depends on the gathering of expertise from the problemdomains. To successfully apply computer science to solve a problem from a differentdomain, the versatile computer scientist must first overcome the formidable task of learningan entirely different field quickly, sufficiently, and selectively.The genotyping problem is particularly challenging in this aspect as its domain actuallycomprises three highly technical and inter-related fields:¥Biology: particularly, the study of the structure and organization of cells and DNAs;¥Genetics: the study of the mechanics of heredity, and¥Biotechnology: the state-of-the-art engineering tools for investigating problems inbiology and genetics.In view of the large number of technical terms involved in the three fields, a glossary ofcommon technical terminology is provided at the end of this dissertation.2.1. BiologyLife begins with a single cell (the zygote) which must contain sufficient programmaticinstructions for it to develop into a complex multi-cellular organism in due course. In thissection, we study how such genetic information is organized and structured in a compactform, and how this complex information is permuted for diversity and passed on from onegeneration to another.2.1.1. Cells, DNAs, and chromosomesAll living organisms are strikingly similar at the cellular and molecular levels. We are allbuilt from basic units called cells. Each cell is a complex automaton capable of generatingnew cellular molecules which are self-sustaining and self-replicating. The "brain" in each

10cell (with the exception of bacteria) is a nucleus which contain DNA (deoxyribobucleicacid) that encodes the requisite genetic information for life.The cell’s nuclear DNAs are called the chromosomes. There are typically not one, butseveral chromosomes in each cell, forming, in effect, a distributed DNA database of geneticinformation. In a given species, the number of chromosomes is the same for all members,for any aberration (e.g. missing one or having extra chromosomes) can be lethal. Inhumans, there are twenty-three pairs of homologous (matching) chromosomes. Eachchromosome pair contains one chromosome from each parent. Collectively, thechromosomes are known as the genome. They contain all the genetic instructionsnecessary for building a complex living organism from a single cell.The biochemistry of the DNA has revealed an amazing fact: the complex instructions of lifeare actually encoded in a deceptively simple language from an alphabet containing only fourletters: {A, C, G, T}. Each chromosome (DNA) is a macromolecule consisting twointertwining polynucleotide chains commonly known as the "double helix" (Watson andCrick, 1953). The nucleotides are distinguished by their bases, which can be from one oftwo classes: purine (adenine, guanine) or pyrimidine (cytosine, thymine). On the doublehelix, the adenine (A) on one strand is always paired to a thymine (T) on the other strand,and the guanine (G) paired to a cytosine (C). Knowing the nucleotide sequence of oneDNA strand implies the sequence of the other. As such, we often refer to DNAinformation as a single string containing letters from a four-letter alphabet: A, C, G, and T.2.1.2. Genes, markers, and microsatellitesThe genetic information in the human genome is organized hierarchically, as shown inFigure 2.1. The massive 3 billion DNA letters of genetic information are partitioned into23 chromosomes. Each chromosome is a linear sequence of thousands of DNA sentencescalled genes, with large amounts of non-gene DNA sequences interspersed between thegenes. These non-gene sequences do not code for any known biological function. Theymay be considered as "nonsense" biologically, but can be invaluable to scientists as geneticmarkers localizing regions on the chromosomes for tracking genetic inheritance.

11LetterChromosomeHuman Genome100,000 genes3,000,000,000 lettersGeneChromosome

. . . . . .. . . . . .. . . . . .23 chromosomes~ 5,000 genes per chromosome~ 5,000 DNA letters per geneFigure 2.1. The genetic information hierarchy in the human genome. The entiregenomic information is partitioned into 23 chromosomes. Each chromosome is a linearsequence of DNA letters, some of which are DNA "sentences" (genes) that encode certainbiological functions, while others are merely "nonsense" or "whitespace" letters whichhave no known biological function.GenesGenes are DNA sentences along the chromosomes that encode specific functions. The"classical" genes are those that encode the recipes for constructing the proteins that thebody needs. Other genes encode functions that determine physical traits such as hair coloror increased susceptibility to heart diseases.Genes are identically ordered along each linear chromosome for every normal humanindividual. The "versions" of the genes, however, may differ from one person to another,leading to the variations in traits (e.g. different hair color) that are observed in thepopulation. These different versions of a gene are called its

alleles. Every person has twoalleles at every gene locus (except for some of the genes on the sex chromosomes) in thechromosomal pairs inherited from the parents. The genetic makeup of a person withrespect to a particular gene is called the genotype, and it comprises two alleles for everygene (with the exclusion of some of the genes on the sex chromosomes).In this dissertation, we will use the term gene to refer to functional DNA. This includes theprotein-encoding and trait-determining DNA, as well as regulatory sequences such aspromoters and enhancers. Therefore, a gene is defined in this dissertation as any inheritedDNA sequence that encodes some biological function.

12MarkersMarkers are special classes of DNA sentences that are used by geneticists as distinctivelandmarks along the chromosomes. Some of the markers are unique DNA sequenceswhich occur only at a specific chromosomal location in everyone’s genome (in the samespecies). These unique markers (e.g. sequence tagged sites or STSs) are useful in locatingpositions on the genome, and they are used extensively in physical mapping. Another typeof landmark consists of genetic loci that are highly variable (i.e., polymorphic). Thismeans that not everyone has the same version (allele) at that landmark location. In the(extreme) case of a completely polymorphic marker, chromosomes originated fromdifferent sources will inherit unique alleles. These alleles can serve as unique tags forchromosomes sharing a common origin.In this thesis, we are concerned with this second type of marker for tracking inheritance.Such a marker must express a measurable form of polymorphism so that its inheritance canbe traced in a pedigree. It should also be stable, with each allele inherited intact (that is, nomutation occurs) from parents to offspring. An ideal marker is one that is both stable andhighly polymorphic, so that its alleles reliably indicate the origin of its chromosomalsegment as it replicates in a family or population through multiple generations.A marker can be any polymorphic segment of DNA, functional or nonfunctional.However, genes (functional DNA) are typically not very polymorphic, since any variationcan be a lethal aberration eliminating the survival of the carrier. Therefore, genes aretypically not very useful as markers for tracking complex inheritance patterns.Much of the DNA text, however, consists of "nonsense" sequences which do not code forany known biological function. Long stretches of non-coding "fillers" called introns arefound interspersed within the DNA sentences of the genes. Repetitive DNA, or repeats,also occurs abundantly and randomly throughout the genome. The Alu sequences (Schmidand Jelinek, 1982), VNTRs (Nakamura et al., 1987), minisatellite arrays (Jeffreys et al.,1985), and microsatellites (Gyapay et al., 1994; Litt and Luty, 1989; Weber and May,1989), are some examples of repetitive DNA. The non-encoding nature of these repetitiveDNA elements leads to their relatively high degree of polymorphism; together with theirabundant occurrence in the genome, these repetitive elements are extremely useful asgenetic markers. In particular, the microsatellites, a class of repeats that are highlypolymorphic, abundant, and easily assayed (Weber and May, 1989), have been used

13routinely by the geneticists to track inheritance of genetic traits in humans (Hearne et al.,1992).MicrosatellitesThe microsatellite family includes di-, tri-, and tetra-nucleotide repeats that are DNA wordsof the form "PR*S", where P is a fixed prefix string, S is a fixed suffix string, R is thenucleotide unit of the repetitive sequence R* with the length of R small (e.g., 2, 3, or 4),and "*" denotes Kleene star (Hopcroft and Ullman, 1979). Microsatellite markers havebeen found to occur abundantly in the human genome. For example, there are an estimated100,000 CA-repeats (i.e., a microsatellite with R = "CA"), which are sufficient to cover theentire genome at high resolution.Within the last decade, microsatellite markers such as the CA repeats (Weber and May,1989) have become the polymorphic markers of choice for constructing high-resolutiongenetic maps (Gyapay et al., 1994; Matise et al., 1994) . These repeats are abundant andeasy to find, occurring, on average, every 30,000 bp throughout the genome. They can beamplified in vitro using polymerase chain reaction, or PCR (Mullis et al., 1986), therebyconsuming little genomic DNA and requiring less time and effort than Southern blotting1.They also show a very high PIC (polymorphic information content) and can be informativefor genetic linkage. Most importantly, because of their regular structures, the microsatellitemarkers are length polymorphisms, with each allele corresponding directly to the numberof the repeated unit (n, in PRnS). This means that geneticists do not need to sequence eachand every DNA letter of the marker to determine the alleles. Instead, the alleles can bedetermined (i.e., genotyped) by simply sizing the amplified PCR products on a standardelectrophoretic sequencing gel. These characteristics make microsatellites ideal for largescale, high throughput genetic studies, making most older markers obsolete.With the discovery of the microsatellite markers, the older genetic markers (e.g., restrictionfragment length polymorphisms, or RFLPs) have all but disappeared as markers fortracking inheritance. The PCR-based microsatellites are more informative and relativelyeasier and less expensive to genotype than the less informative bi-allelic markers or theRFLPs which require Southern blotting. The minisatellite arrays, their larger counterpartsin the VNTR (variable number of tandem repeat) family, have larger sequence motifs (i.e.the repetitive unit R in "PR*S" ranges from 10 to 60 bp long), making minisatellites less

1Southern blotting involves size-separating DNA on a gel, then transferring the gel DNA to a filter("blotting"), and then probing the blot with a second DNA by hybridization.

14amenable to PCR amplification than the microsatellites. The minisatellites are also lesscommon and not as evenly distributed along the human genome as are the microsatellites.Among the microsatellites, the dinucleotide repeats such as the CA-repeats are the mostwidely used. The dinucleotides are also the best candidates for fine-mapping, because theyare generally more polymorphic and densely spaced than the larger repeats, and they arealso genetically stable, with an average mutation rate of about 10-4 per generation(Weissenbach et al., 1992). The dinucleotides are also found in abundance in othermammalian species (Moore et al., 1991), and are widely used in agricultural applications.2.1.3. Meiosis, recombinations, and genetic variationsIn sexually reproducing organisms, a special type of cell division called meiosis producesthe sexual cells (eggs and sperms). During meiosis, the chromosomes are duplicated,followed by two consecutive divisions. In the male, this results in four haploid (cells withhalf the number of chromosomes) sperms, and in the female, one ovum and three polarbodies. With the number of chromosomes halved in meiosis, the sperm and the ovum canthen merge during fertilization to form a zygote which contains the correct number ofchromosomes.fifi

xyzxabcxyzxycabz a b c xyzxyza b c a b c xyzabcfi(i)(ii)(iii)(iv)yzabcFigure 2.2. Crossing-over. (i) Each parent’s chromosomal pairs may contain differentalleles for the various genes on the chromosome. The example shown here has alleles x, y,and z on one chromosome, and alleles a, b, and c on the other for the three genes on thischromosome. (ii) During meiosis, the chromosome pairs double, resulting in two pairs ofeach chromosome in each parent. The exact copies are paired together, and the two pairs ofhomologous chromosomes line up side by side. (iii) Here, crossing-over takes placebetween two of the four homologous chromosomes. (iv) A total of four homologouschromosomes with different allele compositions are produced in each parent. Theoffspring may inherit any one of these four chromosomes from this parent.

15If each parent simply passes on a half of the chromosome pairs to the offspring intact, therewould be very limited genetic variation in the progeny. To further ensure genetic variation(a crucial factor for the species’ survival), the parental chromosome pairs "cross over"during meiosis and exchange homologous segments before they split into halves (Figure2.2). Thus, each of the chromosomes in the resulting haploid cells is actually a mixture ofthe two halves of the original parental pairs.Meiotic recombinations can make it difficult for the geneticist to determine the origins ofinherited chromosomal segments. When tracing complex inheritance patterns, thechromosomal segments must be sampled (genotyped) at a high enough resolution toresolve any ambiguities due to meiotic recombination. The discovery of microsatellitemarkers has made it possible to sample the genome at a high resolution of 10-20 cM.However, the current cost associated with microsatellite genotyping has precluded suchdense genotyping, except at well-funded genotyping centers. By fully automatingmicrosatellite genotyping, the associated cost can be lowered tremendously, making highthroughput microsatellite genotyping more accessible.2.2. GeneticsThousands of common diseases in humans are known to have genetic causes. Discoveringthe causative genes for these diseases is essential for early detection and prevention, and forfinding eventual cures. However, many common diseases (e.g. cancer, diabetes, heartdiseases) are complex genetic diseases. To discover the causative genes for these diseases,we need to genotype large populations at a high genomic resolution in order to trace theassociated complex inheritance patterns of the diseases. The number of genotypes neededcan number near the millions, requiring full automation of genotyping.2.2.1. The genetics of common diseasesHuman genetic disorders can be grouped into two major classes: simple Mendeliandiseases, and complex non-Mendelian diseases. A Mendelian disease is caused by adefective genotype at a single gene locus. Usually, only one disease mechanism isoperating in a given family, and possession of the high-risk genotype is necessary for

16disease expression. Examples of simple Mendelian disease include cystic fibrosis,Duchenne’s muscular dystrophy and Huntington’s disease.A non-Mendelian (complex) disease, on the other hand, is multifactorial and results from acomplex interaction of multiple genetic and non-genetic (environmental ) factors. Mostcommon genetic disorders in humans (e.g. diabetes, colon or breast cancer, coronary heartdisease, obesity, alcoholism and schizophrenia) are complex non-Mendelian disease. Wecan model a complex disease as one that is not entirely genetic; its genetic componentmerely imparts a certain predisposition toward the disease. This predisposition is triggeredwhen an individual inherits defective alleles of some small set of the controlling genes.There may be several sets of controlling genes, such that individuals who have the samegenetic predisposition may carry different sets of defective alleles. Whether each of theseindividuals will eventually develop the disease depends on the combined effects from thegenetic and non-genetic environmental factors (e.g. diet, exposure).There are many other factors that complicate the genetics of common diseases further. Forexample, false-negative cases can be caused by reduced penetrance or late age-of-onset ofthe disease, while false-positive cases can be caused by the presence of phenocopies ornon-genetic cases. Etiologic heterogeneity and genetic interaction are also not uncommonin complex diseases. To begin to unravel all the confounding factors associated withcomplex diseases, it is necessary to have a large amount of genetic data. Geneticists havehad great success with simple Mendelian diseases (Ott, 1991); they are now beginning tostudy and dissect complex genetic traits (Lander and Schork, 1994; Risch, 1990; Risch,1991).2.2.2. Finding disease genes: positional cloningOur ability to understand, diagnose, and (eventually) find a treatment for human geneticdiseases depends largely on our ability to locate and clone genes. By cloning the genes, thedisease-related biochemical malfunctions can be studied extensively. Cloning is atechnique in molecular biology to obtain an interesting piece of DNA (e.g. a gene) in a largequantity that is convenient for detailed analysis and further experiments. The DNAsegment to be studied is isolated and then inserted into a cloning vector (e.g. yeast artificialchromosomes, plasmids, or cosmids) that is capable of integrating the foreign DNA intoitself without losing its capacity for self-replication. Through these cloning vectors,

17foreign DNA can be introduced into host cells where it can be reproduced and studied atlength.To clone a gene, we must first know where it is on the chromosomes. However, locatingdisease genes is a Herculean task. Consider the following scenario: a disease is known torun in families, following, say, a simple Mendelian pattern of inheritance. The diseasegene is a small DNA word or sentence that lies somewhere among the one hundredthousand genes on the twenty-three pairs of human chromosomes containing a text of threebillion DNA letters. Because the biochemical pathways of the disease are not yet known,there is no biological clue to help us locate the defective gene. In fact, we do not evenknow where most of the genes are on the chromosomes. How do we proceed to isolateand clone the defective gene without even knowing what it is?This is a classic search problem � a problem that is also paradigmatic in computer science,in particular, artificial intelligence (Rich and Knight, 1991). The search space is vast: aprohibitive three billion characters of text, the content of which is largely incomprehensibleto the humans (for now). To read this text character by character (bottom-up) would takean astronomical amount of time, effort, and money. It is more feasible to adopt a top-downsearch strategy in which we incrementally prune the global search space (~ 3 gigabase, orGb) to the resolution level of a single chromosome (~ 100 to 300 megabase, or Mb), andthen to chromosomal regions that are small enough (e.g. ~ 100 kilobase, or kb, to 1 Mb)labor-intensive local searches. The geneticists can then use physical maps of cloned DNAfragments to identify candidate genes within the chromosomal regions. The candidategenes can then be meticulously sequenced and tested until the true disease gene is found.This top-down disease gene discovery approach is known as positional cloning (Collins,1992; Collins, 1995), a process that is at the heart of the current genetic revolution2. Whatwe need for this top-down approach is a good evaluation function to prune the search spacefrom the gigabase genome down to kilobase chromosomal regions. One well-utilizedevaluation function for pruning the genomic search space is the matching between theinheritance patterns of the genetic trait (in this case, a disease) and the shared chromosomalinheritance patterns of affected individuals in a population. For example, consider two

2Positional cloning is not the only method for discovering disease genes. One increasingly popularapproach is the EST (Adams et al., 1991) or expressed gene method. It involves sequencing short regionsof cDNA clones isolated from a library of a particular tissue such as brain, and then looking for those(expressed) genes that have interesting amino acid motifs, and comparing the results of normal and affectedtissues.

18related individuals (e.g., siblings) who are both affected by a genetic disease. Thechromosomal regions that they inherit in common from their parents (about 50% of thegenome) are likely places to look for a causative gene. These shared genome regions areidentical-by-descent (IBD) for the pair. When the IBD regions of many other pairedindividuals are determined, the "intersection" of these regions can point to a small region(e.g., ~1 Mb) that contains the causative gene. All that is needed is an efficient way todetermine the shared IBD regions of related individuals.The determination of this sharing is done by genotyping. A genotype can be viewed as asmall point-like sampling of an individual’s DNA at a known chromosomal location (e.g. agenetic marker). A non-polymorphic DNA point (e.g., a highly conserved gene) wouldhave only one allele for everyone, and it would be useless for differentiating twoindividuals. The best genetic markers are highly polymorphic with different alleles in apopulation so that when two relatives share the same alleles (identical-by-state, or IBS), ittends to imply that they both inherit the same chromosomal region (IBD). By sampling anindividual’s genome with a large number of highly polymorphic, closely spaced markers,the geneticist can obtain a high resolution "snapshot" of an individual’s genome which canthen be compared with the genetic snapshots of the individual’s relatives. With the adventof very high resolution genetic maps, such genotypic snapshots have become the mainstayof both regional and genome-wide searches for genes (Hearne et al., 1992).2.2.3. Tracking genetic inheritance: dense genotypingTo accurately assess the risk of an individual to a disease, it is necessary to determinewhether the individual carries the defective genotypes at the respective gene loci. Ideally,the individual’s genes should be sequenced so that the exact genetic content can be used toascertain risk. However, there are thousands of bases in a gene (Figure 2.1). As such, itis highly expensive and time-consuming to sequence just one gene. To begin to assess therisk of a single individual for all the common human genetic diseases, hundreds of millionsof DNA bases will have to be sequenced for each individual.There is a much more feasible alternative. Using a search strategy similar to that inpositional cloning for finding disease genes, it is possible to determine if an individualcarries the defective alleles without actually sequencing the genes. As in positional cloning,we can tag the genome using polymorphic markers that occur along the chromosomes athigh resolution. The chromosomal sharing information between two related individuals

19can be reliably inferred from their genotypes. If an individual had inherited a chromosomalsegment containing the disease gene from an affected individual in the family, then we canconclude that this individual must also have inherited the defective allele (without having toknow the actual allele of that gene). Furthermore, if the genotyping were done using astandard set of microsatellite markers that covers the entire genome, the genotyping datacould be re-used to compute the risk for many different genetic diseases, without having tometiculously sequence any new genes.Of course, key to using chromosomal inheritance patterns to reliably assess risks is theability to determine the origins of each inherited chromosomal segments (particularly, thesegment that may contain the disease allele from the affected parent). If the parents hadpassed each half of their chromosome pairs on to the offspring intact, then, as long as wehave a single informative marker on that chromosome, we can tell if an offspring hasinherited the defective allele because the allele must necessarily be inherited together withthe chromosome from the parent. However, because of meiotic recombinations, parents donot pass on entire chromosome strands to their offspring intact. Instead, the offspringreceives a chromosomal strand that is a combination of the original parental chromosomepair. When the markers flanking a chromosomal segment are not informative (i.e. IBSdoes not imply IBD), the parental origin of that chromosomal segment can be ambiguous.Figure 2.3 shows an example in which it is impossible to determine whether the alleles in amarker (the second marker) in the siblings actually originated from the father or from themother.The problem of disambiguating the parental origins of alleles or chromosomal segments isknown as the haplotyping problem. When the genetic markers (sample points) are far apartor when they are not sufficiently polymorphic, recombination events may remainundetected between uninformative markers, and inheritance of an affected allele cannot beinferred with certainty from the genotyping information of the flanking markers. To solvethis problem, various analytic solutions have been proposed (Weeks et al., 1995; Wijsman,1987). However, the haplotyping problem is actually an inherent limitation as in theexample depicted in Figure 2.3. If the parental origins of the chromosomal segmentscontaining disease alleles cannot be determined unequivocally, it is not possible to assessthe risk of the children to the disease accurately based merely on the genotypes of flankingmarkers.It turns out that the problem can become nonexistent if the chromosomes were denselygenotyped. By sampling the genome at a high resolution with closely-spaced polymorphic

20AB

cdgbeha

begCD

aefbdgbegadfaegbdgadgbegE

212.3. BiotechnologyThe invention of the polymerase chain reaction (PCR) technique by Kary Mullis (Mullis etal., 1986) in the mid 1980s was a major breakthrough in modern molecular genetics. WithPCR, it became possible to rapidly produce millions of copies of a specified DNA sequencein vitro. The next related breakthrough for genotyping was the application of PCR tomicrosatellite markers such as the CA-repeats by Weber and May in 1989 (Weber and May,1989). The microsatellites provide an abundant class of closely spaced highly informativemarkers that can be amplified by PCR. In addition, they can be genotyped simply by theirsize differences (using gel electrophoresis), instead of having to meticulously sequence theDNA segment for each allele. Using sophisticated high throughput sequencer machines(for example, the ABI/377 and the Pharmacia/ALF machines), it is now possible for agenetic laboratory to generate vast amounts of data daily. The main bottleneck that remainsis the tedious task of genotyping all that efficiently generated data.2.3.1. PCR and PCR stutterThe enzymes that make DNA in the cells are called

DNA polymerases. These DNApolymerases will catalyze the duplication of DNA only in the presence of pre-existing DNAtemplates. The PCR process exploits the biology of the DNA polymerases to replicateDNA in vitro. Using the selectivity of short DNA oligonucleotide primers towards specificDNA templates, the PCR process can be directed to synthesize a specific region of DNA.By iterating the replication cycle, millions of copies of the specified DNA regions can berapidly generated at an exponential rate. The PCR process is a relatively straightforwardlaboratory technique, requiring only a very small amount of the source DNA.PCR cycleThe PCR cycle is a 3-step process (Figure 2.4):(1)Denaturation. The first step of the PCR process is to create single-stranded DNAtemplates for replication. The double-stranded DNA molecules are separated("denatured") to form single DNA strands by an increase in temperature (to around94�C);(2)Primer annealing. The second step is to specify a region on the DNA to be replicated.To do so, we label the starting point for DNA synthesis with a oligonucleotide(synthetic) primer that anneals (at a lower temperature, say, 30-65�C) to the template atthat point. By supplying a pair of flanking primers, only the DNA region between theflanking primers will be amplified .

22primer 1binding siteprimer 2binding site

original double stranded DNA denature DNA,anneal primers, andreplicate DNA

new DNA strands

replicate DNA

copy

23(3)DNA synthesis. The third step is to replicate the specified DNA region. With theprimers annealed to the binding sites to direct replication, the DNA polymerase (e.g.Taq polymerase) synthesizes new complementary strands, which can then bedenatured, annealed with primers, and replicated again.The concentration of the target sequence is doubled with each PCR cycle. After n PCRcycles, and there are 2n replicated DNA molecules in the resulting PCR mixture.Typically, the PCR cycle is repeated for as many as 30-60 cycles, taking several hours tocomplete.PCR stutterIdeally, the PCR product should contain only DNA fragments that are exact copies of thetarget DNA segment being amplified. When the target segment contains repetitive DNAregions, a series of secondary fragments is often generated in addition to the targetsegment. These extraneous fragments are typically shorter than the target segment, creatingthe characteristic "stutter" or "shadow" bands that are observed when the DNA in the PCRproduct is size-separated by gel electrophoresis (see Figure 2.5).

24PCR stuttering is generally attributed to the slippage (misreading) of the polymerase duringthe amplification of the template DNA strands (Hauge and Litt, 1993). It is particularlypronounced with markers that are tandem repeats of short nucleotide sequences (e.g.dinucleotides). The slippage of polymerase creates new DNA template strands that areshortened by a length equal to an integral multiple of the length of the repeating units,which are then amplified in subsequent PCR cycles. Shorter error templates may also becreated in the subsequent cycles, causing the trail of shadow bands when the PCR productis size-separated on an electrophoretic gel. The stutter bands from one allele may overlapwith those from the other, creating complex band patterns that can be confounding even tothe trained eye of a human technician.Molecular biologists have made numerous attempts to reduce or eliminate the PCR stutters:1.Modifying the PCR conditions. This approach works to a point (Odelberg and White,1993) but generally does not remove the artifact completely.2.Using microsatellite markers with smaller alleles (e.g. using (CA)n markers with nsmall). Smaller alleles are generally associated with fewer stutter bands as there arefewer repeats for the polymerase to "slip" over. However, this approach drasticallylimits the choice of markers, and the smaller n also implies lower polymorphism (fewerpossible alleles) for a marker.3.Using tri- and tetranucleotide repeats. Markers with larger repeats tend to display littleor no stutter artifact. However, the larger repeats are also more complex, lessinformative, and consume more "real estate" on the gel. They are less denselydistributed over the genome than the dinucleotides, and are thus less suitable for fineanalysis.These conventional experimental efforts have failed to remove the stutter artifactcompletely. As a result, current genotyping systems either rely on the human to call thealleles, or attempt naive allele calling by focusing on the highest peaks (Mansfield et al.,1994; Ziegle et al., 1992). The latter approach is problematic with single (homozygotic) orclosely-spaced alleles, and widely-separated alleles with pronounced relative amplification.It will not work when more than two alleles are present, say, when DNA are pooled frommultiple individuals in a population.It fact, it may even be unwise to try to remove the PCR stutter from the data totally.Without the signature stutter pattern, it may be impossible to distinguish a spurious noiseband from an actual data band (Schwengel et al., 1994). With markers that exhibitstuttering, the expected presence of the PCR stutter signatures can be used to disambiguate

25true data from spurious noise and contamination bands. If we can handle the shadowbands, data analysis for the stuttering markers (e.g. the dinucleotides) can actually be morerobust against noise and contamination than the stutterless markers (e.g. most tri- andtetranucleotides).2.3.2. Gel electrophoresisGel electrophoresis is a standard laboratory technique to separate DNA fragments by size.When exposed to an electric field, a mixture of DNA molecules travels through a medium(e.g. an agarose or acrylamide gel) at different rates depending on their molecular sizes.By labeling the DNA molecules with a radioactive or fluorescent molecule, we can detectthe relative gel positions of the DNA molecules after they have been size-separated anddeduce their relative size differences. If it is necessary to determine the actual sizes of theseDNA molecules, we can run molecular weight (MW) standards or DNAs with known sizeson the gel together with the unknown DNA molecules (Figure 2.6). We can then use thecalibration curve generated from the gel positions of the size standards to interpolate theactual sizes of the DNA molecules.

DNA migrationDNA mixtures calibration DNAFigure 2.6. Gel electrophoresis. DNA of different sizes migrate at different speeds in agel subjected to an electric field. Typically, calibration DNAs with known sizes (molecularweight standards) are run together with the unknown DNAs so that the unknown DNAscan be typed by size interpolation.

26Gel electrophoresis is essential for genotyping microsatellite markers. As microsatellitesexhibit length polymorphism, the different alleles directly correspond to different DNAsizes. Therefore, instead of sequencing the DNA fragments (which can contain 100—500DNA letters) for the exact DNA content to call the alleles, we only need to size-separate thePCR product on an electrophoretic gel, and use the calibrated DNA sizes as the alleles forthe markers’ genotypes.2.3.3. High throughput genotypingBecause large amounts of genetic data are necessary for statistical genetic linkage analysis,the main emphasis of genotyping technology is to generate as much data as rapidly aspossible. Figure 2.7 shows the various ways to multiplex gel readout for attaining highthroughput in genotyping:size

lanes

fluorescence

M1M3M2Figure 2.7. High throughput genotyping. Multiplexing can occur in three dimensions:lanes, size, and fluorescence. First, the gel is divided into many lanes (vertical columns) toallow multiple genotyping on the gel. Second, markers (e.g., M1, M2, and M3 as shown)with non-overlapping allele window can be genotyped in the same lane. Third, by labelingmarkers with different fluorescent dyes, markers with overlapping allele windows can bemultiplexed in each lane (but in a different "plane" or dye). Here, three fluorescent dyesare used to multiplex a total of nine markers.

27¥Multiple lanes. The gel is divided into as many lanes as possible so that differentgenotyping experiments can be run in different lanes on a single gel. Currently, eachgel contains 30-96 lanes, and this number will continue to increase because of theconstant demand in data throughput.¥Multiple size windows. Markers that have non-overlapping allele windows can beanalyzed together in the same lane because their data will occupy different regions alongthe lane. PCR products from three to six different marker assays are routinely pooledin a single gel lane for multiplexed readout.¥Multiple dye labeling. In multi-channel fluorescence DNA sequencers, additionalmultiplexing can be achieved by using different fluorescent dyes to label the markers.This allows markers that have overlapping allele windows to be run in the same lane,but emit data from relatively disjoint imaging "planes" (fluorescent dye). For example,the ABI (Applied Biosystems) machines are four-color systems, in which three of thedyes are typically allocated for genetic markers and one for running the MW sizingmarkers. This setup increases data throughput by three-fold, while providing each lanewith its own size standards calibration curve.

28With an average of 12 markers per lane (4 size windows per lane and 3 fluorescent labels)and 32 lanes (as shown in Figure 2.8), about 400 different microsatellite experiments canbe read out on a single multiplexed gel. Current efforts to increase data throughput willcontinue to increase the number of lanes and fluorescent dyes per gel so that thousands ormore genotypes can be produced on a single gel. This super-efficiency in data generationmust be coupled by the full automation of data analysis, for even a highly staffed laboratorywill quickly be inundated with a flood of data if each of the genotypes has to be analyzedby hand, creating a genotyping bottleneck.2.4. The Bottleneck: GenotypingAlmost all the major steps in the genotyping pipeline have been successfully automated:robotic sample preparation, PCR amplification, gel electrophoresis, and gel datadigitization. The genotyping (gel data analysis) step has remained the critical bottleneckprecluding full automation. Nearly all laboratories require an experienced human technicianto visually inspect the microsatellite data, a task that is tedious, error-prone, time-consuming and expensive. In fact, roughly half of the error and cost (about $2-3 total pergenotype) in current high-throughput microsatellite-based genotyping is attributable to theneed for human operators to semi-automatically score the data. A system that can directlyanalyze the gel image files from automated DNA sequencers, and automatically detect,calibrate, quantitate, and genotype the marker data on the gel will remove this costlybottleneck and achieve the requisite throughput in genotyping studies.

293. Problem OverviewThe data flow of the genotyping problem is straightforward: given a digitized gel image asinput, output the genotypes for all the genotyping experiments multiplexed on the gel (Box3.1). The underlying tasks, however, are nontrivial:1.

Data retrieval: How do we parse a highly-multiplexed gel image to retrieve segments ofsignal intensity profiles (electropherograms) that contain the data for each multiplexedgenotyping experiment?2.

Data quantitation: How do we extract from the continuous intensity profile of anelectropherogram discrete data bands binned with molecular units and quantified withDNA concentration measures?3.

Data deconvolution: How do we reduce a convoluted series of quantitated data bandpatterns into two consistently labeled alleles?Input: a digitized multi-dimensional gel image on which hundreds to thousands of genotyping experiments are multiplexed.

flretrieval

flquantitation fldeconvolution

flOutput:a pair of consistently labeled alleles for each of genotyping experiments.

Box 3.1. The overall data flow in the genotyping problem. The input data is a highlymultiplexed gel image, from which we retrieve the data window for each multiplexedexperiment for analysis, quantitate the extracted signal data into molecular units, anddeconvolve the complex data patterns to accurately call the two alleles in the genotype.

303.1. Retrieving data from gelAs we have discussed previously, current biotechnology allows hundreds to thousands ofgenotyping experiments to be multiplexed on a single gel in three dimensions:¥width: by partitioning the gels into vertical tracks or lanes, genotyping experiments canbe run in parallel on a single gel in different lanes;¥length: by pooling markers with non-overlapping size windows together, they can berun out on the same gel lane; and¥plane: by labeling markers with different fluorescent dyes, genotyping experiments canbe run in the same size window and gel lane, emitting data signals in different "dyeplanes".(bp)fidyeseparationRaw image

(digitized)

2D gel

images

per dye

(pixel)Figure 3.1. Retrieving data from gel. First, the raw digitized image from the DNAsequencer is separated into two-dimensional gel images for each fluorescent dye used in theexperiment. Then, the coordinate transformation function a converts the gel image intolinear electropherogram traces of microsatellite data in each lane, calibrated by DNA sizeinstead of pixel.Figure 3.1 shows how we can systematically undo the multidimensional multiplexingsystematically to retrieve data4 from a gel for analysis. First, we undo the "plane"multiplexing by a process called dye separation. After we have separated the data intodifferent dye planes, we undo the "width" multiplexing by a process called lane trackingwhich converts the two-dimensional gel images into one-dimensional intensity profiles(electropherograms). With the one-dimensional electropherograms, we can then undo the

4Most DNA sequencer systems provide on-line digitized scanning during gel runs, so the raw data is oftengenerated in a computer-readable format. If not, the gel data may be digitized using high resolutionscanners. We will assume in this dissertation that the input gel images are digitized.

31a : <x, y> pixels « <lane, size> points

323.2. Quantitating data bandsFrom our understanding about PCR and gel electrophoresis, we know that the fluorescentsignals detected by the laser sensors were emitted by discrete classes of DNA fragmentsthat have integral lengths in bps. Therefore, after we have localized the marker data for agenotyping experiment on a gel using the sizing grid, we must discretize the continuoussignal intensity profile in the electropherogram extracted from the image. To convert theimage data into the corresponding "molecular space", we must (a) reduce the continuoussignals into a discrete series of marker bands binned with integer sizes, and (b) quantitateeach detected discrete data band into a DNA concentration measure (Figure 3.3). Theoverall operation can be described with the following transformation function:b : image data + sizing grid fi {<bp, concentration>}

333.3. Calling the allelesPCR amplification of a short tandem repeat allele typically generates additional DNAfragments, creating more marker bands than the actual alleles present in gel electrophoresis.These extraneous stutter bands must be eliminated mathematically to recover the underlyingalleles in the genotype, as shown in Figure 3.4. The requisite transformation, then, is adeconvolution function g:g : quantitated data with stutter fi genotypes

34

35In the next three chapters, we will describe, with examples from real data, how wecomputationally handle each of the three data transformations. To further illustrate thepower of the computational approaches that we advocate in this dissertation, we willdescribe, in a following chapter, how we can enable a new functionality called pooledgenotyping with a simple generalization of our computational solutions.

37Data tracking: how to automatically track the relevant data regions on a highlymultiplexed gel with hundreds to thousands of genotyping experiments?In high throughput microsatellite genotyping, data multiplexing can occur in up to threedimensions: dyes, lanes, and marker size windows (as shown in Figure 4.1). To unravelthis intricate multiplexing, we perform the following transformations:

Stage 1.Dye separation. Separating the multi-dimensional raw data into two-dimensionalimage planes for each of the dyes in the system;

Stage 2.Lane tracking. Reducing the two-dimensional image planes into one-dimensionalelectropherograms for each of the loaded gel lanes; and

Stage 3.MW calibration. Calibrating the electropherograms from the image units (pixels)into in molecular units (bps) along each of the gel lanes, so that marker

38knowledge (e.g. the expected allele size window) can be used to localize dataregions on the electropherograms for analysis.4.1. ProblemCommercial DNA sequencers (such as the ABI machines) exploit fluorescent primer-labeling technology to generate maximally multiplexed gel data labeled in different dyes.These machines are usually equipped with internal dye-separation mechanisms, so that dye-separated data are automatically generated. Therefore, in this dissertation, we will assumethat all gel images are already dye-separated by the sequencers, and that the dye-separationsare generally adequate. In the event that the internal dye separation is imperfect, some post-processing of the data will be necessary. For this, we will describe in Section 4.2 how tofilter out artifacts (e.g. dye bleedthroughs) from gel images that are imperfectly separated.The main data tracking problem is in tracking the gel lanes and detecting the MW bands.This tracking involves the construction of a sizing grid a that transforms pixel coordinatesinto lanes and molecular sizes:a : <x, y> pixels fi <lane, size> pointsSizing grid construction has not previously been successfully automated. Even in the mostadvanced genotyping systems, the human eye is required to resolve various confoundingdata artifacts on the gels. Figures 4.2 (a,b), 4.3 (a,b), and 4.4 (a,b,c) show the commonartifacts (from actual gels) that make automated sizing grid construction difficult. Eachfigure shows a gel image for the TAMRA dye, the dye used for labeling the MW sizestandards. The same set of TAMRA-labeled MW sizes has been loaded in the lanes oneach of the gels, forming the rows of bands observed. The common confounding dataartifacts are:¥Dye bleedthroughs. Imperfect dye separation causes "bleedthrough" bands from a non-resident dye to occur in the data image for another dye, as shown in Figures 4.2a and4.2b. These non-resident bands can interfere destructively with the actual data bands,or masquerade as data bands of the resident dye;¥Gel smiles. Identical DNA fragments may migrate at varying rates along different laneson the same gel, causing "gel smiling" patterns such as those depicted in Figures 4.3a

39and 4.3b. The presence of gel smiles impedes size calibration by linear interpolationacross lanes;¥Staggered loading. It is a common practice to load DNA samples into the gel lanes in astaggered manner5. This loading practice creates highly complicated patterns such asthose shown in Figures 4.4a, 4.4b and 4.4c. When coupled with the "gel smile"effect, the patterns can be visually indecipherable on a high throughput gel with a largenumber of gel lanes.Relying on human technicians to manually track the data is at best a temporary measure.Recent advances in gel separation technology and demands for higher throughput willfurther increase the number of lanes that can be packed onto a single gel. Moreover, theneed for sizing precision will lead to common usage of high resolution MW size standards,increasing the number of MW bands that has to be calibrated per lane (by hand). Asmanual data tracking becomes less feasible, the fully automated construction of gel sizinggrids becomes increasingly essential.

5This is a practice carried over by technicians who are used to loading gels for DNA sequencing instead offragment analysis such as microsatellite genotyping. Instead of using a "square-tooth" loading comb, a"shark-tooth" loading comb is used to load the DNA samples onto a gel. With this loading method, thereare no pre-defined loading wells for the lanes on the gel. As such, the lanes must be loaded in batches.First, a subset of the lanes (e.g. the odd-numbered lanes) is loaded onto the gel with the shark-tooth comb.The gel is then allowed to run-out partially before loading the other set of lanes with the shark-toothloading comb. This time delay results in a zig-zagging band patterns observed on the gel, which are usefulfor detecting spillovers from neighboring lanes.

40

41TAMRA image

42

43

44

45

46

474.1.1. AlgorithmBecause of the gel image size6 and the various confounding factors such as dyebleedthroughs, gel smiles, and staggered loading, direct two-dimensional pattern matchingis too computationally intensive for a practical genotyping system which the complex sizinggrids must be constructed in minutes. To achieve the requisite speedup of our expectation-based methods, we simplify the problem using a divide-and-conquer strategy (Figure 4.5):first, we reduce the two-dimensional problem into multiple one-dimensional spaces toquickly generate a grid template; then, we locally refine the grid template in two-dimensional space. Assume that there are n gel lanes each loaded with a MW standard of mDNA sizing fragments.

Step 1: Lane tracking.Instead of initially searching the entire gel image two-dimensionally for all the m·n MWbands, we first track the n vertical lanes. Note that gel lanes are reasonably straight , atleast within a small gel section. We therefore divide the gel image into severalhorizontal subsets, as shown in the first pane of Figure 4.5. For each horizontalsubset, we project the two dimensional subset region onto the x-axis to form a local"lane template". We then combine these partial lane templates to form a complete lanetemplate for the entire gel.

Step 2: MW calibration.With the n lanes tracked, we reduce the image into n one-dimensional intensity profilesor electropherograms, as shown in the second pane of Figure 4.5. We then search one-dimensionally along each of the electropherograms for the m MW bands. Once everylane has been processed, we have found the m·n MW bands that form the sizing grid afor the gel.

Step 3: 2D grid refinement.Finally, as shown in the third pane of Figure 4.5, we perform local two-dimensionalrefinements on a to account for the two-dimensional dependencies lost during thedivide-and-conquer problem reduction.

6Currently, a gel image is about 15Mb. The need for high precision and high throughput will onlycontinue to increase the gel size further.

Lane tracking

MW calibration2D grid refinement

MW gel imageMW sizing gridFigure 4.5. Sizing grid construction. A three-step divide-and-conquer approach forconstructing the sizing grid for a two-dimensional gel image.

49Algorithm CONSTRUCT_GRID

In this algorithm, we assume that DNA migrates along the direction in the y-axis of the gel image.

Step 1: Lane tracking.

Construct, using algorithm TRACK_LANE, the mapping function alane: <x, y> pixels fi lane

This transformation reduces the vast 2D gel image into 1D lane electropherograms to facilitate separate MW calibration on each lane.

Step 2: MW calibration.

Construct, using algorithm CALIBRATE_MW, the mapping function asize: <lane, y> fi size

This function maps the y-coordinates of each gel lane from the image pixel units to the molecular base pair (bp) units.

Step 3: Grid refinement.

Construct, from the composition of the two mapping functions, an initial band localization grid:

a = asize . alane : <x, y> pixels fi <lane, size>

Refine, using algorithm 2D_REFINE_GRID, each expected MW grid point locally to adjust for any unaccounted two-dimensional shifts.

Box 4.1. CONSTRUCT_GRID: a divide-and-conquer algorithm for constructing a two-dimensional band-localization grid. We track the lanes first so that we can reduce the vastgel image into one-dimensional lane intensity profiles (electropherograms), on which wesearch for the MW bands one-dimensionally. To account for the two-dimensionalirregularities resulting from the problem space reduction, we post-process the sizing gridby refining each grid point locally in two-dimensions.

50Box 4.1 shows the overall algorithm for automatic construction of the sizing grid a on adye-separated gel image containing MW data. The component algorithms for dyeseparation, lane tracking, MW calibration, and grid refinement will be described separatelyin the ensuing sections.4.2. Dye separationBy tagging DNA samples with primers labeled with different fluorescent dyes for separatesignal detection, multiple DNA samples can share both˚the same lane and the same sizewindow on the same gel. Using dyes that have non-overlapping fluorescent spectrums, wecan detect the signals from the DNA samples labeled with different dyes separately usingmultiple laser-induced fluorescence sensors.The fluorescent spectral ranges of the dye labels may not be perfectly non-overlapping inreality. As a result, dye signals occurring in the overlapping range may also be picked upby a sensor for detecting data signals from another dye. As a result, the signals from onedye can show up in the image for a different dye (as shown in Figure 4.2a and 4.2b).Such signal cross-talk is known as dye bleedthrough. A bleedthrough band may beindistinguishable from a data band of the resident dye, especially when there is a highconcentration of data in the gel.Most DNA sequencers provide a multi-component correction filter, usually in the form of a"dye separation matrix", that can be applied to the raw data to minimize the bleedthrougheffects. For best results, the dye separation matrix must be frequently calibrated on a DNAsequencer to experimentally minimize the bleedthrough effect observed on gels generatedfrom that machine. This is the recommended approach for minimizing dye bleedthrough.However, as a fallback, we will also describe an algorithm to computationally refine a dyematrix that has not been perfected experimentally.4.2.1. AlgorithmAlgorithm MINIMIZE_BLEEDTHROUGH shown in Box 4.2 describes one approach forcomputationally refining a dye correction filter. The algorithm exploits the expectedlocation of disjoint size data for overlapping spectral dyes. In essence, the algorithmmaximizes, at every image pixel, the signal from one dye while minimizing the signals

51from the other dyes. As such, the algorithm works best with data that contain mutuallyexclusive regions of signals from different dyes. On a high throughput gel where there is ahigh concentration of data from all the dyes, regions with mutual dye exclusion may behard to find. In this case, we refine the dye separation matrix using separate calibrationlanes, such as a gel with lanes loaded with only samples from a single dye to ensuremaximal mutual dye exclusion, or a gel with one or more lanes loaded with DNA of knowngenotypes for all the dyes, and then using the algorithm at selected pixels of known dyeexclusions.Algorithm MINIMIZE_BLEEDTHROUGH

Assume an n-dye system. Let Y denote a given bleedthrough correction filter (e.g. a dye separation correction matrix) to be applied to the dye planes P1, P2, ..., Pn . The goal is to refine the filter Y to maximize, at each image pixel, the signal for one dye

while minimizing the interference of the other dyes.

Let PY,d(i) denote the resulting signal intensity at dye d’s i-th image pixel after applying the filter Y. We can solve the bleedthrough minimization problem by iteratively refining Y until we find:

max

Ψ

P

Ψ ,D(i)

(i)− P

Ψ ,d

(i)

d≠ D(i)

∑

i

∑ ,where D(i)isthedyeplanewiththemaximumvalueatpixeli;inotherwords, P

D(i)

(i) = max

d

P

d

(i)

Box 4.2. MINIMIZE_BLEEDTHROUGH: an algorithm for refining dye-separation tominimizebleedthroughs.

524.2.2. ExampleA typical multi-component dye separation filter for an n-dye system is an n·n square matrixwith each row adjusting for potential dye signal cross-talk for one of the n dyecomponents. That is, each (i,j)-th element of the dye matrix defines the amount offluorescent signal from the j-th non-resident dye that can be included in (or excluded from)the data for the resident dye i. If the fluorescence range of the dyes were perfectly non-overlapping, then the dye separation matrix is simply the n·nidentitymatrix.Moretypically,adyematrixwouldlooklikeDgiven,anactualdyeseparationmatrixontheABI377sequencer(a4-dyesystemwithdyesFAM,TET,HEX,andTAMRA)thatgeneratedthe gel shown in Figure 4.2a:FAMTETH E X TAMRAFAM2 . 6 4 4 - 2 . 8 0 9 1 . 3 8 7 - 0 . 3 8 2

TET- 2 . 2 0 3 4 . 0 9 1 - 2 . 3 6 9 0 . 6 5 4

H E X - 0 . 1 1 4 - 1 . 0 8 4 1 . 9 4 5 - 0 . 6 6 4

TAMRA0 . 0 0 8 - 0 . 0 5 5 - 0 . 4 0 5 1 . 1 5 9

Tofilterthemulti-channelrawdatausingthisdyematrix,wealigntherawdatacollectedbytherespectivelasersensorsintoarow-matrixwithonerowforeachofthedyesinthesystem. Let us call this data matrix RAW_DATA. To generate the dye-separated data, wesimply multiply RAW_DATA with the separation matrix Dgiven:SEPARATED_DATA = Dgiven · RAW_DATAThe resulting gel image for the TAMRA dye after the application of DgivenwasshowninFigure 4.2a. For a closer inspection, we show the intensity profiles of the pre-dyeseparated raw data in Figure 4.6a, and the dye-separated profiles in Figure 4.6b. The highdegreeofbleedthroughintherawdatawasgreatlyreducedafterapplyingtheDgiventothedata. However, some dye bleedthrough can still be seen to remain in the data, as shown inFigure 4.6b (and Figure 4.2b).

54 55By using the strategy outlined in algorithm MINIMIZE_BLEEDTHROUGH, wecomputationally refine the dye matrix to maximize, at every image pixel, the signal fromone dye while minimizing the cross-talk signals from the other dyes. The corrected dyematrix, Drefined, is shown below with the modified values italicized:FAMTETHEXTAMFAM2 . 6 4 4 -2.4000.7500.050

TET-2.2034.091-2.3000.654

HEX-0.114-1.4501.945-0.600

TAM0.0080.150-0.6501.159

In Figure 4.6c, we show the signal profiles after applying Drefined. For comparison withthe gel images in Figures 4.2a and 4.2b, we also show the resulting gel image for theTAMRA dye in Figure 4.7a, and magnified gel portions for TAMRA and HEX in Figure4 . 7 b . 56 57TAMRA image

584.3. Lane trackingIn multiple-dye systems, data from the different dyes can be treated as if they were run inseparate "dye planes" in parallel. In order to calibrate each gel lane internally withmolecular weight (MW) size standards, one of the dye planes, the "MW plane", is typicallydevoted to running the size standards exclusively. In single-dye systems, it is usually notpossible to co-electropherosize the size standards with the genetic markers in the samelanes. Instead, some of the gel lanes are devoted to running the MW size standards whileother lanes run the genetic markers. For these systems, we can create a pseudo "MWplane" by filtering out the marker data. Thus, data on an electrophoretic gel can generallybe classified into two broad categories: data from the genetic markers (the "markerplanes"), and data from the MW size standards (the "MW plane").Because the same size standards are run in every calibration lane on the MW plane, highlyregular band patterns are expected to appear on the MW plane. In addition, we can predictthe MW band patterns with great certainty since we know the exact molecular sizes of theDNA fragments on the MW plane. As compared with the marker planes where the bandpatterns are by no means regular or predictable, the MW plane is therefore the bestcandidate for tracking gel lanes.4.3.1. AlgorithmEfficiency and robustness are two important criteria for a practical system which handlesreal data: efficiency can be accomplished by pruning the search space as much as possible,while robustness can be attained by pruning the search space intelligently. to avoid thepitfalls created by the various spurious artifacts in real data Computationally, the searchspace can be pruned by problem reduction, and the spurious data artifacts can be evadedusing expectation mapping. The general framework, which you will see in most of thealgorithms described in this dissertation, involves:¥Problem reduction: Simplify the problem as much as possible without losing too muchinformation about the original problem;¥Expectation construction: Create expectations that are as specific as possible using allthe information that we have about the domain, the problem, and the data;¥Expectation application: Apply the expectations by mapping them onto the observedpatterns of the data; and

59¥Iterative refinement: Refine the solutions constructed from the reduced problem space inthe original problem space to adjust for any artifacts that may have been lost in theprocess of problem reduction.Let us apply this computational framework to solve the lane tracking problem. In thefollowing discussion, we will use the convention that (a) the gel image (i.e. the MW plane)is a rectangular intensity matrix, (b) the gel lanes (or DNA migration) are vertical, and (c)the same MW standards are loaded in every lane.

Step 1: Reduce problem.Since the lanes on a gel may not be perfectly straight throughout, we divide the gel imageinto numerous horizontal sections that are small enough so that the segments of lanes canbe correctly assumed to be straight within the sections. We can then exploit the lane"straightness" characteristic in each gel section to reduce them into cross-sectional profilesformed by vertically projecting the image pixel with the highest intensity in each columnonto the horizontal axis. In this way, we reduce the problem of tracking lanes in a vast twodimensional image into a much simpler problem of identifying peaks along a set of one-dimensional projection profiles.

Step 2: Buildexpectation.Using our knowledge about the gel’s layout and assuming approximately equal lanewidths, we build a preliminary expectation of where the lane peaks might lie in each of theprojection profiles. We then refine this expectation further by making it conform locally tothe actual detected peaks in the best projection profile in the gel.

Step 3: Apply expectation.Using the localized expectation from the best projection profile, we map the detected peaksin the other projection profiles. A good strategy which exploits the gel continuity is to startmapping from the neighboring gel sections from the best projection profile. When all thecross sections have been processed, we join the mapped lane peaks in the each projectionprofiles to form a piece-wise constant lane template for the entire gel.

Step 4: Iterativelyrefine.If necessary, we can repeat steps 2 and 3 using different initial projection profiles to see ifwe can improve on the lane template that we have constructed so far. We will postpone the

60adjustment for two dimensional dependencies (using algorithm 2D_REFINE_GRID)until after we have detected the MW bands.Box 4.3 presents the details of our lane tracking algorithm.Algorithm: TRACK_LANE

Step 1: Reduce problem.

(a)Divide the gel into several (say, k) horizontal sections: R1, R2, ..., Rk such

thateachRiiswideenoughtocontainatleastacompleterowofMWbands.

(b) ReduceeachRi section into an intensity profile pi (x) by projecting every (x,

y) pixel in the region onto the X-axis using:

p i (x) = m a x R i (x,y) for all y in R i .Weusethe"max"operatorinsteadofthe"sum"orthe"mean" operator since it

is more robust to slanted MW rows caused by gel smiles7.

(c)Identifythepeaksineachcompressedprofilepi (x). Each of these peaks

indicatesapotentialMW-loadedlane.Letusassumethattherearenloadedgel

lanes.

Step2:Buildexpectation.

(a)Identify a best horizontal section by selecting from the Ri ’s, an Rbest that mapswiththeinitiallaneexpectation(basedongellayoutinformationand assuming equal lane widths) best.

(b) Establishthebestmappingbetweenthepeaksdetectedinpbest(x) and the n

MW-lanes lane1, lane2, ..., lanen:bbest:xfilanebbestforms the lane expectation that we can apply to the other gel sections.

7For example, if the MW rows were slanted from left to right, then a horizontal gel region may containmore MW bands on the left than on the right. By taking the maximum instead of the summation or themean of each column, only one of the MW rows (the one with the maximum intensity) will be projectedonto the summarized profile, regardless of how many extra MW rows that column happen to contain.

61Step 3: Apply expectation.

Based on bbest, construct individual mappings for the flanking regions Rbest-1 and

Rbest+1 which maps the peaks in the cross-sectional profiles to lane1, lane2, ...,lanen:bbest-1:xfilanebbest+1 x filane

Locally propagate from Rbest until all k bi’s are determined. Together, the cross-

sectional lane mappings <b1, b2 ..., bk > form an approximate piece-wise constant

lanetemplatefortheentiregel.

Step 4. Iteratively refine.

Repeat Step 2 and 3 using other Ri as Rbest to see if <b1, b2 ..., bk > can be improved further. The mappings are then smoothed and interpolated to form the finallanetemplateforthegel:alane: <x, y> pixels fi lane

Box 4.3. TRACK_LANE: an expected-based, divide-and-conquer algorithm for trackinggel lanes.

624.3.2. ExampleAs an example, we will track the gel lanes on the example "bleedthrough" gel from Figure4.2a. First, we divide the gel into horizontal segments so that we can assume straightnessof the lanes in each gel segments. Using our knowledge about the gel layout (there were34 wells on the gel, 32 of which were loaded with DNA, skipping lanes 17 and 34), wecreate a lane peak expectation which we refine by mapping it with the detected peaks in thebest bottom-up projection profile shown in Figure 4.8a. As shown in the figure, therewere 32 peaks detected (marked "*") as lane candidates. However, lane 22 did not containsufficient signal level to be detected initially, while a candidate peak was detected at theunloaded 34th lane. Using the top-down expectation created from gel layout information,we robustly mapped the lane peaks (marked "o") by locating the missing 22nd peak andignoring the extraneous 34th peak. 63 64 654.4. MW calibrationOnce the lanes have been tracked, the two-dimensional gel image can be reducedimmediately to a series of one-dimensional vertical electropherograms which can then becalibrated separately. In each lane, we detect the MW peaks and label them with the correctmolecular sizes. To filter out extraneous peaks or infer any missing ones, we constructexpectations to accurately predict where the MW bands are on the electropherograms.To predict the expected positions of the MW peaks, the conventional approach is to assumea fixed mobility function such as the local Southern function (Ghosh et al., 1997;Southern, 1979). Here, we adopt a data-driven approach by using actual relative pixels ofMW peaks from previous gels to predict where the MW peaks would fall on the currentgel. The relative pixels record the relative distances of the MW bands. Using the relativepixels of MW peaks learned from previous gels running the same MW standards, we caneasily construct a highly reliable MW peak expectation without globally assuming anymobility function.4.4.1. AlgorithmLane tracking and MW calibration are actually a pair of symmetrical problems: the formerinvolves the mapping of detected peaks horizontally ("row"-wise) to infer vertical points,while the latter involves mapping the peaks vertically (lane-wise) to infer horizontalpatterns. As such, we apply the same computational framework:(a)Reduce problem. The two-dimensional complexity of the problem is drasticallyreduced, since the lane template from TRACK_LANE is used to extract laneelectropherograms for one-dimensional MW calibration;(b)Build expectation. We apply relative pixel information that we have learned fromprevious gels, and customize it with the data on the best lane on the current gel;(c)Apply expectation. We apply the MW peak expectation to search for MW bands in theneighboring lanes. To exploit lane to lane continuity, we adopt the strategy ofsearching for the MW peaks in the neighboring lanes first, incrementally refining theMW expectation as we propagate away from the initial lanes;

66(d)Iteratively refine. We iteratively refine the solution by repeating the process usingsome other lanes to build the initial MW peak expectation in (b).Box 4.4 gives the detailed description our MW calibration algorithm.Algorithm: CALIBRATE_MW

Step 1: Build expectation.

(a)Select, from lane1, lane2, ..., lanen, a lanebest that has the cleanest

electropherogram pbest(y) .

(b) Based on the relative pixels we have learned from previous gels, establish the best mapping between the peaks in pbest(y) and the known MW sizes:jbest: y fi size

Step 2: Apply expectation.

Base on the locally refined relative pixels in jbest,constructindividual

mappingsfortheflankinglanesoflanebest,namelylanebest-1 andlanebest+1:jbest+1: y fisizejbest-1: y fi size

Repeat Step 2 for the flanking lanes of lanebest-1andlanebest+1,untiltheMW

peaksofallthelanesinthegelaredetectedandmapped.

Step3. Iteratively refine.

RepeatSteps1and2usingotherlanei’saslanebesttoseeifthequalityofthe

MW mappings can be improved further. The best set of <j1, j2 ..., jk>

collectively forms the MW mapping for all the lanes in the gel:abp: <lane, y> fi bp

Box 4.4. CALIBRATE_MW: an expected-based algorithm for MW calibration.

674.4.2. ExampleWe continue with the "bleedthrough" gel (originally shown in Figure 4.2a) as an example.The MW size standards used on this gel was "GS350", which contains twelve standardDNA size fragments :MW standards

bp355075100139150160200250300340350

First, we construct a customized MW peak expectation from previous relative pixels forGS350 and the detected peaks on the best electropherogram, shown in Figure 4.9a (thesmaller sizes are to the left of the electropherogram). The detected peaks are marked "*",and the mapped peaks are marked "o". Notice that there is a bleedthrough band betweenthe size fragments for 150 bp and 200 bp. Since we are using the relative pixel informationfrom previous gels running GS350, our algorithm is robust enough to avoid thebleedthrough band.

68The localized MW peak expectation enables us to robustly detect and label the MW bandson the other lane electropherograms. In Figure 4.9b, we show a lane electropherogramwhere the bleedthrough bands actually have higher intensities than the actual MW bands.Our expectation-based approach again intelligently avoids the pitfalls. 69 70 714.5. Grid refinementTremendous speedup is obtained in reducing the two-dimensional grid constructionproblem into one-dimensional problems of lane tracking and MW calibration. Theassociated price for such problem simplification is that certain subtle two-dimensionaldependencies may be lost in the reduced problem space. In particular, the MW bands areactually two-dimensional regions with finite widths and lengths, and not merely flat peaksalong one-dimensional lane profiles. So, ideally, the grid points on the sizing grid shouldbe the centroids of the two-dimensionally shaped MW bands. When mapping the MWpeaks along the lanes tracked one-dimensionally by TRACK_LANE, we may miss theactual centroids of some of the MW bands since they could lie slightly off the lanetemplates. To account for such two-dimensional singularities, we perform a final gridrefinement by locally searching for the peaks’ centroids at each grid point.4.5.1. AlgorithmFrom the mappings that we have constructed in TRACK_LANE and CALIBRATE_MW,namely:alane: <x, y> pixels fi lane, andasize: <lane, y> fi sizeweobtainabasicgrid(asexplainedinCONSTRUCT_GRID)usingfunctionalcomposition:ainit = a size . a lane : <x, y> pixels fi <lane, size>Thisgrid(ainit)formstheinitialexpectationofwheretheMWbandsmightlietwo-dimensionally. As we have seen, ainit is fairly accurate, so we only need to search locallyin the vicinity of each grid points in ainit for the peak centroids. Box 4.4 describes howwerefineainittwo-dimensionallytoformthefinalsizinggrid.

72Algorithm: 2D_REFINE_GRID

For each grid point <x, y> in ainit, do:

Step1:EstimateenclosingrectangleofMWpeak.

Usingainit,wedetermineanapproximateheightandwidthofarectangular regionenclosingtheMWpeak.Forexample,wecanbeginbytryinga rectangleregionwitha1bpheightandawidththatis75%oftheactuallane w i d t h .

Step2:Buildlocalcontour.

Intheestimatedrectangularregion,buildthelocalcontourforthemedianpixel intensityvaluebyjoiningpixelswithatleastthisintensityvaluetogether.

Step3:Adjustenclosingrectangle.

Ifthecontourlinedoesnotformanenclosingregion,thenexpandtheenclosing rectangleaccordinglyandrepeatStep2.

Iftherearemorethanoneenclosedcontourlinesintherectangularregion,then contracttherectangletowardsthecontourregionthatwasclosesttothe expectedsizeofaMWband,andrepeatStep2.

Westopuntilasingleenclosedlocalcontourcanbedrawninsidethe rectangularregion.

Step 4: Find centroid.

Compute the centroid <x’, y’> of the enclosed contour. Replace the grid point

<x, y> in ainit with <x’, y’> , and then proceed to refine the remaining grid

points in a init.

Box 4.5. 2D_REFINE_GRID: an algorithm for refining the band localization grid locallyand two-dimensionally.

734.5.2. ExampleAs an example of an initial grid peak which deviates from the actual centroid, let us zoom inon the lower left grid corner (i.e., lane 1, 35 bp) of our example gel. Figure 4.10a showsthe three-dimensional view of the gel region near the lower left grid corner. The grid pointdetected by the one-dimensional algorithms TRACK_LANE and CALIBRATE_MW(marked "*") was slightly off the center of the actual MW band. 74 754.6. ResultsWe have shown in great detail how our algorithms efficiently and robustly handledbleedthrough bands in our example gel. The computed grid for this gel is shown in Figure4.11. 76 77 78 79 80 814.7. DiscussionThe grid construction algorithms presented in this chapter are computationallystraightforward. Despite their simplicity, these algorithms were very effective in handlingreal and complex data, as we have seen from the examples. The algorithms werespecifically designed to meet the various criteria for practical genotyping problem solving,such as:¥versatility: the algorithms must be able to handle vastly different loading patterns;¥robustness: the algorithms must not be easily distracted by noise and other pitfalls, suchas extraneous or missing MW bands; and¥efficiency: the algorithms must be able to scan a gel and construct an accurate two-dimensional sizing grid in minutes.In solving the practical problem of sizing grid construction, we have adopted variouscomputational strategies. Although they are fundamental computational approaches, theyhave been critical in handling complex and noisy data in the case of sizing gridconstruction:¥

Divide-and-conquer. Whenever possible, we reduce the problem into simpler ones.Simple problems are more likely to result in simple solutions that are easier toimplement and maintain, and are therefore more robust in the practical sense. Thereduction of problem also increases the degree of modularity in the system. Becausewe have separated lane tracking from MW calibration, the computer can handle bothdata that require lane tracking (e.g. ABI) and data that are already lane-tracked (e.g.Pharmacia), as it can optionally use the lane tracking module with the MW calibrationmodule;¥

Apply expectations. When constructing a sizing grid, we invest much effort in creatingaccurate localized expectations for guiding the search. As the computed expectationsare used as initial solutions for the search, accurate expectations can drastically reducethe search required. With good data, the actual solution would be close to theexpectation, and the computer will be able to find the solution quickly. With imperfectdata, the actual solution deviates further from the expectation, thereby requiring moresearch effort from the computer to reach the solution. Thus, an associated advantage ofexpectation-based processing is that the computational requirement is directly

82proportional to the quality of the data. Additionally, the expectations provide a robustreference frame from which the computer can reliably assess the quality of the data,dynamically allocate its resource to regions of data that need more attention, intelligentlyattempt recoveries, and helpfully provide meaningful feedback to the user;¥

Refine using data. Whenever we form an initial expectation based on some aprioriassumption (e.g. equal lane widths in TRACK_LANE, initial relative pixels inCALIBRATE_MW), we always refine these expectations locally using the actual dataas soon as we can. The data-corrected expectations are more accurate than expectationsbased on simplifying global assumptions;¥

Make few assumptions. By making as few assumptions about the data as possible, wecan efficiently handle unexpected characteristics in the data. For example, the practiceof staggered loading, which resulted in complex zig-zagged patterns such as thoseshown in Figure 4.4a, b, and c, started only after we implemented the sizing gridconstruction module for our system. Because we did not make any a prioriassumptions on strict lane-to-lane alignment, we were able to extend the MWcalibration algorithm to handle the complex loading patterns;¥

Use heuristics. In handling real data, the basic computational power of the algorithmsmust be complemented by heuristics which encode the immense obligatory fieldexpertise. The heuristics handle the "details" that are necessary when working with realdata in a practical system.This assortment of basic computational strategies turns out to be fairly representative of thealgorithms that we have developed for solving the other related problems in genotyping.As such, they will recur frequently in the next few chapters as we describe our otheralgorithms for solving the remaining problems.

835. Band QuantitationThe construction of the sizing grid allows us to reduce genotyping complexity in two ways.First, using the lane mapping in the grid, we reduce the multi-dimensional gel image intoone-dimensional electropherograms; then, using the grid’s MW calibration, we apply ourknowledge about the markers’ expected allele size range to isolate windows of marker dataon the electropherograms for analysis.In this chapter, we describe the next level of problem reduction. The PCR and gelelectrophoresis process (Chapter 2) generates electrophoretic signals from size-separatedclasses of tagged DNA fragments. Each of these DNA fragments has an integral molecularsize in base pairs (bp). Therefore, underlying the continuous intensity signals that weobserve on the electropherograms are actually series of discrete data bands emitted byclasses of DNA fragments with integral molecular sizes. The next natural problemreduction step is to discretize the continuous signals on the electropherograms into discretedata bands, each indexed with an integral allele size and quantitated with a relative DNAconcentration measure. That is, we compute the following mapping function:b : image data + sizing grid fi {<bp, concentration>}

845.1. ProblemThere are two main tasks in band quantitation:1.

binning: indexing each marker band with an integral molecular size, and2.

quantitation: determining each marker band’s relative DNA concentration (defined aseither the area under the peak in the intensity profile, or as the peak height).For the binning task, the MW sizing grid can only give approximate sizes for the markerbands. There are two potential sources of binning errors:¥Inadequate resolution. The commercially available MW size standards (Genescan 500,Bioventures Map) provide only 50 to 20 bp spacing resolution, whereas the data bandsfrom the markers can be as close as 2 bp (for dinucleotide repeat markers) or 1 bp (formononucleotide repeat markers, or markers exhibiting the "plus-A" artifacts) apart;¥Inappropriate interpolation. The sizing grid is constructed using molecular sizestandards DNA, whose DNA sequences may differ chemically from the marker DNA9.Asaresult,themolecularweightspacingofthemarkerDNAfragmentmaynotequalthespacingofthesizestandards.Thus,interpolatingwithinthesizestandardsmayleadtoinaccurateofthemarkerfragments.Forthequantitationtask,sincethefluorescentsignalintensityisdirectlyrelatedtotheamountoftaggedDNApresent,wecandeterminetherelativeDNAconcentrationsofthemarkerbandsbasedontheirintensitiesintheelectrophoreticprofiles.Inaperfectsystem,thesignalforeachallelesizepresentwouldbedetectedasanunambiguousspike,locatedexactlyattheintegralmolecularsizewithaheight(intensity)thatisdirectlyproportionaltotheamountofDNAoftheparticularsize.Withrealdata,therearetwomainproblems:¥Band widths. Instead of generating unambiguous singular spikes, the DNA fragmentsproduce data bands with two-dimensional shapes that have significant widths. Oneimmediate consequence is that it is difficult to determine the exact integral size for a databand, as its center can lie anywhere within the band width;¥Band overlap. Because of the band widths, neighboring marker bands may overlapinto one another, making it difficult to determine the individual areas or heights of thebands independently. Band overlap is particularly problematic with markers having

9The fluorescent molecules attached to the MW DNA fragments are different from those attached to thesample DNA in a multi-dye system. More importantly, the marker DNA is most likely to be chemicallydifferent from the MW standards. For example, a repeat unit of a CA-repeat consists of a cytosine (C) andan adenine (A), whereas a corresponding unit in the MW may contain a different pair of molecules formedby any two of the nucleotides adenine, guanine (G), cytosine , and thymine (T).

85small repeats (e.g. the dinucleotide repeat markers), since the marker bands tend to beclose together.5.2. Binning by stutter crawlingTraditionally, stutter bands have been considered as noise because they obscure the trueallele bands. Geneticists have attempted to minimize PCR stutter in markersexperimentally, or failing that, avoided using markers with stutter altogether. Surprisingly,abundant stutter bands can provide a perfect solution for the binning problem, since:(1)stutter bands, which include the true allele bands, provide the precise resolutionneeded for binning alleles;(2)there are no discrepancies in the sequence chemistry, since the stutter bands have thesame chemical units as the true alleles.We will show, by a novel technique called stutter crawling, how we can use the stutter datato self-calibrate the marker bands, solving two of the problems introduced in Chapter 1:¥

Sizing precision: how to calibrate the marker data with the requisite resolution, evenwhen using low resolution MW standards for size calibration;¥

Binning consistency: how to ensure that the alleles are binned with consistent integralsize labels, minimizing interpolation and rounding errors.

865.2.1. AlgorithmIn the laboratory, one can create a high resolution allelic ladder for a marker. This is doneby pooling together many DNA samples from a population and then size-separating thepooled mixture on a single gel lane. To ensure that the resulting allelic ladder has theresolution required for disambiguating any two marker alleles, it is best to pool togethermany different DNA samples — this will sample a diverse set of alleles. Individual DNAsamples can then be size-separated in gel lanes adjacent to the allelic ladders. Thisprocedure permits consistent and unambiguous allele binning10, as shown in Figure 5.2. 87continuity of stutter trails within lanes, before globally crawling from one stutter to thenext.

88Algorithm: STUTTER_CRAWL

Step 1: Align stutter trails.

In each lane, identify potential stutter bands in the marker window. Then, align the stutter bands across lanes and gels by indexing the bands relative to their interpolated MW sizes. Thus, bands do not depend on specific pixel positions.

Step 2: Identify an "anchor" row.

Scanning across all data, identify a row that contains the most stutter bands with high intensities. In other words, determine a MW size mathatmaximizesthe

totalnumberofhighintensitystutterbandsindexedbyasizewithintherangeofma – e. Here, e is a heuristically determined bin width.

Assign Ba = round(ma) as the bin label for all stutter bands along this anchor r o w .

Step 3: Stutter crawl from anchor row.

(a)Starting from the anchor row, either crawl upwards (in increasing sizes) or downwards (in decreasing sizes) to search for a neighboring row of stutter bands that are all approximately n’ bpaway,wherenisthenumberof nucleotidesinarepeatunitofthemarker,andn’isthecorresponding interpolated MW size of such a unit. Ideally, n=n’. However, because of thechemicaldifferencebetweenthesizingDNAandthemarkerDNA,as well as the inherent error in real data, n’onlyapproximatesn. Initially, we use n’ = n – 0 . 5 .

(b)If a neighboring row with comparable number of stutter bands as those found in the anchor row is found, we add it to the set of binned alleles and assign it with the appropriate bin label Ba +n (ifitisupwardsfromthe

anchor row) or Ba - n (if it is downwards from the anchor row). We also

update locally the expected size (n’)ofarepeatunitofthemarkerwiththe

differencebetweenthemeansizesofthetwoconsecutivebins.

(c)Repeat(a)and(b)bycrawlingfromanyofthebinnedalleles.Stopwhen no more neighboring stutter rows can be binned.

89Step 4: Iterate.

Repeat steps 2 and 3 until no more segregated stutter rows can be binned.

Box 5.1. STUTTER_CRAWL: an allele binning algorithm for constructing a high-resolutionmarker-specificallelicladderusingall the stutter data.5.2.2. ExampleFigure 5.4 shows the actual gel11imageforadinucleotiderepeatmarkerD16S511.TheMWsizinggrid(fromBioventures20-bpladder)providesanaveragesizingresolutionof20bp.Thisresolutionistoolowforadinucleotiderepeatmarkerthathasallelesonly2bpapart.However,ourstuttercrawlingalgorithmcanexploitthehighdegreeofPCRstutteringinD16S511,andrefinethesizinggridintoonewiththerequisite2-bpresolution.

90which is too low for D16S511, a dinucleotide repeat marker requiring 2-bp sizingresolution. (Data provided by Gordon Bentley, gene/Networks.)First, using the MW sizing grid, we align all the detected marker bands. In case we arealigning stutter bands from different gels, we use relative pixels to index the detectedmarker bands to avoid any local dependency on the absolute image pixel values. Withsufficient data, a regular pattern emerges when all available lanes are aligned. Figure 5.5shows high signal intensity marker bands in darker colors, making regular rows of darkbands visually apparent.

91To start stutter crawling on the aligned data, we locate the row with the most dark bands(i.e., the most visually distinct row) as the anchor row. For example, in Figure 5.5, wepick the row marked "204" bp. Picking a row that has many high intensity marker bandsensures that most are actual stutter bands that lie on stutter trails. This choice makes therow highly "extensible" � we can extend the ladder ("crawl") to stutter bands along themany emerging stutter trails. Figure 5.5 shows the 2-bp sizing ladder that we constructedfor the gel using stutter crawling.To investigate the effect of binning by stutter crawling, we show, in Figure 5.6, both thepre-binning MW sizing grid and the post-binning grid on the superimposedelectropherogram from the 32 lanes on the gel (shown previously in Figure 5.3). With theoriginal MW sizing grid, the marker bands generally lie slightly off the grid, incurringsignificant rounding errors that may result in inconsistent allele calling. With the refinedgrid, the marker bands now "snapped" closely to the grid, minimizing rounding errors thatoccur when assigning integral allele sizes to the marker bands. The average rounding error(or "bin width") for the 32 genotypes was reduced from 0.29 bp with the MW-sizing grid,to 0.17 bp with the refined grid. 925.2.3. DiscussionTo reiterate, the possible chemical difference between the MW DNA and the marker DNAmakes the MW sizing grid inadequate for sizing the marker bands � 1 bp of MW DNAmay not correspond exactly to 1 bp of marker DNA. We illustrate this in Figure 5.7 byplotting the calibrated MW sizes of the allele bands of marker D16S511 against the actualallelic sizes, and compute the slope of the resulting line. With the unadjusted pre-binningMW-sizing grid, the size calibration slope gives a value of 1.92 bp/repeat for markerD16S511. This means that when sized with the Bioventures 20-bp MW ladder, each repeatof D16S511 is actually equivalent to only 1.92 bp of the MW DNA molecules. On theother hand, the size calibration curve adjusted with stutter crawling gives the correct slopeof 2 bp/repeat.

93on this gel with markers that have larger allele sizes (e.g. D16S515 and D16S503). Theassociated rounding error can lead to a miscall when the alleles of a genotype are far apart.markerdyeallele windowMW size per repeat

D16S405FAM103-161 bp1.98 bp

D15S165HEX176-224 bp1.96 bp

D16S511TET178-238 bp1.92 bp

D16S503HEX290-326 bp1.88 bp

D16S515FAM316-366 bp1.84 bp

Table 5.1. The MW sizing of the 5 markers on the example gel (32 lanes). All themarkersaredinucleotiderepeats,withanexpectedspacingof2bpperrepeat.ThegelwassizedwithBVMapfromBioventures(20-bpMWladder).5.3. Quantitating DNA concentrationThe DNA concentrations at the data bands can be quantitated using either the areas of thedata bands or the heights of the corresponding peaks in the electropherograms. Because ofband overlap, it is often difficult to determine these values independently, sinceneighboring data bands may overlap one another. Conventional genotyping systemsgenerally ignore the effects of band overlap altogether, using truncated areas ordensitometric intensities at the band centers as rough estimates of the DNA concentrations.A common approach for handling band overlap is to fit the data bands parametrically to amodel shape function using least square minimization (Galat, 1989; Ribeiro andSutherland, 1991; Vohradsky and P�nek, 1993). Each fit is then subtracted from theelectropherogram, and the process is iterated to fit the remaining data bands. One majoradvantage of this method is that each band is fitted locally with the model function usingindividually optimized parametric values. This can account for any local variation in thesmearing function. Computationally, the accuracy and efficiency of this method relyheavily on the model function and the data quality. With a wrong model function, themethod may not converge to a satisfactory fit. We must therefore carefully select anappropriate data band model.

945.3.1. Data Band ModelAfter experimenting with a variety of model peak shapes, we found that a function that hasa Gaussian left half and a Runga right half fits gel electrophoretic data best (Richards andPerlin, 1995). We call it the Gauss-Runga˚function :Gauss-Runga data band model function:

Γ c,h,σ ,υ ( ) = h⋅e − c− x ( ) 2

σ 2 , x ≤ c

h

1+ υ ⋅ x− c( ) ( ) 2 , x > c

where c ˚is the center of the band, h the height, s the half-width of the Gaussian

left half, and uthescalefactoroftheRungarighthalf.Grangesoverthex- (base

pair) coordinate.

Box 5.2. Gauss-Runga: A hybrid model function that is useful for fitting data bandsfromgelelectrophoresis.Figure 5.8 shows an example of a Gauss-Runga peak. Assuming that DNA migrates fromrighttoleft,thelongerRungatailontherightmodelsthetrailingeffectoftheDNAasitmigratesthroughthegel.Inourexperience,theGauss-RungamodelfunctionhasbeenveryusefulinfittingdatafromcurrentDNAsequencerssuchastheABImachines,andthePharmaciaALF.Ofcourse,adifferentmodelfunctionwillbeusedtofitthedatashouldanewsequencerproducedatabandswithadifferentshape.

95areinter-dependent,andshouldideallybedeterminedusingglobalnonlinearoptimization.However,thecomputationalrequirementforgloballyoptimizingthreeparametersperpeakisimpracticalforreal-timesystems.Moreover,suchcomputationwouldbeoverkill,sincethedatabandsgenerallyonlyoverlaptheirimmediateneighbors.Basedonthesecomputationalconsiderations,weadoptahybrid"locally-optimizeglobally-refine"approachforfittingthepeaks:¥locally optimize: First , we optimize h, s , and u locally;¥globally refine: Then, we apply the global optimizer on h alone, as the band height ismost sensitive towards band overlap.We repeat this process to incrementally refine the solution by comparing the overall fit withthe observed electrophoretic data. Quantitating each genotyping experiment typically takes

96several seconds. This reduction in the computational cost is three orders of magnitude lessthan the original "global" algorithm. With thousands of experiments to quantitate per gel,this improvement is important.Box 5.3 details the QUANTITATE_BAND algorithm.Algorithm: QUANTITATE_BAND

Step 1: Estimate an initial fit.

For efficiency and convergence in the least-square minimization process, it is important to accurately estimate the initial fit.

Using the allele bin positions computed by the STUTTER_CRAWL algorithm, we search for data bands in the marker window with nontrivial heights.

Starting with the tallest data band detected in the marker window, we determine the initial values for the parameters c, h, s,andu by finding a best fit locally

within the local region c-0.5<x<c+0.5,wherecistheexpectedbincenter

(fromSTUTTER_CRAWL)forthatallele.Whendone,wesubtractthefitted bandG(c,h ,s,u) from the observed electropherogram, and then iteratively estimatetheparametersforthenexttallestbandinthemarkerwindowuntilthe parametersforallthedatabandsareestimated.

Step2:Locallyrefineeachparameterindividually.

(a)Bandcenters

c:Startingwiththemostconfident(i.e.,tallest)band,locally micro-adjustitscentercforthebestfitrelativetotheentire

electropherogram.Repeat(a),usingthenextmostconfidentdataband.

(b)Gaussian half widthss: Perform (a), adjusting s instead of c.(c)Runga scale factors

u: Perform (a), adjusting u instead of c.(d)Heights

h: Perform (a), adjusting h instead of c.Step 3: Globally optimize the band heights.

Since histheparametermostaffectedbybandoverlap,globallyoptimizeallthe

heightssimultaneously.Forefficiency,itisimportanttouseafastnonlinear optimizingalgorithm,suchastheLevenberg-Marquardtmethod(Marquardt,

971963). Fortunately, because the computationally tedious steps 1 and 2 produce a close initial estimate, the nonlinear optimization of htypicallyconverges

rapidly.

Step4:Iterativelyrefine(best-firstsearch).

RepeatSteps2and3untilthesumofsquareserrorofthefitversusthe observedelectropherogramisminimized.

Step5:Outputbandquantitations.

Toindexeachdetecteddataband,assignitthebinlabelb(suchthattheband centercfallswithinthebinwidthsofallelebinb).Usingtheheighth as the

measure of DNA concentration12,weoutputthepairs{<b, h>}toformthe

transformationfunctionforbandquantitation:b :imagedata+sizinggridfi{<b, h>}

Box 5.3. QUANTITATE_BAND: A least-squares minimization band fit using theGauss-Runga model function.5.3.3. ExampleThis example is from D20S195, a FAM-labeled dinucleotide repeat marker loaded on a 34-lane ABI/377 gel, with the GS500 sizing standard in the TAM dye. The marker’selectropherogram from one of the gel’s lanes is shown in Figure 5.9.The first step is to identify the marker bands along the continuous intensity profile in theelectropherogram. Using the binned sizing grid constructed by the STUTTER_CRAWLalgorithm, we search in the expected locations (shown as vertical grid lines in Figure 5.9)for potential data peaks. The maxima of the detected peaks (marked "*" in the figure) areused as the peak centers (parameter c).

12When band overlap effects are eliminated mathematically, the band heights work as well as band areas asan estimate of DNA concentration. In fact, with real data, band areas may be less robust than band heightsbecause they are more sensitive to baseline and discontinuity artifacts in the intensity profile. When usingband area for the DNA concentration in §, use the closed functional form of G(c,h ,s,u) in Box 5.2.

98 99With the initial fit, we proceed to Step 2 of QUANTITATE_BAND, where we locallyrefine each of the peak parameters in the following order: Gaussian half-widths s , Rungascale factors u, and peak heights h. Figure 5.11 shows the results of locally refining theGaussian half-widths . Since this parameter affects only the left halves under our Gauss-Runga peak model, the resulting sum of fit shows marked improvement on the left sides ofthe fitted peaks. 100Similarly, by locally optimizing the Runga parameters, the resulting sum of fit showsimprovement on the right halves of the marker peaks, as shown in Figure 5.12.

101In Step 3 of QUANTITATE_BAND, we refine our initial solution by globally optimizingall the peak heights simultaneously. In principle, global optimization is computation-intensive. However, the good initial fit from the efficient local optimization stepssignificantly reduced the global search effort. Figure 5.14 shows the globally optimizedsum of fit. in Box 5.2).We show the final output of the band quantitation step in the bottom pane of Figure 5.15.

102 103Stutter crawlingThe conventional approach to the allele binning problem was to first call the alleles usingmolecular sizes interpolated from the MW sizing grid, and then bin the two alleles byassigning appropriate integer size labels to them (Ghosh et al., 1997). This approachworks when the stutter bands are not treated as part of the data, and therefore do not play arole in the allele calling step.Following the conventional approach, our initial allele binning solution did not involvebinning the alleles for all the data bands (including the stutter bands) in the quantitationstep. Instead, our initial solution involved quantitating the data bands for DNAconcentrations, and then calling the alleles using various stutter deconvolution algorithms(to be described in the next chapter). As it turned out, our allele calling algorithmsperformed poorly on real data, even though they had worked very well on simulatedquantitated data (Section 6.4 and Appendix A).Initially, it appeared that the poor performance was due to the allele calling algorithms, butour efforts to improve our stutter deconvolution methods were to no avail. On furtherinvestigation, the source of the problem turned out to be in the stutter patterns used by thedeconvolution algorithms for calling alleles. Because we did not pre-bin the stutter bands,sizing interpolation errors led the computer to learn stutter patterns that were inconsistentlysized. Since the computer relied on these compiled patterns as definitive expectations inguiding its search for the correct alleles, our expectation-based allele calling algorithmswere adversely affected by the sizing errors.The stutter band sizing problem led us to develop a novel technique ("stutter-crawling") forbinning stutter data. By pre-binning all data bands during the quantitation step, thecomputer was able to learn stutter patterns that are consistently sized, and the power of ourstutter deconvolution algorithms in allele calling began to unveil. Our venture into stutterbinning also led us to discover an unexpected source for binning errors: in addition to therounding errors associated with MW sizing interpolation, allele binning can also be affectedby a sizing mismatch due to the chemical differences between the MW DNA and the markerDNA (see Table 5.1), when we used MW data to calibrate the marker data.Our experience with the allele binning problem is representative of the high degree ofinterdependency between the various algorithms described in this dissertation. The real

104cause of errors in one algorithm (say, allele calling) may have been due to errors in anotheralgorithm (say, band quantitation) that pre-processes the input data to the algorithm. Insolving a complex problem reduced into multiple subproblems, it is important to keep aglobal perspective of the interdependencies between the various subproblems whendebugging the algorithms.There is another aspect of our allele binning experience that is typical of algorithmdevelopment in an emergent domain such as molecular genetics. While attempting toimprove our algorithmic solutions, we also discovered new non-algorithmic causes oferrors, such as the chemical factor of the sizing errors. In a complex problem domain thatis ever-changing with new facts and discoveries, it is important for the computer scientist tobe closely involved with the process of discovery in the problem domain, so that thealgorithms designed can be easily adapted to the latest domain changes.Band quantitationOur experience in developing the gauss-runga peak fitting (QUANTITATE_BAND)algorithm illustrates the power of algorithmic refinements. In our initialQUANTITATE_BAND algorithm, we globally optimize all the band parameters (bandcenters c, Gaussian half widths , Runga scale factors n, and peak heights h). This naivestrategy resulted in a huge multidimensional search space consisting of about 50 peakparameters13tobesimultaneouslyandgloballyoptimized.Quantitatingjustonegenotypingexperimenttookhoursofcomputation,evenonapowerfulcomputer.Furthermore,despitetheintensecomputationinvested,thecomputerdidnotalwaysfindasatisfactorysolution,asthereweremanylocalminimainthevastsearchspace,entrappingthecomputerinitsunconstrainedglobalsearch.Ourfirstalgorithmicrefinementwastoprunethemultidimensionalsearchspace,usingtwocommonartificialintelligence(AI)approaches:(1)wegreatlyrestrictedtherangeofvaluesthatthepeakparameterscanbeoptimizedto,and(2)weheuristicallyimprovedontheaccuracyoftheinitialsolutionfortheglobalsearch.UsingthesetwostandardAItechniques,wewereabletoreducethecomputationtimeaboutten-fold.

13For a marker that exhibits PCR stuttering, there are typically 10—15 data bands per genotypingexperiment. Each data band is defined by 4 peak parameters (c, s, n, and h), resulting in a total of about40—60 peak parameters.

105Our next attempt was to significantly reduce the number of dimensions of the quantitationsearch space, by effectively reducing the number of peak parameters for globaloptimization. Instead of applying the global optimizer to all the peak parameterssimultaneously, we optimized each of the peak parameters locally, and then globally refinedonly the peak parameter most sensitive to band overlapping artifacts (namely, the peakheights h). We then iteratively refined on the parametric fit to ensure convergence. Thisthird refinement step resulted in another ten-fold speedup, allowing the computer toquantitate each genotyping experiment in seconds.This exercise in algorithm refinement showed how basic search space reduction techniquesin computer science can bring about dramatic improvements in algorithms designed forsolving data-intensive problems. In the case of QUANTITATE_BAND, we were able toreduce the analysis time at least 100-fold, enabling the computer to analyze a highlymultiplexed gel in a couple of hours.5.3.5. Discussion: "Plus-A" artifactsSolving a complex interdisciplinary problem requires collaborative problem solving fromall involved domains. Although it is our thesis to advocate using computational approachesfor solving the microsatellite genotyping problem, we must not overlook the importance ofnot re-solving problems that can be easily eliminated with alternative approaches. In thissection, we describe the "plus-A" artifact problem where there is an experimental solutionthat is better than the computational counterpart. Interdisciplinary solutions should beexpected when solving a complex interdisciplinary problem such as the one addressed inthis thesis.Experimental versus Computational solutionsOne advantage of our band quantitating approach, in addition to accounting for bandoverlap and providing accurate DNA concentration measures, is that it allows us tomathematically excise "plus-A" artifacts from the data. During the PCR amplification ofmicrosatellite markers, polymerases sometimes add a trailing adenosine base to asynthesized DNA strand. This causes the "plus-A" artifact, where not one, but two bands

106appear for every band14.Thecombinationof"plus-A"and"PCRstutter"artifactscanproduceapatternofmanybandsthatareseparatedbyonlyonebasepair,andsincetheartifactcanbehighlyvariablefromruntorun,itcanbeunclearwhichisthecorrectallele.Tocomputationallyexcisethe"plus-A"bandsfromthedata,weneedtoquantitateeachmarkerbandindividually.Thisisdoneinourbandquantitation,wherewequantitateeachmarkerbandwithanindividualizedGauss-Rungapeakmodel.However,thereisstilltheproblemofdeterminingwhichmarkerbandstoexcisefromthedata.Wemustmakeassumptions about the distinguishing characteristics of the "plus-A" bands, such aswhetherthe"plusA"bandsareoflowerintensitythantheactualbands,orwhetherthe"plus A" bands are those of odd-numbered sizes (say).Amorerobustapproachistoexperimentally remove the "plus-A" artifact from the data,and restore the two base pair separation. This can be done by forcing the polymerase tosuppress "plus-A"s, or preferentially enhance "plus-A"s (Magnuson et al., 1996). Sincenew, simple experimental procedures effectively remove the "plus-A" s (using the "G-clamping" or "PIG-tailing" techniques), most genotyping centers now generate clean "plus-A"-free genotyping data. In the case of "plus A" artifact reduction, the experimentalapproach is more elegant than the computational solution. Nevertheless, band quantitationis still essential for removing the band overlap effects and for quantitating marker bandswith accurate relative DNA concentrations. Such exquisite band quantitation is used by thedeconvolution genotyping algorithms that we describe in the next chapter, and also forother non-genotyping applications such as computer-based differential display analysis(Jones et al., 1997; Liang and Pardee, 1992; Luehrsen et al., 1997).

14Our example marker D20S195 has a small degree of "plus-A", producing small "plus-A" peaks inbetween the major evenly-spaced ones (see Figure 5.9).

1076. Allele DeterminationIn this chapter, we address the final step in microsatellite genotyping: calling the allelesfrom quantitated electrophoretic data. Problems in allele determination include:¥

PCR stuttering: how to eliminate the shadow bands in the data to recover the underlyingtrue alleles?¥

Relative amplification: how to account for unequal amplification of alleles in thegenotypes?¥

Pattern specificity: how to acquire, maintain, and apply marker- and allele-specificpatterns intelligently and efficiently?These problems are PCR limitations that cannot be eliminated experimentally. Therefore,we will show how to resolve them computationally. Our final transformation function forthe genotyping problem is:g : quantitated data with stutter fi genotypes6.1. Convolution ModelPCR is analogous to an amplifier in conventional signal processing. With perfect fidelity,the amplification of a single allele is expected to produce only a single band on a gel. Withan imperfect amplifier, as is in the case of PCR, a distortion response is introduced whichcauses an allele to generate multiple bands instead. In a heterozygotic genotype, if the twoalleles are close to each other with respect to their molecular sizes, their trailing shadowsoverlap and create a convoluted band pattern when size-separated on an electrophoretic gel(Figure 6.1).

alleleaallelebobserved bands from genotype(a, b)

Figure 6.1. Overlapping of PCR stutter bands. Stutter patterns from the alleles in agenotypecombinetogethertoformaconvolutedbandpattern.

108Under fixed PCR conditions (including enzyme, cycle times, number of cycles, templateand primer concentrations, and buffers), the stutter pattern of each allele of a given markeris known to be reproducible (Perlin et al., 1994). This means that we can handle PCRstuttering in microsatellite markers by applying standard techniques from electronic signalprocessing (Papoulis, 1977) for modeling reproducible responses of an amplifier. Usingsignal processing techniques, we can accurately model PCR stuttering as a convolution:

Convolution model for PCR stuttering:

y = AÆx

A models the marker’s distortion responses (i.e. stutter patterns), x

represents the underlying genotype, and ydenotesthepredictedconvoluted

stutterpatternthatwouldbeobservedonthegel.

Stutterpatternsfromasinglemarkertypicallyvaryfromonealleletoanother,asshowninFigure6.2.Usually,alleleswithbiggersizesproduceflatterandlongerstuttertrailsthanalleleswithsmallersizes(forexample,comparethestutterpatternsforthe155bpallelewiththe135bpalleleinFigure6.2)15.Conventional(linearshift-invariant)convolutionmodelusesasingledistortionvector�thisdoesnotadequatelymodelPCRstutter.Instead,weuseanonshift-invariantconvolutionwithonedistortionvectorforeach allele.To represent all the possible stutter patterns in a marker, we write down the stutter patternfor each allele in a matrix A. Figure 6.3 shows an example of an actual stutter matrix A forthe dinucleotide repeat marker D22S283. Each column in A records the specific stutterpattern of one allele for the marker.

15One possible explanation for this stutter variation is that the polymerase tend to "slip" more with thebigger alleles during PCR, creating more stutter bands than with the smaller alleles.

109 110 111stutter matrix A =+genotype vector x predicted

bands y 0 1 1 0Figure 6.4. Convolution of stutter patterns. The action of the stutter matrix A againsttwo alleles (encoded as "1"s in the genotype vector x) additively superimposes thecorresponding PCR amplifier patterns, predicting the data vector data vector y observed onthe gel.6.2. Genotyping Microsatellites by Deconvolution (GMBD)Our task in genotyping is to recover the genotype vector x from the observed gel data y.Let us assume for now that we also have access to a stutter matrix A for each microsatellitemarker to be genotyped. Under our convolution model, we can use deconvolution tosystematically remove the PCR stutter to recover the true alleles for each genotypingexperiment (Figure 6.5). Mathematically, this amounts to a matrix-vector "left division" bythe matrix A:x = A\y

112Here, left division (the MATLAB16"\"operation)meanssolvingforxintheleastsquaressense for the over- or under-determined system of equations Ax = y. It can be roughlyinterpreted as A-1y.genotype vector x

stutter matrix A 0 1 1 0

observed band patterns y

input

outputFigure 6.5. The GMBD procedure. The stutter matrix A is divided by the observed(input) data vector y to compute a best-fit (output) genotype vector x.The stutter matrix A for a marker can be determined from a set of known reference(column) genotype vectors X and the corresponding set of experimentally observed(column) data vectors Y, by a simple extension of our original PCR stutter convolutionmodel y = Ax to the matrix equation:Y = AXwhere Y, A, and X are all matrices. The stutter pattern matrix A can then be computedusing matrix "right division" of the (over or under-determined) linear system:A = Y/X

16MATLAB is the programming language in which we implemented our automated microsatellitegenotyping system FAST-MAP (see Chapter 8).

113With the MATLAB "/" operator (matrix right division), Y/X is roughly interpreted as YX-1.Since the stutter patterns are only reproducible under identical experimental conditions, thestutter matrix A must be re-computed should the marker’s PCR conditions be changed.6.3. Relative AmplificationIn addition to the stutter artifact, there is a second complication associated withmicrosatellite PCR amplification. During PCR, the different fragments present in a DNAsample compete with one another for amplification by the polymerase enzyme. An allele ofa small molecular size tends to be amplified more efficiently than an allele of a larger size,since there are relatively fewer nucleotides that to duplicate. In a heterozygotic genotype,this results in a relative amplification effect between the two alleles (including their stutterbands). Generally, the wider the two true alleles are apart, the higher is the degree ofrelative amplification between them, as illustrated in Figure 6.6. 114merely a Boolean vector indicating the presence or absence of particular alleles, thegenotype vector x is now a weighted vector that records the alleles’ relative amplifications.The vector sum for x should still be normalized to the total number of alleles present in thegenotype. This means that for diploids, x would sum to 2.6.4. Deconvolution MethodsFor solving the matrix division problem in microsatellite genotyping, we have adaptedvarious deconvolution methods from diverse areas, including signal processing, matrixcomputation, and artificial intelligence. The algorithms can be organized into two maincategories:(i)Linear shift-invariant algorithms that use a single size-independent PCR stutter patternvector a for all alleles.¥POLY: Polynomial division is used to divide the stutter vector a by the data vector y inorder to estimate the genotype vector x.¥ FFT: The Fast Fourier Transform is used to deconvolve the data vector y with thestutter vector a to recover the genotype vector x. This is done by dividing the FFT of yby the FFT of a, and then recovering the deconvolved vector x by an inverse FFT.¥WIENER: The FFT method is used with additional Wiener filtering (Press et al.,1992) to filter out possible noise from the observed data. A noise filter F, deriveddirectly from the data, is used. Here, we assume that noise arises from low-powerinterference and does not exceed 15% of the observed data,|F(f)| = min(sp, 0 . 1 5 Sp ) , wheresp and Sparetheminimumandmaximumvaluesofthedata’spowerspectrumrespectively.(ii) Allele-dependent algorithms that use a marker’s size-dependent PCR stutter patterns,recorded in a matrix A.¥GAUSS: Gaussian elimination. Starting from the rightmost band (largest allele size),successively subtract off each allele’s stutter pattern.¥SVD: Singular value decomposition. Use SVD to essentially invert the stutter matrix Aand apply the inverse matrix to the data vector y to recover the genotype vector x.¥ENUM: Enumeration. Directly enumerate (by exhaustive search) all feasible genotypevectors x to find the one having the least error between observed data vector y andpredicted pattern vector Ax.

115The linear shift-invariant algorithms POLY, FFT, and WIENER are conventional signal-processing algorithms that assume (usually incorrectly) that the stutter pattern does not varywith allele size. The allele-dependent algorithms GAUSS, SVD, and ENUM, on the otherhand, are specifically designed to account for stutter patterns that vary with allele size.Thus, we would expect the algorithms from the latter category to outperform those from theformer category in analyzing actual data.A comparative studyTo decide on the deconvolution methods to use for GMBD in our genotyping system, weconducted a preliminary comparative study (Perlin et al., 1995) on all six algorithms withsimulated data (Appendix A). As a measure of the effectiveness of an algorithm inremoving the PCR stutter artifacts, we compared the methods based on the extent withwhich they re-center the allele distribution onto the correct genotype (see Figure 6.6). Notethat we did not include relative amplification in our 1995 simulations, which focused onpure stutter artifacts.

116Table 6.1 shows the results of our comparative study. It confirms that allele-dependentalgorithms are more effective than allele-independent deconvolution algorithms, especiallyin the presence of severe stutter. In particular, ENUM performed perfectly in our study,since it always re-centers the allele mass to exactly two (correct) alleles. SVD and GAUSSwere also highly effective in re-centering the allele distribution. Since SVD and GAUSS(unlike ENUM) do not rely on any assumptions on the number of discrete alleles present inthe PCR mixture, they are also useful for detecting abnormalities or contamination in theDNA samples. For example, if there had been three alleles in the genotype, SVD wouldprobably have detected this by returning a deconvolved vector x having three non-zeroentries, each with an allele mass of approximately 0.67 units.Noise

0%10%

Moderate stutter (5 bands):

Input y0.6350.635

POLY0.9910.950

FFT0.9900.948

WIENER0.9590.920

GAUSS1.0000.981

SVD1.0000.955

ENUM1.0001.000

Severe stutter (10 bands):

Input y0.4680.469

POLY0.9770.921

FFT0.9770.919

WIENER0.8960.852

GAUSS1.0000.979

SVD1.0000.938

Table 6.1. The re-centering effects, measured as the fraction of allele distribution re-centeredonthecorrectgenotype,forthesixdeconvolutionalgorithmsonsimulateddata.Thesimulationstudieswereconductedwith300simulatedgenotypesofcloselyspacedallelesthatwereseparatedby0to3dinucleotiderepeatunits.

1176.5. Processes in GMBDThe transformation in allele determination is summarized as:g : quantitated stutter data fi GenotypesTo perform this transformation, we need information about the stutter patterns as well asthe relative amplifications of the microsatellite marker. This knowledge is acquired fromprior data analysis of the marker, and is organized in a systematic marker library forefficient computer retrieval and maintenance. The GMBD transformation g thereforeinvolves two consecutive processes:¥Marker library constructiong1 : stutter data + [known genotypes] fi pattern matrix A + ratio table r¥Genotyping by deconvolutiong2 :stutter data + pattern matrix A+ ratio table r fi genotypesBefore we proceed to describe the algorithms for g1 andg2 indetail,tobetterunderstandtheprocessesinvolvedinGMBD,wefirstexamineanactualprogramtraceofourgenotyping system on a marker. In the program trace below, the gel "3/19/97_rp_Gel"is a 34-well ABI/377 gel, 16 lanes of which (lanes 11 through 26) were loaded with markerpanel "panel3". Out of the 11 markers in the panel, we focus on marker "D22S283", adinucleotide repeat marker with an allele window of 135 to 165 bp (in fact, D22S283 hasbeen the example marker in this chapter). Here is the trace of our genotyping systemanalyzing D22S283 on a Macintosh PowerBook 3400c:Marker D22S283 (5 of 11 markers in panel3): [22-Nov-97 17:17:43]------Scanning 3/19/97_rp_Gel for marker windows..................Done.Scanning 3/19/97_rp_Gel for marker bands....................Done.Binning marker bands........................................Done.Quantitating D22S283 3/19/97_rp_Gel lane 11.....a.b.a.b..Done.Quantitating D22S283 3/19/97_rp_Gel lane 12.....a.b..Done.Quantitating D22S283 3/19/97_rp_Gel lane 13.....a.b.a.b.a.b..Done.Quantitating D22S283 3/19/97_rp_Gel lane 14.....a.b..Done.Quantitating D22S283 3/19/97_rp_Gel lane 15.....a.b.a.b.a.b..Done.Quantitating D22S283 3/19/97_rp_Gel lane 16.....a.b.a.b..Done.Quantitating D22S283 3/19/97_rp_Gel lane 17.....a.b.a.b..Done.Quantitating D22S283 3/19/97_rp_Gel lane 18.....a.b.a.b.a.b..Done.Quantitating D22S283 3/19/97_rp_Gel lane 19.....a.b.a.b..Done.Quantitating D22S283 3/19/97_rp_Gel lane 20.....a.b..Done.Quantitating D22S283 3/19/97_rp_Gel lane 21.....a.b..Done.

118Quantitating D22S283 3/19/97_rp_Gel lane 22.....a.b.a.b..Done.Quantitating D22S283 3/19/97_rp_Gel lane 23.....a.b..Done.Quantitating D22S283 3/19/97_rp_Gel lane 24.....a.b.a.b..Done.Quantitating D22S283 3/19/97_rp_Gel lane 25.....a.b.a.b..Done.Quantitating D22S283 3/19/97_rp_Gel lane 26.....a.b.a.b..Done.Estimating genotypes...........................................Done.Using the following 14 estimated genotypes to construct initialstutter library for D22S283: 3/19/97_rp_Gel Lane 11 : <151, 159> (qual = 0.80) 3/19/97_rp_Gel Lane 12 : <145, 151> (qual = 0.81) 3/19/97_rp_Gel Lane 13 : <145, 159> (qual = 0.83) 3/19/97_rp_Gel Lane 14 : <151, 151> (qual = 0.93) 3/19/97_rp_Gel Lane 15 : <145, 159> (qual = 0.76) 3/19/97_rp_Gel Lane 17 : <139, 151> (qual = 0.85) 3/19/97_rp_Gel Lane 18 : <151, 153> (qual = 0.82) 3/19/97_rp_Gel Lane 19 : <147, 151> (qual = 0.85) 3/19/97_rp_Gel Lane 20 : <151, 153> (qual = 0.85) 3/19/97_rp_Gel Lane 21 : <139, 139> (qual = 0.85) 3/19/97_rp_Gel Lane 22 : <149, 153> (qual = 0.80) 3/19/97_rp_Gel Lane 23 : <145, 153> (qual = 0.84) 3/19/97_rp_Gel Lane 25 : <145, 149> (qual = 0.89) 3/19/97_rp_Gel Lane 26 : <143, 153> (qual = 0.79)Bootstrapping initial library A using estimatedgenotypes.............:.......................:..................:....................:...........:............:..........:........Done.Genotyping D22S283 3/19/97_rp_Gel lane 11....Done.Genotyping D22S283 3/19/97_rp_Gel lane 12....Done.Genotyping D22S283 3/19/97_rp_Gel lane 13....Done.Genotyping D22S283 3/19/97_rp_Gel lane 14....Done.Genotyping D22S283 3/19/97_rp_Gel lane 15....Done.Genotyping D22S283 3/19/97_rp_Gel lane 16....Done.Genotyping D22S283 3/19/97_rp_Gel lane 17....Done.Genotyping D22S283 3/19/97_rp_Gel lane 18....Done.Genotyping D22S283 3/19/97_rp_Gel lane 19....Done.Genotyping D22S283 3/19/97_rp_Gel lane 20....Done.Genotyping D22S283 3/19/97_rp_Gel lane 21....Done.Genotyping D22S283 3/19/97_rp_Gel lane 22....Done.Genotyping D22S283 3/19/97_rp_Gel lane 23....Done.Genotyping D22S283 3/19/97_rp_Gel lane 24....Done.Genotyping D22S283 3/19/97_rp_Gel lane 25....Done.Genotyping D22S283 3/19/97_rp_Gel lane 26....Done.Updating stutter library.......Done.Done processing marker D22S283 at 22-Nov-97 17:51:45.First, the computer scans the gel for regions ("marker windows") containing D22S283’sgenotyping data for analysis ("Scanning for marker windows...."). To do so, thecomputer uses the MW sizing grid information and marker information such as theexpected allele size window, as well as gel information such as the layout of the loadedlanes. After the computer has located marker windows in each lane’s electropherogram,the computer scans for marker bands in the data windows ("Scanning for markerbands...."). The marker bands are then aligned and binned using our

119STUTTER_CRAWL algorithm to refine the MW sizing grid to the marker’s actual allelicladder ("Binning marker bands....").Using the binned allelic ladder as a sizing reference, the computer then quantitates themarker bands in each of the genotyping experiment ("Quantitating lane11.....a.b.a.b...") with the QUANTITATE_BAND algorithm. To obtain anquantitated fit that is as close to the actual data bands as possible, the computer iterativelyrefines its data peak parameters (for the Gauss-Runga peak model) using least-squaremethods. Each "a.b" pair in the program trace indicates one such iteration. As shown inthe example, only two or so iterations are generally needed to reach convergence for cleandata.Since we are analyzing marker D22S283 for the first time, the computer does not have anyprevious marker library that it can use for allele determination. Therefore, the computerbootstraps by estimating the alleles ("Estimating genotypes...."), and then constructsa marker library from the estimated genotypes ("Bootstrapping initiallibrary...."). To obtain an initial marker library that is as accurate as possible, thecomputer iteratively refines the marker library constructed during bootstrapping process.Each refining iteration is indicated with a colon ":" in the program trace.After constructing a marker library for D22S283, the computer then proceeds to the alleledetermination step ("Genotyping lane 11....") using the marker library. When thecomputer has completed calling the alleles on all the genotyping experiments, it learns fromthe data by refining D22S283’s marker library using the final allele calls ("Updatingstutter library...."). The computer automatically augments its internal knowledgebase with new stutter pattern and relative amplification information from the data. In thisway, the computer improves its performance over time as it analyzes more data for markerD22S283.6.6. Algorithms: Marker Library ConstructionIn this section, we describe the algorithms for constructing marker libraries. A markerlibrary stores the relevant characteristics of the marker’s expected allele stutter patterns thatthe computer can use in genotyping by deconvolution. The library consists of twocomponents: A, a stutter pattern matrix, and r, a relative amplification ratio table.

120Preferably, both A and r should be determined with known reference genotypes. If not(as is often the case), they can be compiled from a bootstrapping technique.As previously described, we construct the stutter pattern matrix A using matrix "rightdivision" of the linear system:A = Y/Xwhere Y contains quantitated stutter data and X contains known or computed genotypes.Both X and Y are matrices, with each column representing respectively the genotype or thedata of a genotyping experiment. The relative amplification ratios are computed from thequantitated data and their known genotypes, using the expected stutter patterns in A.Box 6.1 describes the overall algorithm for constructing a marker library. Details on theactual structures of the marker libraries used in our genotyping system are described inAppendix C.Algorithm: CONSTRUCT_LIBRARY

Step 1: Construct stutter matrix A.

Case 1: If both the stutter data Y and the reference genotypes X are given,

construct A using algorithm CONSTRUCT_A.

Case2:IfthereferencegenotypesX are not available, construct A on only the

stutter data YusingalgorithmBOOTSTRAP_A.

Step2:Constructratiotabler.

Constructtheamplificationratiotabler usingalgorithmCONSTRUCT_r.

Box 6.1. CONSTRUCT_LIBRARY: An algorithm for constructing a marker library.

1216.6.1. Stutter matrix constructionThe stutter matrix A can be constructed from the quantitated data Y and the associatedknown genotypes X (weighted by their relative amplifications) by solving the under- orover-determined linear system Y = AX. If X does not cover all the possible markeralleles,wefillinthestutterpatternsfortheabsenteealleleswithcopiesofstutterpatternsfromthenearestalleles.Asmoredatabecomeavailable,werefinethestuttermatrixbyreplacingthecopiedpatternswiththeactualstutterpatternsfromthenewdata(usingtheREFINE_Aalgorithm).Box6.2belowdescribestheCONSTRUCT_AalgorithmforconstructingastuttermatrixA from a given set of quantitated stutter data Y and their corresponding genotypes X.Algorithm: CONSTRUCT_A

Step 1: Normalize columns in X and Y.

Normalize the columns in XandYsuchthateverycolumnsumstotheexpected

numberofallelesinthegenotyperepresentedbythatcolumn.Usually, individual reference genotypes are used17, so the column sums are 2 (for diploids).

Step2:NumericallycomputeA.

Given Y and X, compute an initial A using matrix "division":

A = Y/X

The symbol "/" represents solving the linear system AX=Ywithnumerical

least-square algorithms (e.g. Gaussian elimination, Cholesky factorization, or

QR-factorization(Press et al.,1992)).Manynumericalprogrammingsystems supportthisoperationaspartofthelanguage.Forexample,inMatlab,we simplytypeA=Y/X.17In principle, we can also used pooled genotype for constructing A. That is, we can pool togetherindividual DNA samples in a single genotyping experiment, as long as we normalize the correspondingcolumns in X and Y to the appropriate allele sums.

122Step 3: Normalize columns in A.

Dependingonthealgorithmsusedinthematrixdivision,theresultingmatrixAmay contain negative entries. Zero out any non-positive entries in the stutter

matrix, and normalize each column in Atosumto1,sinceeachcolumn

containsthestutterpatternforasingleallele.

Foreachrowi in Xthathasnonon-zeroentries,zeroouttheentirei-th column

of matrix A, if it is not already all zeros.

Step4:FillincolumnsinAforabsenteealleles.

Foreachall-zerocolumninA,replacewithacopyofthestutterpatternfromthe

closest non-zero column.Box 6.2. CONSTRUCT_A: An algorithm for constructing a stutter pattern matrix fromreferencegenotypedata.BootstrappingThe reference genotypes X are often not available for stutter matrix construction when wefirst genotype a marker (either a marker from a new marker panel or an old marker under anew experimental condition). In such situations, we must bootstrap the construction of themarker library without any reference genotypes.First, we generate approximate reference genotypes from the data by re-using an old stuttermatrix from a similar marker (or simply a generic stutter matrix) and use our deconvolutionmethods to construct an initial X. Then, using X˚on Y, we construct an estimated stuttermatrix A. As with all our algorithms, as a final step, we iteratively refine A by minimizingthe least-square error between the predicted patterns AX and the observed data Y. Box 6.4below describes this bootstrapping process in greater detail.

123Algorithm: BOOTSTRAP_A

Step 1: Construct an initial A.

First,eitherobtainaninitialAfromapreviouslycompiledmarkerthatissimilar

tothenewmarker,orconstructAbyfillingeachcolumnwithagenericstutter pattern.

Step 2: Construct an initial X by SVD.

Given A and Y (normalized), compute a corresponding XusingtheSVD

deconvolutionmethod.NormalizetheentriesinXsothateachcolumncontains

at most two non-zero entries, and that each column sums to 2.

Step3:IterativelyrefineA.

Using algorithm REFINE_A, refine A iteratively.Box 6.3. BOOTSTRAP_A: An algorithm for constructing a stutter matrix without usingreferencegenotypes.RefiningSome of the possible alleles for a marker may not be included in the initial referencegenotypes for constructing the stutter matrix. Then, the computer estimates the stutterpatterns for these alleles by using the stutter patterns from the nearest reference alleles.When data for these alleles later become available, the computer should automaticallyupdate its stutter matrix A with the actual stutter patterns. This update allows the computerto learn and improve over time and data, as well as gracefully adjust to changes in themarker’s behavior (by biasing towards the more recent data, if necessary).Box 6.5 shows our algorithm for refining the stutter matrix A from new data in X and Y.

124Algorithm: REFINE_A

Step 1: Construct a new A .

Using algorithm CONSTRUCT_A, construct a new stutter matrix Anew from X andY.Step 2: Compare Anew against A.

(a)Using algorithm SVD_DECONVOLVE on Anew and Y,computenew

genotypes in X new.

(b)Computerrnew, the total sum of squares error between the matrix product

AnewXnew and the observed data Y.Step3:Iterativelyrefine.If errnew is less than the original sum of squares error between AX and Y, replace A

with Anew , and repeat Steps 1 and 2.

Box 6.4. REFINE_A: An algorithm for incrementally improving the stutter matrix A.6.6.2. Relative amplification ratio table constructionWe define the relative amplification ratio for a genotype as the ratio of the total DNA(including stutter bands) from the smaller allele to the total DNA from the larger allele. Inother words, the relative amplification of a genotype is the ratio in a weighted genotypevector x between the vector value of the smaller allele to that of the larger allele. We store arange of possible amplification ratios for each genotype in a marker’s amplification ratiotable, since the relative amplification ratios vary slightly from one genotyping experiment toanother (even if they have the same genotype).To compute the entries in the relative amplification table r, we use the same referencegenotype data X and Y used for constructing the stutter pattern matrix A. For each

125genotype in X, we compute the best relative amplification ratio for the allele pair thatminimizes the least-square error between the observed data vector in Y and the expectedstutter pattern re-constructed in AX.Since the reference data typically does not include all possible marker alleles, there isusually not reference data for every possible pair of alleles. To compute the relativeamplification ratios, we could fill in the missing amplification ratios either by interpolationor using the relative amplification ratio values from the nearest reference allele pairs, as wasdone for the absentee alleles in stutter matrix A. However, we have observed thatamplification ratios depend primarily on allele size difference rather than actual allelicvalues. We therefore make the following assumption:r (a1,a2)@r(b1,b2)where|a1 -a2|=|b1-b2|This simplifying assumption allows us to compress r from an O(n2) table for an n-allelemarker to an O(n) table indexed by the allelic differences. Figure 6.7 shows an example ofa compressed amplification ratio table for D22S283. With the simplified r, there are nowonly O(n) relative amplification ratios that have to be determined. Moreover, any missingvalues can easily be linearly interpolated (a partially-filled two-dimensional table r ismorecomplex to interpolate). Although we could expand r out to its full-blown n2-entrytableasmoredatabecomeavailable,ourexperiencehasbeenthatthecompressedversionofr isadequate for GMBD computations.In Box 6.5, we describe CONSTRUCT_r , our algorithm for computing the relativeamplification ratios from the quantitated stutter data Y, the reference genotypes X, and thestutter matrix A .

126 127Algorithm: CONSTRUCT_r

Step 1: Sort the known genotypes.

Group the columns in Xaccordingtotheirallelesizedifferences.

Step2:Computeamplificationratiosforeachobservedallelesizedifference.

(a)ForeachcolumninX that has (non-zero) allele size difference d,computea new genotype vector (say, xj ). Compute xj using the SVD deconvolution methodwithstuttermatrixAandthedatavectoryjfromthecorresponding columninY.Theratioofthetwogenotypeentriesinxjgivestherelative amplificationratio,uj,forthisreferencegenotype.

(b)MinimallyadjusteachujsothatthepredictedvectorAxjadjustedbyujhas least sum of squares error with the observed data vector yj .

(c)Let md be the mean of the computed uj ’s, and sd the corresponding standard deviation. Set r(d) ‹ [md - sd, md + sd].

Step 3: Interpolate amplification ratios for the unobserved allele size differences.

Fill any empty entries in rusingsplineinterpolation.

Box 6.5. CONSTRUCT_r: An algorithm for constructing a relative amplification ratiotableforamarkerfromitsquantitatedstutterdataY,referencegenotypesX, and the stuttermatrix A.

1286.6.3. ExampleLet us step through the marker library construction for the marker D22S283. We showedthe actual program trace for the entire allele determination process for D22S283 in Section6.5. Here, we focus on the construction of a marker library for D22S283. For simplicity,we use a smaller example with only 8 reference lanes.To construct a marker library for D22S283, we need both the quantitated data Y and thecorresponding reference genotypes X. First, we write down the band quantitations fromeach lane’s electropherogram in the columns of data matrix Y. Each column of Y isnormalized to sum to 2, the expected number of alleles present in the genotype:

Data matrix Y(bp)lane 11lane 12lane 13lane 14lane 15lane 16lane 17lane 18

13100000000

133000000.015800

13500000.010.101000

13700.0235000.0270.327100

13900.04990.010900.04770.616600.0331

1410.02630.14280.131700.131900.02050.0531

1430.04850.34360.37810.06270.33410.0560.06600.1413

1450.10440.57100.61120.11430.53140.05230.10040.3208

1470.17940.198600.28220.07260.11100.21410.5948

1490.33990.26340.0370.60290.05320.25860.40010.3037

1510.52300.37620.04510.82640.06860.37570.68070.3986

153000.05940.11150.08360.08590.42350.0978

1550.14340.03100.105800.126600.09470.0568

1570.241700.241100.206000

1590.333700.327300.2581000

1610.059700.052400.0492000 total22222222

To construct the stutter matrix A,wealsoneedacorrespondingreferencegenotypematrixX. This is the first time analyzing marker D22S283, so there are no previously analyzedgenotypes available, nor do we know the actual genotypes for Y. Thus, we bootstrap byusing GMBD on the quantitated data with a generic marker library to compute a set ofestimated genotypes for Y as the initial X.SinceD22S283isadinucleotiderepeatmarker,weuseatypicalstuttermatrixA containing a generic stutter pattern (for dinucleotide repeatmarkers) of three data bands with relative DNA concentrations 0.571, 0.286, and 0.143, asshown in Figure 6.8. In Figure 6.9, we show the default stutter matrix A and the default

129relative amplification ratio table r for bootstrapping dinucleotide marker libraryconstruction.00.20.40.6a-4a-2aallele size (bp)

relative [DNA]Figure 6.8. A generic stutter pattern for any allele a of a dinucleotide repeat marker.This generic stutter pattern is used in bootstrapping dinucleotide marker libraryconstruction.

130Estimating genotypes...........................................Done.Using the following 8 estimated genotypes to construct initialstutter library for d22s283: 3/19/97_rp_Gel Lane 11 : <151, 159> (qual = 0.80) 3/19/97_rp_Gel Lane 12 : <145, 151> (qual = 0.81) 3/19/97_rp_Gel Lane 13 : <145, 159> (qual = 0.83) 3/19/97_rp_Gel Lane 14 : <151, 151> (qual = 0.93) 3/19/97_rp_Gel Lane 15 : <145, 159> (qual = 0.76) 3/19/97_rp_Gel Lane 17 : <139, 151> (qual = 0.85) 3/19/97_rp_Gel Lane 18 : <151, 153> (qual = 0.82) 3/19/97_rp_Gel Lane 19 : <147, 151> (qual = 0.85)From the 8 estimated genotypes, we construct a reference genotype matrix Xref:

reference genotype matrix

Xref(bp)lane 11lane 12lane 13lane 14lane 15lane 16lane 17lane 18

13900000100

14100000000

14300000000

14501101000

14700000001

14900000000

15111020111

15300000010

15500000000

15700000000

15910101000 total22222222

For each genotype in Xref,weadjusttherelativeamplificationbetweentheallelestominimizethesumofsquareserrorsbetweenthepredictedpatternsAXrefandtheobservedpatternsY. The reference genotype matrix Xref isthenupdatedwiththeseamplificationratios, giving a weighted genotype X:

weighted genotype matrix

X(bp)lane 11lane 12lane 13lane 14lane 15lane 16lane 17lane 18

139000001.0400

14501.081.1601.17000

14700000001.26

1511.150.9202.0000.961.100.74

1530000000.900

1590.8500.8400.83000

131With the weighted genotype matrix X and the quantitated data matrix Y, we solve for Ainthe linear system AX = Y. Here is the initial solution from Matlab’s "A=Y/X"operation:

initial stutter matrix from

A=Y/Xbp139141143145147149151153155157159

13100000000000

1330.020000000000

1350.100000000000

1370.31000.02000000-0.01

1390.59000.040.0200000-0.01

141-0.01000.110.0400.010.01000.01

1430.03000.290.0900.030.04000.02

145-0.01000.470.2200.060.04000.03

147-0.03000.040.3800.150.0600-0.01

149-0.02000.010.0700.290.09000.02

151-0.020000.0800.410.25000.06

1530.06000.030.0600.030.44000.02

155-0.01000.010.0400.010.10000.14

157000-0.010000000.28

159000-0.01000.01-0.01000.38

16100000000000.07 total10011011001

132After removing the negative entries in A, and normalizing the values in each column to sumto 1 (for non-zero columns), we have:

normalized

Abp139141143145147149151153155157159

13100000000000

1330.010000000000

1350.100000000000

1370.31000.020000000

1390.58000.040.03000000

1410000.120.0500.010.02000

1430000.310.1200.030.04000

1450000.500.2900.060.04000

14700000.5100.160.06000

1490000000.310.10000.03

1510000000.430.28000.07

15300000000.47000.02

15500000000000.16

15700000000000.31

15900000000000.42

16100000000000 total10011011001

Note that the columns for the alleles 141, 143, 149, 153, and 157 do not contain any stutterpatterns. This is because these alleles were not included in the set of reference genotypes Xused in constructing A. To form a complete stutter matrix A,wefillinthestutterpatternsfortheseabsenteeallelesusingstutterpatternsfromthenearestnon-zerocolumns.Figure6.10showsboththeinitialstuttermatrixA, and the stutter matrix with filled-in columns(italicized).

133 134After computing the stutter matrix A, the next step is to compute the relative amplificationratio table r from A, X, and Y. For each genotype in X, we compute the best relativeamplification ratio between the allele pair in the genotype which minimizes the sum ofsquares error between the predicted patterns in AX and the actual observed data Y. Wethen collate the relative amplification ratios from genotypes that share the same allelicdifferences to compute the possible range of amplification ratios for that allelic difference.The missing values are interpolated. We show in Figure 6.11 the initial relativeamplification ratio table r computed from our reference data Y. 135Finally, we repeat the construction process to iteratively refine the computed A and r forthe library that best models the observed data Y in the least-squares sense. The resultingstutter matrix A is:

stutter matrix

AforD22S283bp139141143145147149151153155157159

1310.020000000000

1330.040.020.0100000000

1350.120.040.030.020000000

1370.310.120.050.030.020.0100000

1390.510.310.120.060.030.030.010000

14100.510.300.140.060.040.030000

143000.500.300.140.070.040.02000

1450000.440.300.120.070.060.0200

14700000.440.290.120.030.060.020

149000000.440.290.160.030.060.02

1510000000.440.310.160.030.06

15300000000.420.310.160.03

155000000000.420.310.16

1570000000000.420.31

15900000000000.42

16100000000000 total11111111111

136Figure 6.11 shows the final stutter pattern matrix A and relative amplification ratio table rfor marker D22S283.

137To verify that stutter matrix A can reliably predict stutter patterns from the genotypes, wemultiply stutter matrix A with the weighted genotype matrix X (togeneratethepredictedstutterpatterns),andthencomputethesquaresofthedifferencesbetweenthepredictedandobservedstutterpatterns.Thesmallsumofsquaresineachcolumnverifiesthatthestutterpatterns predicted by A are indeed close to the observed patterns in Y.

Predicted pattern matrix

AX(bp)lane 11lane 12lane 13lane 14lane 15lane 16lane 17lane 18

131000000.020800

133000000.041600

13500.02170.023300.02350.124800

13700.03260.035000.03530.322400.0254

1390.01150.07440.07000.02000.07060.54000.01100.0455

1410.03450.17980.16330.06000.16480.02880.03300.0984

1430.04600.36280.35000.08000.35310.03840.06200.2073

1450.08050.54250.51340.14000.51780.06720.13100.4325

1470.13800.111000.240000.11520.15900.6473

1490.35050.26820.01690.58000.01670.27840.46300.2160

1510.55700.40700.05070.88000.05010.42240.76300.3277

1530.025500.025300.025000.37800

1550.136000.135200.1336000

1570.263500.261900.2588000

1590.357000.354900.3507000

16100000000 total22222222

Squared differences between

Y and

1310.000.000.000.000.000.000.000.00

1330.000.000.000.000.000.000.000.00

1350.000.000.000.000.000.000.000.00

1370.000.000.000.000.000.000.000.00

1390.000.000.000.000.000.010.000.00

1410.000.000.000.000.000.000.000.00

1430.000.000.000.000.000.000.000.00

1450.000.000.010.000.000.000.000.01

1470.000.010.000.000.010.000.000.00

1490.000.000.000.000.000.000.000.01

1510.000.000.000.000.000.000.010.01

1530.000.000.000.010.000.010.000.01

1550.000.000.000.000.000.000.010.00

1570.000.000.000.000.000.000.000.00

1590.000.000.000.000.010.000.000.00

1610.000.000.000.000.000.000.000.00 sum0.010.010.020.020.030.020.030.05

1386.7. Algorithms: Genotyping by DeconvolutionFrom our preliminary study of different deconvolution methods, the best algorithms forgenotyping microsatellite by deconvolution (GMBD) are SVD, GAUSS, and ENUM.SVD and GAUSS turn out to be algorithmically similar18,whichexplainsthecomparableperformance of both methods on simulated data. ENUM, on the other hand, differs fromSVDandGAUSSinthatitsearchesexclusivelyinthemoreconstrainedspaceofgenotypescontainingexactly two alleles.A useful strategy for improving robustness in handling real data is to use different methodsto call the alleles, and then intelligently determine a consensus from the independent calls.For GMBD, we have chosen the SVD and ENUM algorithms. We omit GAUSS as it isalgorithmically similar to SVD, and we prefer SVD for its efficiency, robustness, andextendibility19.InBox6.6,wepresentourGMBDalgorithmDECONVOLVE_GENOTYPEthatusestheSVDandENUMalgorithms.

18Both SVD and GAUSS invert A and then apply it toY. The difference is that SVD uses singular valuedeomposition to invert A in one single operation, whereas GAUSS uses a Gaussian elimination procedureto remove the stutters iteratively.19We will see in the next chapter that SVD can be extended to perform pooled GMBD without muchmodification.

139Algorithm: DECONVOLVE_GENOTYPE

Step 1: Call the alleles using multiple independent algorithms.

(a)Normalize the data vector y so that the vector sum is 2, as there are two alleles

in the DNA sample.

(b)Use algorithm SVD_DECONVOLVE to determine the alleles on the data vector

y with the marker library <A,r >. Call the resulting genotype vector xsvd.

(c)Use algorithm ENUM_DECONVOLVE to determine the alleles, producing the genotype vector xenum.

Step 2: Obtain a consensus.

If xsvd agrees with xenum, then output it as the consensus genotype vector.Ifnot,letxenum_ibethei-thbestcandidategenotypevectorfromENUM_DECONVOLVE.Selectfromthetopcandidatesthexenum_iwiththesmallest total sum of squares error between Axenum_i and y and between xenum_i and A/y. Output this xenum_i as the final consensus genotype vector.

Box 6.6. DECONVOLVE_GENOTYPE: An algorithm for genotyping microsatellites bydeconvolution. It uses two independent deconvolution methods for genotyping, and thencomputesthebestconsensusgenotypefromthesecandidatesolutions.

1406.7.1. SVDSVD, or singular value decomposition, is a fast and robust algorithm from computationallinear algebra for solving over- and under-determined linear systems (such as Ax=y). Wehave already used it on several occasions in our library construction algorithm as a quickand reliable genotyping method. Beside its computational efficiency, SVD can be useful indetecting any extra alleles (that may be present due to contamination or other dataanomalies) since it does not make any assumptions about the expected values in thegenotype vector x. In fact, it is this "no-assumptions" characteristic that gives SVD itsversatility in performing pooled GMBD (see the next chapter), when there are indeedextraneous (more than 2) alleles present in the DNA samples. Box 6.7 presents our SVDdeconvolution algorithm in more detail.Algorithm: SVD_DECONVOLVE

Step 1: Deconvolve with SVD.

Solve for xsvd using the singular value decomposition of the stutter matrix A on the

normalized data vector y (Golub and Van Loan, 1989; Lawson and Hanson, 1974;

Press et al., 1992).

Step2:Callthealleles.

Dependingonthequalityoftheobserveddatay,theremaybemorethantwononzeroentriesintheresultingvectorxsvd.Toactuallycallthealleles,weiterateover possiblegenotypesbasedonthesenonzeroentriesinxsvd,tosearchfortheallele pair which fits best with data vector y.Let aidenote the i-th entry in the vector xsvd, and xi,jbeagenotypevectorcreated withai as the i-th entry and ajasthej-thentry.

Select from xsvd , a limited set of indices with nontrivial ai ’s (say, xi >0.25).

Create from this set of indices all possible homozygotic (i=j)andheterozygotic(i„j)

genotypevectorsxi,js,providedthattheratioofai to ajisintherangespecifiedbyr (ai, aj) . Output the genotype vector xi,j withtheleastsumofsquaresdeviation between Axi,j and y.

Box 6.7. SVD_DECONVOLVE: A genotyping algorithm using singular valuedecomposition.

1416.7.2. ENUMENUM is a search-based GMBD algorithm. Unlike SVD, it assumes that there are at mosttwo distinct alleles in the genotype, and then searches for the best genotype vector (x) thatproduces an expected stutter pattern (Ax, where A is the stutter matrix) that has the leastsum of squares error against the observed data vector (y). To handle relative amplification,ENUM performs a local hill-climbing search for the best amplification ratio to apply at eachproposed genotype. In contrast with SVD, ENUM’s local searching is more cautious andsensitive to alleles with low amplifications. SVD is faster and more robust againstbackground noise because of its global view. The two algorithms work very well together,complementing each other’s potential limitations.Box 6.8 shows the details of the ENUM algorithm.

142Algorithm: ENUM_DECONVOLVE

Step 1: Identify candidate alleles.

Let y(i) bethei-thentryinthenormalizeddatavectory, and ac(i)bethe

correspondingallelewherec(i) isthecorrespondingcolumninthestutter matrixAfortheallele. Theset{ac(i) : y(i)>0} representsthecandidatealleles20

on which we enumerate the possible genotype vectors.

Step 2: Enumerate over candidate alleles.

Let ai,jbethemeanoftheamplificationratiorangeinr(ac(i),ac(j)).We

enumerate over the set of candidate alleles by creating genotype vectors xi,jwith ai,j as the c(i)-th entry and 1/ai,j as the c(j)-th entry initially.

Step 3: Locally search for amplification ratios.

Adjust each xi,jlocallybyperformingahill-climbingsearchforthebest

amplificationratioallowedbytheranger(ac(i),ac(j)). Use the sum of squares

error between the predicted vector Axi,jandtheobserveddatavectoryasan

errormeasureinthesearch.

Step4:Searchforthegenotypevectorhavingthebestfit.

Foreachcandidatevectorxi,j,computethesumofsquareserrorbetweenthe predicted Axi,j and the observed y. Keep track of a set of top candidate

genotype vectors for determining a consensus later in the algorithm

DECONVOLVE_GENOTYPE. Output the genotype vector xi,j thathasthe

least sum of squares error.Box 6.8. ENUM_DECONVOLVE: A search-based genotyping algorithm.

20For efficiency, we can prune the candidate allele set even further. For example, we can restrict it tocontain alleles with y(i) > min(1/r) (the smallest allele mass allowable by the amplification ratio table).

1436.7.3. ExampleTo explore the difference between SVD and ENUM, we review an example from markerD16S405, a FAM-labeled dinucleotide repeat marker in the allele range 103—161 bp.Shown in Figure 6.12, the genotyping experiment was run out on lane 9 of a 34-laneABI/377 gel21.Thetoppaneofthefigureshowstheelectropherogram,themiddlepaneshowsthequantitatedrelativeDNAconcentrationsofthedatabands,andthethirdpaneshowstheallelescalledbythecomputer. 144to the expert human genotyper, it is clear that the 121 bp band is an artifactual band � thereare no stutter bands associated with it, and PCR stuttering is expected for D16S405 (basedon data from the other lanes). Like a human expert, our deconvolution algorithm learnsabout the characteristic patterns for marker D16S405, and expects to find stutter patternsassociated with a true allele band. As a result, the computer was able to intelligently call thealleles at 139 and 141 bp.To see how SVD and ENUM complement each other in this example, let us look at Figure6.13, which shows the different computer calls. On the top pane is the computer’s finalcall. This final call is based on a consensus of the candidate calls shown in the panesbelow. The second pane shows the deconvolution of data y with stutter matrix A by theSVD algorithm. Because SVD does not restrict its call to at most two distinct alleles, it wasable to detect three alleles at 121, 139, and 141 bp. However, as an individual’s genotypecan contain at most 2 different alleles, SVD must select two of these three in its final call. Itdoes this by selecting the two with the tallest amplification values, which, unfortunately,erroneously included the 121 bp band. On the other hand, the 121 bp could have actuallybeen an allele from DNA sample contamination or dye bleedthrough, and SVD woulddetect such cases and alert the geneticist. The ENUM algorithm, which tries out allpossible allele pair combinations for one that fits the data best, assumes at most two distinctalleles in the genotype. If there were more than two alleles present in the DNA sample,ENUM could not detect them. Thus, while SVD is sensitive in detecting extra alleles,ENUM is robust against spurious noise. In this case, ENUM produces the correct allelecall as its top choice (ENUM1), with the other two paired combinations of the three allelesas its second and third choices (ENUM2 and ENUM3).Since the alleles called by SVD differ from those called by ENUM1, the computer mustselect a consensus from the three candidate ENUM allele calls. The selection is based ontwo criteria: (1) how well the predicted stutter pattern, computed by multiplying theproposed genotype vector with the stutter matrix A, fits the observed data, and (2) howclosely the proposed genotype vector, weighted by an appropriate relative amplificationratio, correlate with the genotype vector obtained by SVD deconvolution. For each of thethree weighted genotype vectors xenum_iinENUM,thecomputercomputesthesumofsquares error between the observed data vector y and the predicted pattern vector Axenum_i,as well as the sum of squares error between xenum_i and SVD’s genotype vector xsvd. Inthis example, ENUM1 has the least total sum of squares errors, so the computer outputsENUM1asitsfinalallelecall.

145 146Our GMBD algorithms based their allele calls on pattern matching. Two types of patterninformation are employed: for each marker, the stutter patterns stored in the stutter matrixA, and the relative amplifications the amplification ratio table r . We have shown in theprevious example how our GMBD algorithms use stutter pattern expectations to robustlycall the alleles; let us now look at how the algorithms handle relative amplifications betweenthe alleles in the genotypes. 147using both stutter patterns and relative amplifications as pattern expectations, the computerwas able to accurately call all the alleles in the family shown. Note that the computer doesnot make use of any pedigree information to assist its allele determination (we want to leavethe pedigree as an independent information source for the user to confirm allele calls); allthe calls by the computer were based solely on the stutter matrix A and the amplificationratio table r that the computer had compiled for marker D16S405 from previousprocessing.

148example, in Figure 6.16, the relative amplifications (as indicated by the heights of thedarkened bars) for the proposed genotypes in ENUM1, ENUM2, and ENUM3 areadjusted so that the individual alleles were allocated the appropriate proportions of totalamplified DNA. As a result, the computer was able to call the 357 bp allele, even though itwas much less amplified than the 337 bp allele. 1496.8. DiscussionAn important computational approach that is central to this dissertation is to use all the dataavailable. When analyzing real data, data quantity can be a useful antidote to insufficientdata quality22.The inherent data redundancy in large amount of data can be used to detectdata consistency for filtering out random data artifacts present in less perfect data.To maximize the amount of data that can be exploited for redundancy, we adopted a non-conventional approach, treating the PCR stutter bands as data. Traditionally, PCRstuttering has been considered to be noise, and geneticists tried to suppress the artifactualbands (Odelberg and White, 1993) from the genotyping data. With our systematicapproach of accounting for the stutter bands, the stutter bands become an integrated part ofthe data, critical for robust and consistent processing. In the previous chapter, we madeuse of the inherent continuity of stutter bands to overcome (by stutter crawling) theinadequate sizing resolution of the MW size standards. In this chapter, we used theexpectation of stutter bands to unambiguously detect spurious peaks, even if they lookedjust like real data bands (see the D16S405 example in Figure 6.12). To illustrate theadvantage of stuttering further, we show, in Figure 6.17 below, a similar case for markerD6S1050, a tetranucleotide repeat marker that does not exhibit PCR stuttering. Again, anadditional band is present in the electropherogram that is indistinguishable from actual allelebands in shape and size . However, without stutter bands, it is impossible for man ormachine to distinguish the true allele bands from the lone noise band23.

22Of course, no amount of data would be sufficient to recover data that are of very bad quality.23From the data shown, the other possible scenario in which there are actually two noise bands and onlyone allele band (a homozygotic genotype) is less likely because one of the bands (the actual allele band)would have been much taller (say, twice as tall) than the other bands.

150 1517. New functionality: Pooled genotypingAllele frequency methods such as linkage disequilibrium and association studies areemergent methods for studying the genetics of complex diseases (Ghosh and Collins,1996; Lander and Schork, 1994; Risch and Merikangas, 1996). Instead of tracing theinheritance patterns among individuals in families, these methods look for causative genesalong the genome by testing, for each marker, whether a particular allele occurs at a higherfrequency among the affected population than the unaffected individuals24.Ifthereisasignificantcollectivelossintheallelicvariation(asindicatedbytheallelefrequencies)inthechromosomalregionsamongtheaffectedpopulation,thenthecausativegenesforthediseasearelikelytoresideintheproximityoftheseregions.However,linkagedisequilibriumtypicallyextendsoververyshortgenomicdistances,requiringhigh-resolution genome-wide association tests involving tens of thousands ofgenetic markers. In theory, we can (naively) determine the allele frequencies of all themarkers by genotyping every individual in the population, but the scope will beincapacitating in practice. Moreover, it is probably an overkill to obtain all the individualgenotypes as only the allele frequencies are required for association studies. What we needis an accurate and efficient method to screen a large number of marker polymorphisms(alleles) without having to genotype each and every one in the population individually.One such method is to pool DNA samples together in a single experiment for PCR and gelreadout (LeDuc et al., 1995; Risch and Merikangas, 1996). This method is easilyworkable with genetic markers that do not exhibit PCR stuttering (e.g. tetranucleotiderepeat markers): the allele frequencies of the pooled samples can simply be read off therelative allelic concentrations (peak heights or areas) in the electropherograms25.WithPCRstuttering,theobservedbandpatternforeachpooledexperimentwillbeaconvolutionof a large number of stutter patterns. The observed band pattern from a pool size of, say,10DNAsamplescanbeaconvolutionofupto20differentstutterpatterns.Evenanexperiencedhumangenotyperwouldnotbeabletodeciphersuchconvolutedpatterns.

24The individuals can be siblings (as in sib-pair analysis), family members (as in familial clusteringanalysis), or unrelated individuals from a population (preferably isolated and homogenous).25This is actually an over-simpification, as the effect of relative amplification (which is also present in thelarger repeats) must also be taken into account for. Of course, with stutterless markers, the adjustment ofrelative amplification is much more straightforward than markers with convoluted stuttering.

152The larger repeats (e.g. tetranucleotide repeat markers), while typically stutter-free, are lessabundant and can therefore provide only limited resolution for genome scans. Eventually,the smaller repeats (e.g. dinucleotide repeat markers) must be used to attain the fineresolution required for detecting linkage disequilibrium. However, these repeats usuallyexhibit PCR stuttering, and pooled sample genotyping is not feasible unless the PCR stutterbands can be eliminated from the data. In this chapter, we will show how the problem ofPCR stuttering in pooled genotyping can be solved computationally, using only a simplegeneralization of our original convolution model for single-sample genotyping.7.1. Convolution modelThe overall pattern observed on a gel run-out for a pooled sample is the sum of the bandpatterns from the genotype of each individual sample present in the pool. Under our matrixconvolution model, we can model PCR stuttering in pooled DNA as:

y = A⋅xi i∑

where each xi representsthegenotypevectorofaDNAsampleinthepool.Usingthedistributivelawofmatrixoperations,were-writetheaboverelationas:

y = A⋅ xii∑

Ignoring the effects of relative amplification26fornow,thevector

Σi xi

is the alleledistribution in the DNA sample mixture. As with single-sample genotyping, we can recoverthis allele distribution vector by deconvolution:

xii∑ = A\ y

26In the presence of relative amplification, we can still recover the allele distribution

Σ_i x_i

from A\y byadjusting it with the relative amplification ratios r (see step 2 of Algorithm POOLED_SVD).

153To compute the allele frequency from the allele distribution vector, we normalize bydividing each entry in

Σi xi

with 2n, where n is the number of equimolar DNA samples inthe pool.7.2. Pooled GMBDAn immediate corollary of the above generalized convolution model is that we can applyconvolution methods that are similar to those we have designed for the single-genotypeproblem to the multiple-genotype problem. In fact, all the algorithms except ENUM(POLY, FFT, WIENER, SVD, and GAUSS) can be applied directly in pooled GMBD, asnone of them are algorithmically constrained by the actual number of alleles or genotypespresent. Although ENUM had assumed that there are at most two distinct alleles, we caneasily generalize it to handle 2n alleles, where n is the number of samples pooled. The realproblem with ENUM is that direct enumeration of the O(mn) possible genotype vectors foran -sample pool genotype of an m-allele marker is computationally prohibitive. Tocircumvent this computational threshold, we employ a hill-climbing search instead ofexhaustive enumeration. In fact, hill-climbing is capable of producing comparable results ifwe start from a good initial estimate. We call this sixth algorithm SEARCH to distinguishit from ENUM:¥SEARCH: Starts with a good initial solution (e.g. from SVD) and then locally performsa hill-climbing search procedure to find a better solution.A comparative studyTo verify the feasibility of pooled GMBD and to compare the various deconvolutionmethods in pooled genotyping, we tested the algorithms on simulated pooled genotype data(Perlin et al., 1995). We generated a test set of 300 simulated pooled genotypes, eachcomprising 100 alleles (50 individuals, each with 2 alleles). The alleles were randomlydrawn from each marker based on their frequency distribution. Again, note that we did notinclude relative amplification in our simulations of pooled DNA stutter data.For each of the 300 pooled genotypes, we applied our pooled GMBD algorithms tocompute the allele frequency vectors. For comparison, we computed the average sum of

154squares errors between the estimated and the actual allele frequency vectors. We show theresults in Table 7.1.The result support our notion of using stutter-based deconvolution in quantitative PCR-based pooled genotyping. As expected, the allele-dependent deconvolution algorithms(GAUSS, SVD, SEARCH) performed better than the allele-independent algorithms(POLY, FFT, WIENER) . In fact, the difference was more pronounced with pooledgenotyping, since variation in stutter patterns are accentuated as more alleles werecombined. Just as SVD and ENUM were best with single-sample genotyping, with pooledgenotyping SVD and SEARCH (the hill-climbing version of ENUM) performed better thanthe other deconvolution algorithms investigated.Noise

0%5%10%15%

Moderate stutter (5 bands):

POLY.362.387.374.437

FFT.192.203.221.276

WIENER.192.202.220.274

GAUSS.000.031.065.101

SVD.000.029.058.093

SEARCH.000.021.048.079

Severe stutter (10 bands):

POLY.650.662.688.736

FFT.492.518.538.582

WIENER.492.515.543.589

GAUSS.000.033.084.138

SVD.000.033.081.125

SEARCH.000.025.071.116

Table 7.1. The average sum of squares errors for pooled DNA deconvolution algorithmsonsimulateddata.Thesimulationstudieswereconductedwith300poolsof50simulatedgenotypes(50·2 alleles) from markers with 10 to 25 normally distributed alleles.

1557.3. AlgorithmsFor convenience, we compute the allele distribution vectors (

Σi xi

), instead of the allelefrequencies. The frequencies can be recovered by dividing the entries in

Σi xi

by 2n, wheren is the number of equimolar DNA samples in the pool. This seemingly trivial choiceactually has an important algorithmic consequence � it greatly reduces our search spacefrom the real-valued vector space of allele frequencies to the far more constrained integer-valued vector space of allele distributions.To mathematically remove the convoluted stutters, we use the marker libraries constructedfrom single-sample genotype data to deconvolve the pooled data. Again, we use multiplemethods (e.g. SVD and SEARCH) to compute the allele distributions, and thenheuristically determine a consensus from the various calls. Box 7.1 shows thePOOLED_GENOTYPE algorithm in more detail.

156Algorithm: POOLED_GENOTYPE

Step 1: Compute the allele distribution using two independent algorithms.

(a)Normalize the data vector y so that the vector sum is 2n,wherenisthe

numberofsamplesintheDNApool.

(b)UsealgorithmPOOLED_SVDtocomputeanalleledistributionvectorxsvd.

(c)Use algorithm POOLED_SEARCH to compute an alternate allele distribution vector xsearch.

Step 2: Obtain a consensus.

If xsvdagreeswithxsearch,thenoutputxsvdastheconsensusalleledistributionvector.Ifnot,letxsearch_ibethei-thbestcandidategenotypevectorfromalgorithmPOOLED_SEARCH.Selectfromthetopcandidatesthexsearch_iwiththesmallesttotalsumofsquareserrors between Axsearch_i and y and between xsearch_i and A/y. Similarly,

compute the sum of squares error for xsvd.

If the sum of squares error for xsearch_i is less than that for xsvd , output xsearch_ias the allele distribution vector for the pooled data vector y.Otherwise,outputxsvd.

Box 7.1. POOLED_GENOTYPE: An algorithm for genotyping pooled microsatelliteDNAsamplesbydeconvolution.Itusestwoindependentdeconvolutionmethodsforgenotyping, and computes the best consensus from the answers.

157SVDIn essence, singular value decomposition performs a weighted re-centering of the allelemass using the stutter patterns at the various alleles. As such, SVD is not restricted to thenumber of alleles present, and is therefore equally applicable to single-sample GMBD as topooled GMBD. That is, the algorithms POOLED_SVD and SVD_DECONVOLVE areessentially the same. To output an integral allele distribution vector, we start with the allelethat has the highest value in the SVD vector and iteratively round the vector values until wehave accounted for all the alleles the pooled sample. Box 7.2 describes POOLED_SVDalgorithm in greater detail.

158Algorithm: POOLED_SVD

Step 1: Deconvolve with SVD.

Solve for xsvd using the singular value decomposition of the stutter matrix A on the

(normalized) data vector y.

Step 2: Iteratively round for the integral allele distribution.

To convert the real-valued vector xsvdintoaninteger-valuedalleledistribution

vector xsvd_round,weiterativelyroundtheentries,startingwiththemostconfident

allele,untilwehavefoundall2nalleles.

(a)Letk be the index to the entry in xsvd that has the largest value. Set

xsvd_round (k) ‹ round(xsvd (k))where xsvd(k) and xsvd_round(k) denote the k-th entries of xsvd and xsvd_round

respectively.

(b)Let i be the index to the entry in xsvd that has the next largest value. If i is

smaller than k, set

xsvd_round (i) ‹ round(xsvd (i) · mean(r (ai, ak)))

Otherwise, set

xsvd_round (i) ‹ round(xsvd (i) ‚ mean(r (ak, ai)))

This accounts for relative amplification between the alleles at iandk.

(c)Repeat (b) until all the 2n alleles have been accounted for, or until there are no

non-zero entries in xsvd to be rounded. In the latter case, add the number of

unaccountedallelestoxsvd_round(k).Outputthealleledistributionvectorxsvd_round .Box 7.2. POOLED_SVD: A pooled GMBD algorithm using singular valuedecomposition.

159SEARCHFor pooled genotyping, the exhaustive search employed in the ENUM algorithm for single-sample GMBD is no longer feasible. As such, we use more intelligent search strategies toovercome the added complexity in pooled genotyping.Given a good initial solution, local search strategies can produce good results efficiently.In our POOLED_SEARCH algorithm, we use a hill-climbing search strategy that startswith the SVD solution as an initial estimate. At each search step, the computer explores thesearch space by micro-adjusting the distribution vector: the computer creates a new alleledistribution from the old vector by redistributing one unit of an allele to another, and thenevaluating whether the new allele distribution produces an expected band pattern that fitsbetter with the actual observed pattern. With large number of samples in the pooled DNA,or with markers having a large number of different alleles, even this search step can becomputationally intensive. As such, it is important to carefully implementPOOLED_SEARCH using efficient search strategies such as those commonly found inartificial intelligence (e.g. beam search or A*) (Rich and Knight, 1991). Box 7.3describes the POOLED_SEARCH algorithm in detail.

160Algorithm: POOLED_SEARCH

Step 1: Identify candidate alleles.

Let y(i)bethei-thentryinthenormalizeddatavectory. Let ac(i)bethe

correspondingallele,wherec(i) isthecolumninthestuttermatrixAfortheallele.The set {ac(i): y(i)>0} representsthemaximalsetofcandidatealleles27thatmay appearinthealleledistributionvector.

Step2:Searchforabetteralleledistributionvector.

(a)LetBESTbethesetofthebestalleledistributionvectorsthatseenthusfar.If abeamsearchofwidthwisemployed,restrictBESTtocontainonlythebestw vectors. Initially, BEST = {xsvd_round }.

(b)Remove an allele distribution vector xbestfromBESTthatwasnotprocessed

before.CreateNEW,asetofnewalleledistributionvectorsbyiterativelyredistributinganallelefromxbestoverthecandidatealleles.ExcludefromNEW anyvectorsthatwereanalyzedbefore.

(c)For each vector xnew in NEW, compute the sum of squares error between the expectedstutterdataAxnewandtheobserveddatavectory.Additionally, minimallyadjustthevaluesinxnewaspermittedbytheamplificationratiotablertofurtherminimizethesumofsquareserror.Associatewithxnewthe smallest error.

(d) If there are any xnew ’s in NEW that have a smaller error than xbest , then add them to the set BEST. If not, put xbest back into BEST, and labeled it

"processed".

(e)RepeatuntiltherearenomoreunprocessedvectorsinBEST,oruntilasearch boundhasbeenreached.OutputthebestvectorinBESTasthefinalallele distributionvector.Box 7.3. POOLED_SEARCH: A search-based genotyping algorithm for pooledsamples.

27As in ENUM_DECONVOLVE,we may want to prune this candidate set even further. For example, wecan restrict it to contain only alleles with y(i) > min(1/r) (the smallest allele mass allowable by theamplification ratio table).

1617.4. ExampleFirst, individual DNAs for D16S403, a FAM-labeled dinucleotide repeat marker with anallele range of 125-155 bp, were PCR amplified and size separated on an ABI/377sequencer. We used these experiments to determine the alleles in each DNA sample, andalso to construct the binning, stutter, and relative amplification calibrations for D16S403.Pools of 2, 4, and 8 individual PCR products were constructed, and size separated on theABI.In Figure 7.1, we show the results of pooled GMBD on one of the two-sample pools. Thetopmost pane shows the electropherogram from the gel readout of the pooled experiment.The second pane shows the relative DNA concentrations of the data bands using our bandquantitation methods. In the third pane, we show the actual allele distribution for thisexperiment, computed from the individual genotypes of the two samples in the pool. Sincethe two genotypes are both heterozygotes, the allele distribution shows four differentalleles. The computer’s call is in the fourth pane labeled "COMPUTER". In this example,our POOLED_GENOTYPE algorithm correctly calls all four alleles present in the pool,despite the peak overlap, plus-A, and PCR stutter artifacts present in the data.

162 163We also show the results of POOLED_SVD and POOLED_SEARCH in Figure 7.1. In thepane labeled "X_svd" is the original SVD vector from deconvolving the data vector y withD16S403’s stutter matrix A . By iteratively rounding the initial values in X_svd, theresulting integral allele distribution vector computed by POOLED_SVD accurately calls thefour alleles, as shown in the pane labeled "SVD". Our POOLED_SEARCH algorithm alsoends up with the same allele distribution, as shown in the pane marked "SRCH1".As a comparison, let us look at the results of one of the 8-sample pools for D16S403 inFigure 7.2. Again, despite the high degree of stuttering, peak overlap, plus-A, and relativeamplification artifacts in the data, our pooled GMBD algorithm was able to compute anallele distribution vector (shown in the pane labeled "COMPUTER") quite close to theactual allele distribution (shown in the third pane). In this example, POOLED_SEARCHactually found different solutions (the top three choices were shown in the panes labeled"SRCH1", "SRCH2", and "SRCH3" respectively) from POOLED_SVD. For a finalconsensus, the computer heuristically selects one of the solutions based on their fit with thedata y and the predicted allele distribution A/y (as described in Step 2 of ourPOOLED_GENOTYPE algorithm). In this experiment, the computer selected the alleledistribution computed by POOLED_SVD as the final call.We have used our pooled GMBD algorithm to determine the allele distributions of pooledsamples of up to 96 samples. We report our results for these larger sample pools in the"Results" chapter. Our preliminary results showed that pooled genotyping is indeedpossible with GMBD methods. The potential reduction in the required number oflaboratory experiments is spectacular: for example, with pools of 100 individuals, there is a100-fold reduction. With further research on the experimental techniques for generatingpooled DNA data in the laboratory, and additional algorithmic refinements toPOOLED_GENOTYPE, we may be able to usefully apply this powerful pooled genotypingfunctionality to allele frequency studies.

164 1658. FAST-MAPWe implemented our solution to the microsatellite genotyping problem in a platform-independent automated genotyping system called FAST-MAP28(

Fluorescent

Allele-calling

Software

Toolkit—

Microsatellite

Automation

Package).Sinceitspublicreleasein1996,FAST-MAPhasbeenusedbygeneticistsinacademiclaboratories,governmentlaboratories,biotechnologycompaniesandpharmaceuticalcompanies29.Inthischapter,wedescribeourimplementationofapracticalsystemthatprocessesrealdataforrealusers(whoaretypicallymoreacquaintedwithlaboratoryequipmentthancomputers).WegivehereanoverviewofourdesignandimplementationoftheFAST-MAPsystem.AdditionaldetailsaboutFAST-MAParegivenintheappendices:AppendixB presents FAST-MAP’s user environment, Appendix C describes FAST-MAP’s libraries,andAppendixDdetailsFAST-MAP’sprogrammodules.TohelpFAST-MAPusersinwidespread(international)locations,wedistributedandmaintainedthesoftwareviatheWorld-Wide-Webat:http://www.cs.cmu.edu/~genome/FAST-MAP.html8.1. DesignThe FAST-MAP system is comprised of three primary components � the programs, theknowledge base, and the user interface:¥The programs constitute the computational engine which automates the requisite tasksin the genotyping problem;¥The knowledge base enables the system to intelligently focus its computation forimproved accuracy and efficiency;¥The user interface permits the user to intervene in the fully automated FAST-MAPprocess, and assist, verify results, or make repairs when necessary.

28The commercial successor to FAST-MAP is TrueAlleleTM. For more information on TrueAlleleTM, see http://www.cybergenetics-inc.com.29Groups which have used FAST-MAP include: (1) academic laboratories: Human Genetics Department(Dr. Mike Gorin), University of Pittsburgh; (2) government laboratories: National Center for HumanGenome Research (the FUSION group), National Institutes of Health; (3) biotechnology companies:Mercator Genetics, gene/Networks, and deCODE Genetics (Iceland); and (4) pharmaceutical companies:Smithkline Beecham (UK).

166Underlying all three components are unifying semantic objects which correspond toexperimental and genetic entities such as gels, lanes, panels, and markers. These semanticobjects are designed into FAST-MAP as the basic units for computation (programs),organization (knowledge base), and presentation (user interface).8.1.1. Semantic objectsThe basic computational unit in FAST-MAP is the genotyping experiment. A genotypingexperiment is defined by the gel and the lane it was loaded in, and the genetic marker used.In general, the semantic objects in FAST-MAP can be grouped into three categories:¥experimentative entities such as gels, lanes, and studies;¥genetic entities such as markers, panels, dyes, and size standards; and¥sampling entities such as individuals and pedigrees30.Figure8.1showstherelationshipsbetweenthesemanticobjectsinFAST-MAP.Thesemanticobjectsarerelatedhereviathe"set_of"relationshipandthe"has_attribute"relationship.Theyprovideadirectandintuitivemappingbetweenthedatastructuresmanipulatedbythecomputer,andtheactualentitiesintheuser’sworld.Thissemanticconnectionbetweenuserandcomputerisessentialforusabilityinanon-computerdomain.

30An important characteristic of FAST-MAP is that no pedigree information is used to call the alleles �bottom-up computational strategies alone suffice for accurate allele calling. Pedigree information is usedsolely in FAST-MAP’s user interface for presenting genotyping results for user verification.

167genotyping experimentgelstudylanemarkersize standard

panel dye individual

pedigree

experimentative entitiesgenetic entitiessampling entities

set_ofset_ofset_ofset_ofhas_attrhas_attrhas_attr

has_attr

has_attr has_attr

Legend

has_attrAAB

set_of�A is a set of B� �A has attribute B � B Figure 8.1. Semantic objects in FAST-MAP. The basic computational unit is the"genotyping experiment" semantic object. The other semantic objects are categorized underthree groups: experimentative, genetic, and sampling entities. The semantic objects arerelated via the "set_of" relation and the "has_attribute" relation.8.1.2. Core programsFor practical genotyping, FAST-MAP includes a comprehensive set of programs for dataanalysis, visual display, and result outputs. This section describes the computationalengine of FAST-MAP � the core programs, which implement the various algorithmsdiscussed in the previous chapters. The other FAST-MAP programs are discussed inAppendix D, as well as in the FAST-MAP user manual.TasksLet us recapitulate the three requisite tasks for scoring microsatellite genotyping data:1.Data retrieval: This undoes the multidimensional multiplexing by extracting the gelimages and applying a coordinate transformation function:a : <x, y> pixels « <lane, size> points

168which maps image pixels into molecular units. a ’s data structure is a sizing gridconstructed from MW data;2.Data quantitation: This discretizes the continuous intensity signals into individual stutterbands. These bands are binned with integer allele labels, and quantitated with theirrelative DNA concentrations:b : image data + sizing grid a fi {<bp, concentration>}3.Data deconvolution: This eliminates stutter bands from the quantitated data bydeconvolution:g : {<bp, concentration>} + genotyping library fi genotypesusing automatically constructed genotyping libraries.Electrophoretic gelsize standards imagegenetic marker image

CONSTRUCT_GRIDEXTRACT_IMAGE

Genotypesmarker libraryquantitation

DECONVOLVE_GENOTYPECONSTRUCT_LIBRARY

sizing gridQUANTITATE_BANDSTUTTER_CRAWL

Figure 8.2. The data flow of the automated genotyping algorithms. First,EXTRACT_IMAGEextractsgelimagesfromarawelectrophoreticgel.EXTRACT_IMAGEisspecifictotheDNAsequencer.Next,CONSTRUCT_GRIDbuildsasizinggridfromthesizestandardsdata,whichcanbeusedtoretrievemarkerdataforquantitationwithSTUTTER_CRAWLandQUANTITATE_BAND.UsingthemarkerlibrariesconstructedbyCONSTRUCT_LIBRARY,thesequantitateddataarethengenotypedusingDECONVOLVE_GENOTYPE.Allthesealgorithms(exceptEXTRACT_IMAGE) have been discussed in Chapters 4, 5, and 6.

169We discussed algorithms for handling the three genotyping tasks in Chapters 4, 5, and 6.For data retrieval, we use CONSTRUCT_GRID (Chapter 4); for data quantitation, we useSTUTTER_CRAWL and QUANTITATE_BAND (Chapter 5); for data deconvolution, weuse CONSTRUCT_LIBRARY and DECONVOLVE_GENOTYPE (Chapter 6). Figure8.2 shows the relationship between these algorithms, together with EXTRACT_IMAGE, adye separation step that is usually provided by the DNA sequencers for data retrieval.ProgramsCorresponding to the data flow presented in Figure 8.2 are three core programs in FAST-MAP (See Figure 8.3):Electrophoretic gelsize standards imagegenetic marker image

image_callprep_call

Genotypesallele_call

sizing grid

Figure 8.3.

prep_call, which prepares sequencer-specific gel data for FAST-MAP byextracting gel images from the raw data, image_call, which constructs the sizing grid, andallele_call, which calls the alleles for every genotyping experiment on the gel.¥prep_call: The program prep_call implements the sequencer-specific image extraction(EXTRACT_IMAGE) step. It extracts the image data from the raw gel files generatedby different DNA sequencers, and converts the extracted images into a standard format.Since prep_call can easily be extended to handle data from new sequencers, FAST-MAP is not restricted to any particular DNA sequencer or data format.¥image_call: The program image_call implements the construction of the sizing grid(CONSTRUCT_GRID), which performs lane tracking and MW calibration (Chapter4). The MW sizing grid provides a two-way mapping a between the observed image

170pixel (x, y)-coordinates and the expected (lane, base pair)-coordinates. With the sizinggrid, the computer automatically extracts the electrophoretic intensity profiles for everylane and fluorescent dye in a gel, reducing the problem from parsing a complex two-dimensional image into analyzing one-dimensional profiles.¥allele_call: The program allele_call is FAST-MAP’s workhorse module. It performsdata quantitation and genotyping (both b and g ). For consistent sizing, the programbins all the data bands across multiple gels and assigns internal size labels usingSTUTTER_CRAWL. The program then quantitates the data bands by finding the bestfit between the observed data and the predicted modeling of the bands in theelectropherogram. When the data bands from a genotyping experiment are quantitated,allele_call applies the marker’s stutter and relative amplification information to call thealleles using DECONVOLVE_GENOTYPE. The marker libraries are dynamicallylearned (CONSTRUCT_LIBRARY) by the computer over multiple gels sharing thesame marker panel.Computation in FAST-MAP is demand-driven; a program automatically calls theappropriate precursor program if any intermediate results required by its computation arenot available. That is, in terms of the tasks handled by the programs, each of the coreprograms "subsumes" the program before it:prep_call � image_call � allele_callwhere "� " denotes proper subset inclusion.For example, if we apply the program image_call on a gel that has not been dye-separated,image_call will automatically invoke prep_call to extract the gel images before constructingthe sizing grid. Thus, for fully automated processing of high quality data, one can simplyinvoke the allele_call program.8.1.3. Knowledge baseWhile the core programs provide computational engines for FAST-MAP, the actualcomputation is directed by information in FAST-MAP’s knowledge base. There are threetypes of information used:

171¥global domain knowledge: this is general information about genetic entities, such as thepossible size range of a marker’s alleles, or the molecular sizes (in bp) of the DNAfragments in a MW size standard;¥specific data knowledge: this is specific information about genetic experiments, such asthe loading pattern of a gel, or the list of component gels in a study.¥pattern matching knowledge: this is pattern-matching knowledge that FAST-MAP haslearned from the data it has processed. This learned information includes (a) marker-and allele-specific stutter patterns, (b) relative amplifications, and (c) binninginformation.Figure 8.4 depicts the information sources forming FAST-MAP’s knowledge.D2S145marker genotyping libraries

D22S389

D6S871

D2S145

D22S389

D6S871

marker

bining

libraries

GS350

GS500

BVMap MW bining

librariesFAST-MAP LIBRARIESdyesmarkerspanelssize_stdsglobal

domain

knowledge

USER FILESgel layoutsettingsstudy layoutspecificdataknowledge

INPUT FILES

Figure 8.4. FAST-MAP’s knowledge base. There are three different sources ofinformation:the"userfiles"provideglobalgeneralknowledgeaboutthegeneticdomain,the"inputfiles"providespecificinformationaboutthegeneticexperiments,andthe"libraryfiles"providepatternmatchinginformationlearnedbyFAST-MAPfromprocessingprevious data.

172Global domain knowledgeTo search the MW bands in size standard data, FAST-MAP minimally needs to know theDNA fragment sizes used in the size standard. To genotype microsatellite markers, FAST-MAP needs to know general characteristics of the markers, such as which fluorescent dyeis tagged on the marker, the size range of possible alleles, and the number of base pairs in arepeat unit. This general knowledge of genetic entities is supplied by the user to FAST-MAP by annotating a shared database of genetic knowledge called the user files:¥dyes: contains aliases for the various fluorescent dye names used in the sequencers, forexample:

dye_name aliases bluefam greentet yellowhex redtam tamra rox

¥size_stds: contains information about the size standards, such as the dye tagging theDNA fragments, and the sizes of these fragments. For example:

name dye sizes

% Genescan 500

GS500 TAM 35 50 75 100 139 ... 400 450 490 500

% Bioventure’s 20-bp ladder

BVMap TAM 70 80 90 100 120 140 ... 360 380 400

173¥markers: contains genetic microsatellite marker information, such as allele size range,fluorescent dye, repeat type, and whether there has been any special experimentalhandling. For example:

name minmaxdyerepeat plusA ladder

% Markers for "panel1"

%p1m1103161FAM2enhanceyes p1m2316366FAM2enhanceyes p1m3176224HEX2enhanceyes p1m4290326HEX2enhanceyes p1m5178238TET2enhanceyes

¥panels: contains definitions of panel names. Each marker panel is defined by a list ofgenetic markers used in that panel. For example:

markers panel1p1m1 p1m2 p1m3 p1m4 p1m5 panel1ap1m1 p1m2

There are other user files that contain global (but non-genetic) information. For a completelist of the user files and their detailed descriptions, please see Appendix B.1.Specific data knowledgeWhen human genotypers call alleles on gel data, in addition to using general geneticknowledge, they also apply considerable contextual information, such as the design of thestudy and the layout of the marker multiplexing. Similarly, the allele_call computerprogram needs such information for automated genotyping.In FAST-MAP, the user supplies specific data knowledge by providing input files thatannotate each gel or study. For a gel, there are two user-annotated input files:

174¥settings: contains gel-specific annotations and execution preferences. For example:

attribute value

%Section 1. Gel-specific settings.

%Gel_file_name R211a.gel

Matrix_file_name MATR211

Sample_file_name R211a.samples

Sequencer_type ABI

Number_of_lanes 34

Size_standard BVMap

Min_size_standard 70

Max_size_standard 400

Panel_name panel1

Experiment_condition

Noise_threshold 50

%Section 2. Program animation settings

%Verbose_mode_on yes

Show_plots no

%Section 3. Allele_call settings

%Redo_import_planes no

Redo_manifold no

Redo_quantitation no

Redo_allele_calling no

Analyze_noisy_data yes

%Section 4. Allele_results settings

%Output_noise_genotypesno

Output_sort_by markers

Latest_sample_only no

Round_evenly_spacedno

%Section 5. Allele_view settings

%Prioritize_results worst_first

%Section 6. Marker_view settings

%Lanes_per_view 5

%Section 7. Allele_printout settings

%Send_to_printer yes

Show_figure no

Rows_per_page 4

Columns_per_page 2

Include_electro_plots no

175¥layout: tells FAST-MAP the design of the gel readout experiment � where to find theindividual genotype experiments on the gel. This information tells FAST-MAPwhether a lane is loaded, and (if so) with which panel and size standard;

lanesample panel size_std

1ped01P1panel1BVMap

2ped01P2panel1BVMap

3ped01C1panel1BVMap

4ped01C2panel1BVMap

5ped01C3panel1BVMap

6ped01C4panel1BVMap

7ped01C5panel1BVMap

8ped02P1panel1BVMap

9ped02P2panel1BVMap

10ped02C1panel1BVMap

...32ped05C4panel1BVMap

33blankblankblank

34blankblankblank

For each study, there are two user-annotated input files:¥settings: contains study-specific execution preferences similar to those in a gel’s"settings" file;¥layout: contains a list of nicknames of the study’s component gels, such as:

gel% Gels for panel1 study

%GEL1% 4/15/97, Ped01-Ped06

GEL2% 4/16/97, Ped06-Ped11

GEL3% 4/18/97, Ped12-Ped17

For a detailed description of the input files of gels and studies, please see Appendix B.2.Pattern matching knowledgeWhen microsatellite markers are PCR amplified and size separated under the sameexperimental conditions, the band patterns and artifacts are reproducible. Thus, thereproducible patterns of prior experiments can be used to computationally remove such

176artifacts from subsequent experiments. In FAST-MAP, this pattern-matching knowledge isautomatically learned and compiled into internal files called libraries. As FAST-MAPprocesses more data, it augments the appropriate library files with additional patternmatching information to improve the accuracy of its predicted patterns.As shown in Figure 8.4, there are three types of libraries maintained by FAST-MAP:¥MW binning libraries: these contain the relative pixel locations of the MW bands foundon previous gels. FAST-MAP uses this information to construct expectations of whereto find MW bands on a new gel;¥marker binning libraries: these contain the relative pixel information on markers thatFAST-MAP has learned from analyzing previous gels. FAST-MAP uses this binninginformation to guide its search for marker bands on the current gel, and to assignconsistent integer allele labels to detected marker bands;¥marker genotyping libraries: these contain information on stutter patterns and relativeamplification ratios observed from previously analyzed marker data, which FAST-MAPuses to deconvolve genotype data into alleles.Appendix C describes the various library files in detail.

1778.1.4. User interfaceWhile it is FAST-MAP’s primary goal to fully automate microsatellite genotyping, it isequally important to allow for user interaction, verification, and assistance when the dataare less than perfect. Instead of a system which processes data fully autonomously (andperhaps autocratically) from beginning to end, we provide optional "checkpoints" in FAST-MAP between major computation steps. At these checkpoints, the user can verify andrepair intermediate results, if necessary:

prep_call prep_view → image_call image_viewmar ker_view → allele_call allele_viewfamily_view → results

Because of the visual nature of the genotyping task, we provide graphical user interfaces31at each checkpoint to facilitate data review and editing:¥prep_view: this program allows the user to preview the extracted gel image and verifythat the layout information supplied to FAST-MAP is accurate. The user can also assistFAST-MAP by pruning confusing regions (e.g., primer regions) away from the gelimage;¥image_view: this program allows the user to quickly verify the accuracy of the sizinggrid constructed by image_call by viewing the sizing grid overlaid on top of the sizestandards image. If the computer made some mistakes, the user can repair the grid;¥marker_view: this program allows the user to view the allele size windows of themarkers on a gel at a single glance. The user can quickly verify that the markerinformation supplied to FAST-MAP is correct. If not, the user can repair bygraphically expanding or contracting the allele windows;¥allele_view: this program graphically visualizes allele_call’s genotyping results. Theuser can repair the computer’s mistakes by editing erroneous genotypes;¥family_view: when supplemental pedigree information is provided, allele_view canprovide family_view functionality. The user can view the genotypes of all individualsin a family displayed in one window, even when the corresponding genotyping 31FAST-MAP’s data viewing and editing graphical interfaces were implemented by Nandita Mukhopadhyay.

178experiments are on different gels. This turns out to be a very useful tool for quickly(visually) detecting non-Mendelian inheritance.We detail these viewing programs later on with an example in Section 8.3.8.2. ImplementationFAST-MAP requires (1) high performance numeric computation for its core programs, (2)fast data retrieval for its knowledge base, (3) efficient graphic visualization for its userinterface, and (4) computer platform independence for its system portability. To satisfythese requirements, we implemented FAST-MAP in the MATLAB computing environment(MathWorks, 1993)32.MATLABisahighperformancecomputingenvironmentthatintegratesnumericalanalysis,matrixcomputation,signalprocessing,andgraphicsrendering. Moreover, MATLAB is platform-independent, and runs on UNIX, Macintosh,and PC systems.Fast data retrievalTo attain fast data retrieval for FAST-MAP’s large (and increasing) knowledge base, weadopted a two-prong approach:1.Frequently used data (such as the global domain knowledge stored in the "user files")are loaded into memory as part of FAST-MAP’s operating environment. This allowsrapid access directly from the system’s RAM, instead of from the user files. However,this implementation also requires extra effort to maintain consistency between thesystem’s environment and the actual contents in the user files, since the user candynamically update the contents of the user files. To detect user updates, we providedthe user with an internal "edit" function.2.Less frequently used data (such as the amount of display data for the genotypingexperiments) are not loaded into the system because of memory limitations. Tofacilitate rapid access from data files, FAST-MAP’s processing decomposes the displaydata into the smallest possible units, and stores the units as separate small files indexed

32As of this writing, FAST-MAP is implemented in MATLAB v4.2c.

179by descriptive file names. Indexing by these file names emulates pseudo-randomaccessing with direct file retrievals.Demand-driven computationTo implement demand-driven computation, FAST-MAP continually stores the partialresults in small files (uniquely named for rapid retrieval) as the computation proceeds. Byincrementally saving the partial state of the computation, FAST-MAP allows the user to halta long-running analysis at any point, and resume from where it left off without losingpreviously computed partial results.Programming language-specific optimizationsFAST-MAP is computationally intensive, and requires efficient algorithm implementations.Many of the algorithms (e.g. SVD deconvolution) are naturally specified as matrixcomputations, and MATLAB is highly optimized for such matrix processing. For otheralgorithms, simple algorithmic optimizations that cater to the matrix-based computation inMATLAB bring about significant improvements in performance. For example, using radixsearch (which takes advantage of the fixed-width characteristic of items stored in a matrix)and vectorizing the code has yielded significant system speed-ups.

1808.3. ExecutionAfter setting up a study (say, STUDY1) for analysis in FAST-MAP, we can process thedata in a single step, by typing:>> allele_call STUDY1FAST-MAP would then perform the necessary automatic lane/size calibration andgenotyping without interruption. This fully-automated "single-step" mode is suitable forhigh-throughput centers that routinely generate high quality gel data.With less-than-perfect data, it is worthwhile to verify partial results at various FAST-MAPcheckpoints. By repairing any errors in the intermediate results using FAST-MAP’sgraphical viewing programs, the user can avoid unnecessary re-computations and improvethe quality of the final genotyping results.The best sequence in which to run the FAST-MAP programs depend on the availability ofcertain data and knowledge33.Figure8.5depictsthedependencychartforatypicalscenario of processing gels with "standard" markers (i.e., markers we have analyzedbefore).Thedependencychartisdividedintotwosections,anobligatory "calling" sectionand an optional "viewing" section. The obligatory section is shown in the upper half of thefigure, with the suggested calling sequence of:prep_call fi image_call fi allele_call

33In TrueAllele“, the commercial successor to FAST-MAP, the dependency between the programs isautomaticallygeneratedandcustomizedbasedontheparticularscenario.Thisdependencyrelationshipispresented as a flow chart consisting of clickable buttons to direct the user to invoke programs in the bestsequence.

181 182 183ExampleFor discussion, let us go through the multiple steps in analyzing the demonstration gel (thatwe include with the FAST-MAP package) in the cautious mode. First, we invoke theprogram prep_call to extract the gel images from the input gel file (demo.gel) into asequencer-independent format. Here is a trace of the program on demo.gel:demo.gel: prep_call [4-Dec-97 12:16:36]--------Image file demo.gel is an ABI/377 collection file (version 2.00).demo.gel is a 5720 x 194 gel with 4 dye planes.Reading gel data from demo.gel..........................:.:.:.:.Done.Adjusting image contrast........Done.This image conversion step typically takes about several minutes to complete, and itprepares the image for viewing in FAST-MAP using the prep_view interface (Figure 8.7).There are three things that the user can do in prep_view that can help FAST-MAP in itssubsequent processing:(1) Cropping the extraneous regions of the gel image (e.g. the primer region) by setting theminimum and/or maximum scan numbers;(2) Verifying the actual range of molecular weight standards captured on the gel; and(3) Confirming that the loaded lanes specified in the gel’s layout file is correct.For example, to crop away the primer region (the bright bands at the bottom of the gelshown in Figure 8.7), the user can click on the "Min Scan" button in the prep_viewwindow. In a zoomed-in image (shown in Figure 8.8), the user can then define theminimum scan line for the gel by simple mouse clicks. This lets FAST-MAP ignore the gelregion below the specified minimum scan line, hence avoiding the distractingly brightprimer bands when calibrating the MW bands.

184 185Once we have verified that the gel is of good quality, and have confirmed that the sizinginformation supplied to FAST-MAP is correct, FAST-MAP can proceed with its automaticsizing grid construction in the program image_call:demo.gel: Image_call [4-Dec-97 12:23:46]--------Reading image data for dye 4...Done.Scanning for gel lanes.......___+++++.::::Done.Scanning for size std bands....______+++++++...::::::::::::::::Done.Refining MW peaks ...................................Done.Computing pixel-to-bp calibration ............................Done.Saving size calibration....................................Done.Reading image data for dye 1...Done.Converting image to profiles...............................Done.Reading image data for dye 2...Done.Converting image to profiles...............................Done.Reading image data for dye 3...Done.Converting image to profiles...............................Done.Reading image data for dye 4...Done.Converting image to profiles...............................Done.As shown in the program trace above, FAST-MAP first tracks the lanes, and then performsMW size calibration on each lane. When the MW sizing grid is constructed, the user canuse the interface image_view to verify that the sizing grid is correct, and repair anymistakes that may have been made by FAST-MAP. Figure 8.9 shows the sizing gridconstructed by FAST-MAP on demo.gel as viewed in image_view.

186Typically, if we are running a marker panel for the first time, we would obtain the initialallele windows from public databases (e.g. the CEPH database), which may not include allthe alleles in the samples for our study. Since FAST-MAP relies on the allele windowinformation for extracting data from electropherograms for analysis, it is important to makesure that the marker information supplied to FAST-MAP is accurate. The user can use themarker_view interface to quickly scan through the markers on the gels in a study, anddefine correct allele windows. Figure 8.10 shows the marker_view interface for one of themarkers on demo.gel. 187Marker D50S238 (1 of 5 markers in CHROM50): [4-Dec-97 12:40:07]------Scanning demo.gel for marker windows............................Done.Scanning demo.gel for marker bands..............................Done.Binning marker bands........................................Done.Quantitating D50S238 demo.gel lane 1.....a.b..Done.Quantitating D50S238 demo.gel lane 2.....a.b.a.b..Done.Quantitating D50S238 demo.gel lane 3.....a.b.a.b..Done.Quantitating D50S238 demo.gel lane 4.....a.b.a.b..Done.Quantitating D50S238 demo.gel lane 5.....a.b.a.b..Done.Quantitating D50S238 demo.gel lane 6.....a.b.a.b..Done.Quantitating D50S238 demo.gel lane 7.....a.b.a.b..Done.Quantitating D50S238 demo.gel lane 8.....a.b.a.b..Done.Quantitating D50S238 demo.gel lane 9.....a.b..Done.Quantitating D50S238 demo.gel lane 10.....a.b.a.b..Done.Quantitating D50S238 demo.gel lane 11.....a.b..Done.Quantitating D50S238 demo.gel lane 12.....a.b.a.b..Done.Quantitating D50S238 demo.gel lane 13.....a.b.a.b..Done.Quantitating D50S238 demo.gel lane 14.....a.b..Done.Quantitating D50S238 demo.gel lane 15.....a.b.a.b..Done.Quantitating D50S238 demo.gel lane 16.....a.b.a.b..Done.Quantitating D50S238 demo.gel lane 17.....a.b.a.b..Done.Quantitating D50S238 demo.gel lane 18.....a.b.a.b..Done.Quantitating D50S238 demo.gel lane 19.....a.b.a.b..Done.Quantitating D50S238 demo.gel lane 20.....a.b.a.b..Done.Quantitating D50S238 demo.gel lane 21.....a.b.a.b..Done.Quantitating D50S238 demo.gel lane 22.....a.b..Done.Quantitating D50S238 demo.gel lane 23.....a.b..Done.Quantitating D50S238 demo.gel lane 24.....a.b.a.b..Done.Quantitating D50S238 demo.gel lane 25.....a.b.a.b..Done.Quantitating D50S238 demo.gel lane 26.....a.b..Done.Quantitating D50S238 demo.gel lane 27.....a.b.a.b..Done.Quantitating D50S238 demo.gel lane 28.....a.b.a.b..Done.Quantitating D50S238 demo.gel lane 29.....a.b.a.b..Done.Quantitating D50S238 demo.gel lane 30.....a.b.a.b.a.b..Done.Quantitating D50S238 demo.gel lane 31.....a.b.a.b..Done.Quantitating D50S238 demo.gel lane 32.....a.b.a.b.a.b..Done.Estimating genotypes...........................................................................................Done.Using the following 23 estimated genotypes to construct initialstutter library for D50S238: demo.gel Lane 1 : <139, 139> (qual = 0.94) demo.gel Lane 5 : <139, 141> (qual = 0.95) demo.gel Lane 6 : <141, 153> (qual = 0.93) demo.gel Lane 8 : <141, 141> (qual = 0.94) demo.gel Lane 9 : <121, 139> (qual = 0.92) demo.gel Lane 11 : <141, 143> (qual = 0.94) demo.gel Lane 12 : <141, 143> (qual = 0.94) demo.gel Lane 13 : <141, 141> (qual = 0.93) demo.gel Lane 14 : <141, 141> (qual = 0.92) demo.gel Lane 15 : <141, 141> (qual = 0.95) demo.gel Lane 17 : <141, 141> (qual = 0.93) demo.gel Lane 18 : <141, 141> (qual = 0.95) demo.gel Lane 19 : <141, 141> (qual = 0.93) demo.gel Lane 20 : <141, 141> (qual = 0.95) demo.gel Lane 22 : <139, 139> (qual = 0.94)

188 demo.gel Lane 24 : <127, 139> (qual = 0.93) demo.gel Lane 25 : <137, 139> (qual = 0.96) demo.gel Lane 26 : <141, 143> (qual = 0.95) demo.gel Lane 27 : <141, 143> (qual = 0.94) demo.gel Lane 28 : <141, 143> (qual = 0.94) demo.gel Lane 29 : <143, 143> (qual = 0.94) demo.gel Lane 30 : <141, 141> (qual = 0.93) demo.gel Lane 32 : <141, 145> (qual = 0.95)Bootstrapping initial library A using estimated genotypes......................:.......................:...........................Done.Genotyping D50S238 demo.gel lane 1....Done.Genotyping D50S238 demo.gel lane 2....Done.Genotyping D50S238 demo.gel lane 3....Done.Genotyping D50S238 demo.gel lane 4....Done.Genotyping D50S238 demo.gel lane 5....Done.Genotyping D50S238 demo.gel lane 6....Done.Genotyping D50S238 demo.gel lane 7....Done.Genotyping D50S238 demo.gel lane 8....Done.Genotyping D50S238 demo.gel lane 9....Done.Genotyping D50S238 demo.gel lane 10....Done.Genotyping D50S238 demo.gel lane 11....Done.Genotyping D50S238 demo.gel lane 12....Done.Genotyping D50S238 demo.gel lane 13....Done.Genotyping D50S238 demo.gel lane 14....Done.Genotyping D50S238 demo.gel lane 15....Done.Genotyping D50S238 demo.gel lane 16....Done.Genotyping D50S238 demo.gel lane 17....Done.Genotyping D50S238 demo.gel lane 18....Done.Genotyping D50S238 demo.gel lane 19....Done.Genotyping D50S238 demo.gel lane 20....Done.Genotyping D50S238 demo.gel lane 21....Done.Genotyping D50S238 demo.gel lane 22....Done.Genotyping D50S238 demo.gel lane 23....Done.Genotyping D50S238 demo.gel lane 24....Done.Genotyping D50S238 demo.gel lane 25....Done.Genotyping D50S238 demo.gel lane 26....Done.Genotyping D50S238 demo.gel lane 27....Done.Genotyping D50S238 demo.gel lane 28....Done.Genotyping D50S238 demo.gel lane 29....Done.Genotyping D50S238 demo.gel lane 30....Done.Genotyping D50S238 demo.gel lane 31....Done.Genotyping D50S238 demo.gel lane 32....Done.Updating stutter library........................................Done.Done processing marker D50S238 at 4-Dec-97 13:01:34.(Note: D50S238 is marker 1 of 5 markers in panel CHROM50 for DEMO.)Marker D50S215 (2 of 5 markers in CHROM50): [4-Dec-97 13:01:34]------Scanning demo.gel for marker windows............................Done.Scanning demo.gel for marker bands..............................Done.Binning marker bands............................................Done.Quantitating D50S215 demo.gel lane 1.....a.b..Done.Quantitating D50S215 demo.gel lane 2.....a.b..Done.::

189Since the computer requires no further user attention in allele_call, the user can leave it toanalyze the data (say, overnight) unattended if there are many gels to be processed. On anApple Power Macintosh with a 266 MHz PowerPC“ G3 processor, the total time taken toprocess a 32-lane ABI gel with 5 markers (such as demo.gel) is about 45 minutes. Weshow, in Table 8.1, an approximate breakdown of the total time spent in processing thevarious computational tasks. As shown in the table, much of FAST-MAP’s computation(44%) was spent in quantitating the data bands, followed by determining the alleles (23%)and constructing the sizing grid (22%). Because of FAST-MAP’s highly quantitativeexpectation-based approach, the actual total running time is proportional to the quality ofthe gel data, and may vary from gel to gel.TaskProgramTimePercentage

Gel image extractionprep_call5 min/gel11 %

Sizing grid constructionimage_call10 min/gel22 %

Data band quantitationallele_call5-10 sec/experiment44 %

Allele determinationallele_call3-5 sec/experiment23 %

Total45 min/gel100 %

Table 8.1. Approximate FAST-MAP running times for a 32-lane 5-marker ABI gel (e.g.demo.gel) on an Apple Power G3/266 MHz Macintosh.When FAST-MAP has finished analyzing the data, the user can return to review the resultsusing the allele_view program. Because FAST-MAP uses expectation-based analysis, bycomparing the data with the expectations, the computer can reliably evaluate its own allelecalls. Therefore, in addition to calling the alleles, FAST-MAP assigns a confidencemeasure to each of its allele calls, and sorts the genotypes in terms of their confidencevalues. This intelligent sorting functionality allows the user to review the resultsselectively, rather than exhaustively. There are numerous sorting orders available inallele_view for the user to selectively review genotyping results (Figure 8.11). Forexample, the user may view the results in the "worst-first" order, reviewing just the datawith the most suspect results, and then stopping when the remaining data and resultsimprove.

190 191 192 193 194 195FAST-MAP does not use any pedigree information to call alleles. We leave familyinformation as an independent source for the user to verify and correct genotypes, ifnecessary. However, if the user supplies appropriate pedigree information to FAST-MAP,the computer can organize and display the results by family. To bring up a family windowshowing the electropherograms, quantitations, or genotypes for all individuals in a family(see Figures 8.16 to 8.18), the user clicks on the "Family" button in the allele_viewwindow. The family window shows the data and results of family members in a singlewindow, allowing the user to visually detect any non-Mendelian inheritance in thegenotypes, and correct them accordingly. The user can also click on the "Lanes" button(instead of the "Family" button) in the allele_view window to bring up a window showingthe data and results from multiple adjacent lanes (that are not sorted by family), as shown inFigure 8.19.

196 197 198 199

2019. ResultsSince its public release in July 1996, FAST-MAP has been used in academic researchlaboratories, national research institutions, and commercial genotyping centers worldwide.Many of our users downloaded the software from the FAST-MAP web site, and have beenindependently using FAST-MAP to score their data generated in their laboratories.Locally, our group alone has analyzed approximately 500 gels (contributed by our users) inthe twelve-month period from July 1996 to July 1997. By working closely with ourdiverse users (including internal users within our group), and extensively testing thesystem using real data, we were able to continually improve on FAST-MAP’scomputational engines and user interface, making it a truly practical and robust system formicrosatellite genotyping. We report here the results of FAST-MAP on representative setsof various types of data that we have analyzed with FAST-MAP.9.1. ABI dataThe ABI/373 and ABI/377 automated DNA sequencers manufactured by Perkin-Elmergenerate the vast majority of fluorescent-based microsatellite genotyping data. For thepurpose of system testing and developing, we have analyzed a selected set of about 50 ABIgels provided to us by our collaborators, predominantly by Dr. Soumitra Ghosh of theNIH FUSION34 project, and Gordon Bentley of gene/Networks, Inc. In this section, wereport on a comparison of our automated genotyping software results, versus ourcollaborators’ labor-intensive use of ABI’s Genotyper. Here, our comparisons were madeon a FUSION data subset. We will report the results from a data set provided by GordonBentleyatgene/Networks(amousephenomicscompany)inalatersectiononmousedata.For assessment, the FUSION group selected six typical ABI gels, three generated on anABI/373andthreefromanABI/377.Eachgelhad50lanes,andwasrunusingthesamepanel,panel 5, which consists of 13 dinucleotide repeat markers (see Table 9.1), for a totalof 3,900 experiments (102 uncallable alleles were not included in this analysis). TheFUSION group manually scored their data using ABI’s Genotyper as follows: first, twohuman experts independently reviewed and edited the alleles, using additional inheritance

34FUSION stands forFinland-U.S.InvestigationofNIDDM Genetics.

202processing to correct Mendelian inconsistencies when necessary; then, the experts met witheach other to review their individual allele scores and to reach a consensus on the genotypeson which they disagreed.markerdyeallele window (bp)repeat (bp)

D4S392FAM90 —1232

D3S1311FAM129 — 1582

D3S1565FAM168 — 1972

D4S406FAM230 — 2662

D3S1271HEX80 — 1042

D4S423HEX120 — 1522

D4S428HEX183 — 2092

D4S405HEX274 — 3042

D3S1285TET93 — 1132

D4S1534TET128 — 1642

D3S1263TET167 — 2142

D3S1614TET218 — 2582

D4S1597TET268 — 2982

Table 9.1. The markers in panel 5. A total of 13 dinucleotide markers are designed formultiplexedrun-outonasinglegel:4ofthemarkersinthepanelarelabeledwiththeFAMfluorescent dye, 4 with the HEX dye, and 5 with the TET dye.TheFUSIONgroupalsorananoldversionofFAST-MAPtoautomaticallycomputeanindependentsetofscores.TheycomparedtheoldFAST-MAPscoresagainsttheirownbycomparingtheallelesizedifferencesbetweenthetwomethodsofscoring.TheirresultsshowedtheoldFAST-MAPhavinga4.39%discrepancyraterelativetotheABI/373data,and a 1.06% discrepancy for the ABI/377.Using the six FUSION assessment gels, we refined FAST-MAP further, and we greatlyreduced its discrepancy rates to a 1.4% for the ABI/373 data, and a very low 0.3% rate forthecleanerABI/377data35.Table9.2showstheactualnumberofmiscallspermarkermadebyFAST-MAPversusthenumberofpost-Mendelianhumanedits.Inthiscase,theexquisitequantitativeandpattern-matchingmethodsinFAST-MAPenabledthecomputerto

35These results were obtained using TrueAllele“ v1.02. TrueAllele“ is the commercial successor ofF A S T - M A P .

203surpass manual scoring using only electrophoretic data without resorting to any pedigreeinformation.ABI/373ABI/377

markerno. ofmiscallsno. ofmiscalls genotypescomputerhumangenotypescomputerhuman

D4S3921464714701

D3S13111463114610

D3S156514615147124

D4S4061463914714

D3S12711430014601

D4S4231451014612

D4S4281450014600

D4S4051453014502

D3S12851463314601

D4S15341471014700

D3S126314611214704

D3S16141476214700

D4S15971461014720 total189427(1.4%)39(2.1%)19046(0.3%)39(2.1%)

Table 9.2. The number of miscalls made by the computer versus the number of post-MendelianeditsmadebythehumanexpertsonthesixFUSIONassessmentgels.Inaddition,FAST-MAPgeneratesbinned alleles in the genotypes which can be useddirectly as inputs to linkage analysis programs, whereas conventional genotyping softwaresuch as the ABI’s Genotyper outputs sizes interpolated from the MW sizing calibrationcurve as the alleles. These real-numbered sizes have to post-processed by rounding intointegral values for linkage analyses. We show in Table 9.3 the errors associated with directrounding of the MW-interpolated sizes, compared with the errors resulted from roundingoff our stutter-crawling adjusted sizes (which is how FAST-MAP generates the binnedintegral alleles in the genotypes). In the comparison, we assume that the alleles for each ofthe markers in panel 5 are evenly-spaced, so any alleles that do not fall on the markers’allelic ladders (because of rounding errors) are considered as miscalls. Our results showthat FAST-MAP’s stutter-crawling method drastically reduces the associated rounding

204errors, generating superior genotyping results with unambiguous integral alleleassignments.ABI/373ABI/377

markerno. ofoff allelic ladderno. ofoff allelic ladder genotypescomparedMWsizingstuttercrawlinggenotypescomparedMWsizingstuttercrawling

D4S39214678314760

D3S1311146610146830

D3S15651461014710

D4S4061466921471030

D3S1271143471146460

D4S4231450014660

D4S42814580146300

D4S405145920145420

D3S128514685414600

D4S15341471014760

D3S126314684014710

D3S1614147231147810

D4S1597146600147360 total1894609(32.2%)11(0.58%)1904441(23.2%)0(0.00%)

Table 9.3. The number of genotypes containing alleles that do not fall on an allelic ladder(e.g.anodd-evenallelepair).ThemiscallsassociatedwithroundingdirectlyfromtheMW-interpolatedsizesarecomparedwiththebinningerrorsusingFAST-MAP’sstutter-crawling method.Precise sizing of the allele bands is critical in size-polymorphic microsatellite markers �the subsequent linkage analyses depend directly on accurate and consistent alleleassignments in the genotypes. As a way to evaluate the reliability of FAST-MAP in itsallele assignments, we measure the "bin widths" of each allele category (or "bin"). Thewidth˚of an allele bin is defined as the expected absolute difference between the bin label(an integer) and the unrounded sizes of the allele bands assigned to the allele bin (i.e. theexpected rounding error). Since the final allele assignment depends on rounding the real-valued molecular sizes, a small bin width implies that the alleles can be assigned to theallele bin with little ambiguity. In Table 9.4, we compare the average bin widths of the

205markers in panel 5 using the interpolated sizes from the MW calibration curves, versus theadjusted sizes using the stutter-crawling method. Our results show that for the FUSIONgroup’s panel 5 data, stutter crawling reduces the average bin-widths from 0.25 bp to 0.19bp for ABI/373 data and from 0.24 bp to 0.12 bp for ABI/377 data.ABI/373ABI/377

markerbin width (bp)bin width (bp)

MWsizingstuttercrawlingMWsizingstuttercrawling

D4S3920.260.160.200.18

D3S13110.230.140.200.06

D3S15650.250.200.290.11

D4S4060.260.250.300.15

D3S12710.280.220.260.16

D4S4230.260.190.130.08

D4S4280.270.190.270.10

D4S4050.250.180.230.08

D3S12850.270.260.220.12

D4S15340.230.170.260.12

D3S12630.230.190.220.15

D3S16140.210.190.300.13

D4S15970.240.140.250.18 average0.250.190.240.12

Table 9.4. Average allele bin widths using sizes interpolated from MW calibrationcurves versus using sizes that were adjusted with stutter-crawling.AswehavepointedoutinChapter5,usingunadjustedsizesinterpolateddirectlyfromtheMWcalibrationcurvecancauseerrorsbecauseofthepotentialchemicaldifferencesbetweenthemarkerDNAandtheMWDNAused.WeshowinTable9.5theaveragesizeperrepeatcomputedfromthegradientofplottingtheactualinterpolatedMWsizesagainsttheassignedalleles(integers)foreachmarkerinpanel5. The results show that the MWsizes directly interpolated from the MW sizing grid range from 1.87 bp to 2.07 bp perrepeat, instead of the expected 2 bp per repeat (the markers are all dinucleotides). Thisdiscrepancy can cause miscalls such as the off-ladder errors in Table 9.3, as well asmiscalls that are on the allelic ladder, but are off by multiples of the marker’s repeat size(this usually happens for genotypes with alleles that are far apart). Let us take the marker

206D4S1597 as an example. According to Table 9.5, a genotype for D4S1597 having a pairof alleles that are 12 repeats apart (e.g., at 270 bp and 294 bp) will have a size difference ofonly 22.44 bp (12·1.87) between the alleles on an ABI/373 sequencer instead of theexpected 24 bp (12·2), if we used sizes interpolated from the MW grid directly. Thismeans that a genotype of (270 bp, 294 bp) for D4S1597 may have interpolated sizes of,say, (270 bp, 292.44 bp), which, when rounded, gives an erroneous (270 bp, 292 bp) asthe genotype. In FAST-MAP, this problem is solved by locally adjusting the sizing gridusing the actual marker data on the gels. The stutter crawling approach adapts the MWsizing grid to conform to the actual 2 bp-per-repeat ladder. Indeed, as shown in Table 9.5,the expected size per repeat after adjustment by stutter crawling is 2 bp per repeat for everymarker in panel 5.ABI/373ABI/377

markersize per repeat (bp)size per repeat (bp)

MWsizingstuttercrawlingMWsizingstuttercrawling

D4S3921.911.991.972.00

D3S13112.062.002.062.00

D3S15651.911.991.962.00

D4S4061.931.991.951.99

D3S12712.072.001.942.00

D4S4232.022.002.032.00

D4S4281.952.001.941.99

D4S4051.912.001.902.00

D3S12851.951.991.982.00

D4S15342.061.992.012.00

D3S12631.942.001.952.00

D3S16141.962.001.962.00

D4S15971.872.001.912.00

Table 9.5. Sizes per repeat using interpolated sizes from the original MW sizing gridsversususinginterpolatedsizesfromsizinggridsadjustedbystuttercrawling.Asthemarkersinpanel 5 are all dinucleotides, the expected size per repeat for each marker is 2bp.

2079.2. Pharmacia dataThe Pharmacia ALF system is another widely used automated DNA sequencer. Because itis a

single dye system, high density internal size standards such as those in the ABImachines are not supported. The ALF also may have more limited base pair resolution thancompeting DNA sequencers. However, the gels do run very straight, which permitsautomatic lane detection into 1D electropherogram signals during signal acquisition,without any intermediate 2D imaging step. In collaboration with Drs. Michael Gorin,Robert Ferrell, and Daniel Weeks at the University of Pittsburgh, we reviewed over 400Pharmacia genotyping gels for their retinal genetics project. We report here a comparisonof our automated genotyping software results, versus our collaborator’s labor-intensive anderror-prone results using the ALF software.Over 6-9 months, our collaborators generated Pharmacia ALF gels containing 40 lanes pergel using panels containing 2 to 5 tetra- (and other) nucleotide repeat markers. They scoredthese data, and performed initial statistical analyses on their allele calls, including:¥a comparison of allele frequencies for each marker in their ALF data, versus thereported Cooperative Human Linkage Center (CHLC) frequencies; and¥a chi-square analysis for expected degree of allele homozygosity.These initial analyses revealed a very large allele scoring error (for some markers, in excessof 90%), indicating that the gels had to be rescored. As a three-week project, we rapidlyadapted FAST-MAP to handle ALF data, and helped to rescore over 150 key ALF gelswithin the time allotted.In the first week, we developed custom user interfaces for sizing in ALF data. Most of ourcollaborators’ data differed from the ABI data (that FAST-MAP was designed for) in twoways:(a)only two widely separated size standards (e.g. at 100 bp and 500 bp) were used,giving a low local sizing resolution that was inadequate for the 4 bp separation fortheir tetranucleotide markers; and(b)the size standards were size separated together with the marker DNA in every lane (ina single dye), with the result that one size standard was typically buried in the geneticmarker data.

208To solve the problem of low sizing resolution, we extended our expectation-basedapproach by pre-constructing a refined MW binning library using gels loaded with a 50-bpsizing ladder36.Thispre-calibratedMWbinninglibrarywasthenusedtopredictthenon-loaded sizing bands on the gels that only ran two size standards. With these pre-calibratedexpectations stored in the MW binning library, we were able to achieve an effective 50-bpsizing resolution, even on gels with only two size standards that were 500 bp apart.The second problem of distinguishing the size standard data that were buried in the geneticmarker data was much more difficult to solve computationally without user assistance. Toachieve our primary goal of attaining the best results possible in a short period of time, wedecided to incorporate user assistance in helping the computer decipher the data. We addeda powerful "snap-to" user interface to FAST-MAP that allowed the operator to click ononly a few of the (visible) size standards to give the computer some information aboutwhere the size standards are. By exploiting the horizontal continuity of size standardsbetween lanes, the computer horizontally interpolated between the lanes (by intelligent peakfinding), and automatically filled in the size standard bands for all the lanes, as shown inFigure 9.1. The computer then used the pre-calibrated MW binning libraries to verticallyinterpolate

within the lanes, rapidly establishing highly accurate internal lane sizing fromthe available data.

36This was the highest sizing resolution available in their data.

209 210We were able to rapidly adapt FAST-MAP to process qualitatively different genotyping geldata in less than a week. We attribute this success to FAST-MAP’s highly modular userinterface and computational engine. In the second and third weeks of our project, weworked closely with our collaborators and succeeded in scoring the 170 ALF gels that theyneeded for their deadline. We continued working with them to reach a total of over 400scored ALF gels over the following month, after which our collaborators continued to useFAST-MAP to score their gels on their own.To evaluate the quality of FAST-MAP’s allele scoring on the ALF data, we compared theallele frequencies for the expected CHLC versus the observed ALF and FAST-MAP callsfor many of the markers analyzed. In Figure 9.2, we plot the comparison for one of themarkers, showing that the ALF calls did not fit the expected allele distribution, whereas theFAST-MAP scorings did. In fact, for the marker shown, the homozygosity chi-squarevalues for the ALF and FAST-MAP scorings were 186 and 3, respectively. Overall, thehomozygosity chi-square values for the FAST-MAP scorings were consistent with theexpected CHLC allele distributions (Figure 9.3). The ALF vs. CHLC allele frequencycomparison data suggested to our collaborators that they had a scoring problem. TheFAST-MAP vs. CHLC frequency comparison data reassured them that FAST-MAP’sautomated scoring was reasonably accurate.

211

00.050.10.150.20.250.30.350.4123456789101112allele

frequency

CHLC ALF FAST-MAPFigure 9.2 A comparison of CHLC, ALF, and FAST-MAP allele distributions for atetranucleotiderepeatmarker.

0.010.11101001357911131517192123252729marker log(chi-square)

Series1Figure 9.3. The logarithm of the homozygosity chi-square value (FAST-MAP scoringvs. CHLC allele distribution), plotted in rank order for FAST-MAP scoring of 30 CHLCmarkers.

2129.3. Mouse dataThe mouse, a genetic relative of humans, is an indispensable model organism for theinvestigation of the genetic mechanisms in human diseases. The power of mouse geneticsis mostly derived from using inbred (genetically "pure") strains of mice for cross-breeding37.Aninbredmousestrainproducesamonoallelicsystem—eachmarkerishomozygoticforpreciselyoneallele.Crossesbetweeninbredstrainsresultinanelegantbiallelic system which is very useful for the study of inherited complex diseases.Our collaborator Gordon Bentley at gene/Networks (a mouse phenomics company)generated such backcross genotyping data using microsatellite markers on ABI/377sequencers. In the study described here, two sets of mouse samples were used, namedMOUSE1 and MOUSE2. MOUSE1 and MOUSE2 each have 96 samples. A total of 12mouse microsatellite marker panels were studied with each sample set. For each markerpanel, PCR products of all 96 samples (from either MOUSE1 or MOUSE2) were loadedonto two ABI/XL gels, with 48 samples on each gel. This compact experimental setupproduced a total of 48 XL gels (16,128 genotypes) for the two sets of mouse samples andall the twelve marker panels (84 distinct dinucleotide markers38).WeshowsomeofthemouseelectropherogramsinFigure9.4toillustratethewiderangeofstutterpatternsinthedata.Althoughtherewasgreatdiversityinthestutterpatternsobservedinthe84mousemarkers,thesestutterpatternswerenotdissimilarfromthoseencounteredinhumandata.Assuch,weexpectedFAST-MAPtoanalyzethemousedatawithoutanysystemmodifications.

37The short breeding time (21-day gestation) of mice allows geneticists to rapidly generate unlimitednumbers of offspring in the laboratories.38There were actually 91 markers, but 7 of them did not amplify and were discarded from the analysis.

213 214We ran FAST-MAP unmodified on the 48 gels of mouse data provided to us by ourcollaborator. For evaluation purposes, we did not allow FAST-MAP to exploit the bialleliccharacteristic of the mouse data to help in calling the alleles. This artificial limitationallowed us to assess two FAST-MAP features:(a)its precise sizing to consistentlyaligntheallelesfromlanetolane,aswellasgeltogel(since the samples were loaded across two separate gels), and(b)its

stutterremovaltoaccuratelycallonlytwodistinctallelesforeachmarkerinthebiallelicmousesystem.Figures 9.5(a,b,c) show how FAST-MAP accurately called the alleles in the mouse datawithoutimposinganybiallelicconstraints.

215 216 217 218We evaluated FAST-MAP’s performance in the mouse data by measuring the number ofgenotypes called by FAST-MAP that violated the biallelic constraint. A marker genotypecalled by FAST-MAP that includes a third allele is considered a miscall, since there wouldonly be two possible alleles if all the data (96 genotypes for each sample set) for the markerhad been called correctly39.Number of genotypesNumber of markers

withbiallelicconflictsMOUSE1MOUSE2

02228

1189

2773574315316 to 1088

11 to 2049

21 to 3023

31 to 4025

41 to 5063

51 to 6020

61 to 7012

71 to 8010

81 to 9001

91 to 9600 total no. of markers8484Table 9.6. Number of markers in each mouse sample set classified by the number ofgenotypescalledbyFAST-MAPwithbiallelicconflicts.Table9.6showsthenumberofmarkerswithbiallelicconflictsinthegenotypescalledbyFAST-MAP.Theresultsshowthat,withoutanymodificationstohandlebiallelicmousedata,FAST-MAPwasabletotype22outofthe84markersinMOUSE1,and28outof

39Note that the converse is not true: perfect biallelism in the called alleles does not necessarily implyaccurateallelecalls.Errorssuchashomozygotescalledasheterozygotes(andviceversa)arenotaccountedfor in our biallelism comparisons. Thus, the biallelism results presented here should be considered as anupper bound on FAST-MAP’s performance on this set of mouse data.

219the 84 markers in MOUSE2, with perfect biallelic allele calls. As summarized in the chartsin Figure 9.5, at least two-thirds of the 84 markers had close to perfect (0 to 5 errors)biallelic allele calls.

220 2219.4. Pooled DNA dataIn Chapter 7, we described how our deconvolution methods enabled a useful newfunctionality called pooled microsatellite genotyping.¥By pooling together the DNA from many (e.g., 10-100) individuals in equimolarratios, and PCR amplifying with a single genetic marker, allele frequency data can begenerated;¥Estimates of the allele frequency in the pooled population can then be determined usingour deconvolution methods to effectively eliminate underlying PCR stutter in the pooleddata.The pooled DNA approach is attractive because it can potentially reduce the number ofrequired experiments 10-100 fold. For example, a single PCR amplification and sizing of apool of 100 individuals reduces 100-fold the work to amplify and size each individualseparately. Chapter 7 described a computational solution for genotyping pooledmicrosatellite DNA as an extension of our GMBD algorithms for individual DNAgenotyping. The success of the pooled DNA approach also relies on experimentallygenerating high quality pooled DNA data that can be automatically analyzed by thecomputer.9.4.1. Post-PCR poolingWe conducted laboratory experiments to assess how well our automated genotypingsoftware determined allele frequencies from microsatellite data on pooled DNAs. LillianBloch, from Cybergenetics, Inc., generated the post-PCR pooling data described in thissection, as well as the pre-PCR pooling data to be described in the next section.Our initial explorations were done using pools of post-PCR products. Individual DNAswere PCR amplified with microsatellite marker primers, and size separated on an ABIsequencer. FAST-MAP determined the alleles in each DNA sample, and in the processconstructed the binning, stutter, and relative amplification calibrations for each marker.Pools of 2, 4, and 8 individual PCR products were then constructed, and size separated onan ABI/377 sequencer. FAST-MAP then performed pooled GMBD to compute the alleledistributions for the pooled samples of different sizes.

222For comparison, we compute the L1-norm between a computed allele distribution vectorand the actual allele distribution vector, divided by two to give the number of alleles"misplaced" by the computer. Each misplaced allele causes a difference of one allele at thesource allele bin, and a second allele at the target allele bin. We divide the L1-norm by twoso that each misplaced allele is not counted twice.Let us examine the results of D16S403, one of the dinucleotide repeat markers that weinvestigated in more details40.D16S403isaFAM-labeleddinucleotiderepeatmarkerwithanallelerangeof125-155bp.Inourexperiment,eightindividualDNAsamplesforD16S403 were PCR amplified, and then pools of 2, 4, and 8 were constructed from theindividualPCRproducts.Allthesamples(individualandpooled)werethensizeseparatedonanABI/377sequencer,andtheresultinggeldataautomaticallyanalyzedbyFAST-MAP.FAST-MAPusedtheindividualsampleexperimentstoconstructthebinning,stutter,andrelativeamplificationcalibrationsforD16S403.ItalsodeterminedtheallelesineachDNAsample, as shown in Table 9.7. From these genotypes, we compute the expected (actual)alleledistributionsforthedifferentpooledsamples.sampleallele1allele2

s 1 135137 s 2 137141 s 3 143151 s 4 139149 s 5 139141 s 6 139141 s 7 137143 s 8 139139Table 9.7. Genotypes of the eight individual DNA samples for D16S403. The allelesare in bp units.WiththeD16S403markerlibrarythatithadconstructedfromanalyzingtheindividualsampleexperiments,FAST-MAPthencomputedthealleledistributionsforthepooledexperiments. We show the results for the eight pooled samples in Table 9.8.

40We have shown example pooled data and results for D16S403 in Section 7.4 previously.

223samplesallele distributiontotalmisplaced

135137139141143145149151153 s1-2actual1201000004 computed1201000004

L1-norm00000000000 s3-4actual0010101104 computed0011101004

L1-norm00010001021 s5-6actual0022000004 computed0022000004 s7-8actual0120100004 computed0110100014

L1-norm00100000121 s1-4actual1211101108 computed1221110008

L1-norm00100111042 s5-8actual0142100008 computed0132101008

L1-norm00100010021 s1-8actual13532011016 computed13443000116

L1-norm00111011163

Table 9.8. Actual versus computed allele distributions for D16S403. Each of the pooledsampleswerelabeledwithansi-j, indicating that the pooled sample contained individualsamples si through sj.Thenumberof"misplaced"alleles(therightmostcolumn)ineachcomputedalleledistributionwascomputedbydividingtheL1-normby2.Table9.9showsthenumberofmisplacedallelesinthealleledistributionscomputedbyFAST-MAPforthedifferentdinucleotiderepeatmarkersinourpost-PCRpoolingexperiments.Thenumberofmisplacedallelesincreasesasthesizeofthepoolsbecomelarger,sincetherearemoreallelestoestimatewithlargerpools.

224microsatelliterepeatnumber of misplaced alleles marker(bp)2-samplepool4-samplepool8-samplepool

D16S40320101213

D1S46820010212

D3S130421010212

D5S21121110214

D5S40820010213

Table 9.9. Number of misplaced alleles in the computed allele distributions for differentsizesofpooledsamples.Atotalof8DNAsampleswereusedingeneratingpost-PCRpools of size 2, 4, and 8, giving four 2-sample pools, two 4-sample pools, and one 8-samplepoolsforeachofthemarkersstudied.TodeterminewhetherourpooledGMBDmethodsscaleupwithincreasingpoolsizes,wecomparethetotal number of misplaced alleles (out of the 16 alleles from the 8 DNAsamples) for different pool sizes. That is, we sum the misplaced alleles from Table 9.9 forsamples of the same pool sizes. The results in Table 9.10 show that the performance ofpooled GMBD does not noticeably diminish as the pool size increases. For example, thecomputed allele distributions (for 16 alleles) from a single 8-sample pool were as accurateas those computed from two batches of 4-sample pools.microsatelliterepeattotal no. of misplaced alleles (out of 16 alleles)

markers(bp)2-sample pool4-sample pool8-sample pool

D16S4032233

D1S4682132

D3S13042232

D5S2112334

D5S4082133

Table 9.10. Total number of misplaced alleles in the computed allele distributions for thedifferentsizesofpooledsamples.Atotalof16allelesfrom8individualDNAsamplesweredeterminedusingbatchesof2-samplepoolsand4-samplepools,aswellasinasingle8-sample pool.Thesepreliminarysyntheticresultswithpost-PCRpooledsamplessuggestedthatFAST-MAP’spooledGMBDapproachcouldpotentiallyworkwellwithrealpooledDNAdata.Post-PCRpoolingdoesnotreducetheworkrequiredtoamplifytheDNAsamples,since

225each sample must be individually PCR amplified before pooling for gel run-out. To fullyexploit the efficiency in pooled genotyping, it is important to pool the DNA samples priorto PCR amplification, so that there is only one PCR amplification experiment for eachpooled sample, regardless of pooling size. Thus, to realistically assess FAST-MAP’spooled GMBD analysis algorithms, we needed to experimentally generate pre-PCR data.9.4.2. Pre-PCR poolingWe conducted a new set of pooled experiments with these useful characteristics:(a) pre-PCR pooling: DNA samples were pooled and PCR amplified as a singlemixture;(b) large pool size: DNA from up to 96 individuals were pooled together;(c) different marker repeats: Di-, tri-, and tetranucleotide repeat markers were used toassess the presence of PCR stuttering affects FAST-MAP’s automated pooledgenotyping.We genotyped each individual separately (using FAST-MAP) to generate the actual alleledistributions for comparison. This step also compiled the marker libraries used in pooledGMBD. For individual DNA genotyping, DNA samples from 96 individuals wereprepared in equimolar 3 ng/ul concentrations, and then separately PCR amplified usingdifferent microsatellite primers, including di-, tri-, and tetranucleotide repeat markers. ThePCR product of each DNA sample was size separated on an ABI/377 sequencer (includinginternal lane size standards). FAST-MAP was then used to automatically determine thealleles in each sample. These individually scored genotypes collectively formed the actualallele distributions, and were used to compare with the pooled sample analysis.For pre-PCR pooling, we pooled the DNA samples into 8 pools of 12 samples. We tookaliquots from these pools to construct 4 pools of 24 samples, then 2 pools of 48 samples,and finally 1 pool containing 96 samples. (We subsequently learned that the 7th of the 812-fold pools contained one extra sample, but this addition did not materially affect ourprotocols, analysis, or results.) Each pooled template contained 48 ng of DNA in an 18 ulvolume, and was part of a standard 50 ul PCR containing 2.5 units of Amplitaq Gold,1.25ul of each primer, 200uM dNTP’s, and 2.5mM MgCl2. We separately PCR amplifiedthe15poolsusingdifferentdi-,tri-,andtetranucleotiderepeatmarkersinanMJResearchPTC-100 thermocycler (30 cycles of 94�C for 1.25’, 55�C for 1’, and 72�C for 1’). We

226size separated the PCR products on an ABI sequencer, including GS350 50 bp internal lanesize standards.The FAST-MAP analysis of our data included automated lane tracking, automated binning,automated DNA quantitation of each peak, and automated estimation of the pooled alleledistribution. Table 9.11 shows the total number of misplaced alleles out of 194 alleles forthe different pool sizes for a di-, a tri- and a tetranucleotide marker. We also present thegraphical comparisons between the three markers in Figure 9.8.microsatelliterepeattotal no. of misplaced alleles (out of 194 alleles) markers(bp)12-samplepool24-samplepool48-samplepool96-samplepool

D10S212263534631

D10S1230345553328

D2S1394446536247

Table 9.11. Total number of misplaced alleles for the different pool sizes of pre-PCRDNApooling.Shownherearetheresultsofonedi-,onetri-,andonetetranucleotidemarker.Atotalof97DNAsampleswerepooled,sooneoftheeight12-samplepoolsactually had 13 samples, one of the four 24-sample pool had 25 samples, one of the two48-sample pools had 49 samples, and there were 97 samples in the 96-sample pool.Aswiththepost-PCRexperiments,thepre-PCRresultsshowedthatincreasedpoolsizedid not diminish the performance of pooled GMBD. In fact, for the three markers shown,thelargersamplepoolshadfewermisplacedallelesthanthesmallersamplepoolscollectively.MoststrikingistheresultofthedinucleotideD10S212,ascomparedtothe(stutterless)trinucleotideandtetranucleotide.NotonlydidthepresenceofPCRstutteringinD10S212nothinderFAST-MAP’sautomatedpooledgenotyping,butitappearedtoimprove the robustness of pooled genotyping. As shown in Figure 9.8, pooled genotypingofdinucleotideD10S212wasgenerallymoreaccuratethanthestutterlesstetranucleotideD2S1394(andatleastasaccuratethanthetrinucleotideD10S1230,ifnotmoreso).Inspiteofitsconvolutingstutterbands,D10S212hadthemostaccuratecomputedalleledistributionforthe96-samplepools.Justasinsingle-samplegenotypingwherethepresenceofstuttersignatureshadhelpedtodistinguishspuriouspeaksfromactualdata,thestuttersignaturesappearedtohavemadepooledGMBDcomputationmorerobust.IntheabsenceofPCRstuttering,allelesarewhollyrepresentedbysingledatabands.Without

227the expectation of stutter patterns, an error in a single band is difficult to detect or recover,and can drastically affect the overall allele distribution computation. In the presence ofPCR stuttering, however, the additional stutter bands might serve as secondary "backups"for data bands that failed to properly amplify, allowing the computer to recover fromspurious errors.

2289.5. Mononucleotide dataThe mononucleotide repeats are the most ubiquitous class of microsatellite markers, andcould have been the microsatellite markers of choice for high resolution genetic mapping.Unfortunately, because of their inherent PCR stuttering and the requisite 1 bp separationfor allele calling, the mononucleotides avoided for the same reasons that the dinucleotideshave been traditionally avoided.The mononucleotides are computationally similar to the dinucleotides. Just as FAST-MAP’s deconvolution methods remove stutter bands from dinucleotides, they can be usedto remove stutter bands in mononucleotides. Similarly, FAST-MAP’s stutter-crawlingmethod can be used to achieve the 1 bp separation required in mononucleotides on high-resolution sequencing gels. In fact, when binning the alleles by stutter crawling, theinherent 1 bp separation in the mononucleotide data (which intrinsically lacks the "plus-A"artifact) can lead to less ambiguity for FAST-MAP, since no other bands are expected to liebetween allelic bands, unlike larger repeat sizes. Therefore, the mononucleotides mightwell be superb microsatellite markers for FAST-MAP’s data-intensive and data-disambiguating computational processing.Since mononucleotide repeats are non-conventional genotyping data (like the mouse andpooled DNA data), we need to experimentally generate high quality genotyping data frommononucleotide markers. One FAST-MAP user, Dr. Charles Mein from Dr. John Todd’sgroup in the Wellcome Trust Centre for Human Genetics at the University of Oxford,generated mononucleotide data and provided us with preliminary data for FAST-MAPanalysis. In the following example, a mononucleotide marker, Mono1, in the allele sizerange 100 to 110 bp, was amplified with TET-labeled PCR primers. 34 different DNAsamples for Mono1 were loaded on an ABI/373 gel41.FAST-MAPperformedautomatedlanetracking,automatedbinning,automatedDNAquantitationofeachdatapeak,andautomatedallelecallingbydeconvolutionofeachexperiment on the gel without any system modifications. In Figure 9.8, we show ansampleelectropherogramtraceforaheterozygoteseparatedby1bp.Theobservedstutter

41The gel image for the MW sizing plane of this gel was shown in Figure 4.3a of Chapter 4: GridConstruction.

229patterns of Mono1 are similar to those from a dinucleotide repeat marker (such as one withdominant "plus-A" artifacts), except that the true alleles can be as close as 1 bp apart. 230 231 2329.8. Other applicationsThe primary goal of this thesis is to overcome problems associated with microsatellitegenotyping. Thus far, we have described the results of automating the analysis ofmicrosatellite genotyping data from:(a)

different DNA sequencers: ABI vs. Pharmacia;(b) different microsatellite repeats: mononucleotides vs. dinucleotides, trinucleotides, andtetranucleotides;(c) different species: human vs. mouse; and(d) different pooling sizes: single individual vs. pooled samples.To explore how our computational problem solving might be applicable to other domains inmolecular genetics, we went beyond microsatellite analysis and applied our computationalapproaches to non-genotyping problems. We describe here two non-genotyping problems:differential display analysis, and gridded filter scoring. These two problems have vastlydifferent computational requirements. Differential display analysis involves exquisite dataquantitation of lane traces on sequencing gels. Gridded filter scoring, on the other hand, isa completely different problem in molecular genetics having a scoring bottleneck that mightbe solved computationally. We show in this section how we can transfer our experiencesin microsatellite genotyping to these non-genotyping problems in molecular genetics.9.8.1. Differential displayDifferential display (DD) was developed as a rapid and sensitive reverse transcriptase PCR(RT-PCR) technology to amplify and compare gene expression events in eukaryotic cells(Liang and Pardee, 1992). DD RT-PCR has helped identify genes in neoplasia,senescence, and development. Recent innovations have enabled technologicalimprovements in DD RT-PCR, including the use of fluorescence-based automated DNAsequencers (Jones et al., 1997; Luehrsen et al., 1997). Since a key component of DDreadout is accurate DNA sizing and peak quantitation, we explored the use of thetechnology in FAST-MAP by analyzing expressed gene sizing data from DD applications.Our collaborator Dr. David Whitcomb at the University of Pittsburgh has extensiveexperience using conventional DD for gene discovery. Following our specifications, his

233group generated DD data on their ABI automated sequencer, using a within-lane 20 bpsizing ladder. We analyzed the data using FAST-MAP — this automated analysis includedlane tracking, binning calibration, DNA peak detection, and peak overlap quantitation.Since all these DD data analysis steps are already part of FAST-MAP data processing, wewere able to analyze the pilot DD data generated by Dr. Whitcomb’s group with minimalsystem modifications. Figure 9.11 shows that the peak quantitation process in FAST-MAPcan also model the peak shapes and account for peak overlap in DD data analysis.

2349.8.2. Gridded filter scoringWith the advent of recombinant DNA technology (Watson et al., 1992), libraries of humanDNA fragments are now available for genomic analysis. These genomic libraries consist ofsets of recombinant clones that are made from randomly generated overlapping DNAfragments covering the entire genome. The clones are hosted as DNA inserts in viral,bacterial, yeast, and other cloning vectors.A major use of the clone libraries is in building physical maps, where DNA probes arelocalized to specific genomic regions by hybridizing against the clones. The key bottleneckis in the data analysis: determining the degree of hybridization between a probe and aclone. Since the hybridization experiments are typically performed on gridded nylonfilters, we call it the gridded filter scoring problem.ProblemRecombinant clones from a genomic library are generally available as sets of two-dimensional microtiter plates. Each clone is identified by its plate number and location(row and column) on the plate. For high throughput screening, an entire library is griddedonto nylon filters by high precision robots. The filters are then hybridized with one ormore DNA probes (Lehrach et al., 1990; Monaco et al., 1991), which probes all the cloneson the filter in one parallel operation. Such arrayed clone libraries can rapidly screen for aspecific gene or genomic region.The major steps in a gridded filter screening experiment are:1.Filter spotting: Amplified products from individual clones are spotted onto 8·12 cmnylon filters using an N-pin robotic replicating tool (e.g. a 96-pin HDRT replicatingtool of a Biomek 1000 workstation). To maximize the usage of the limited "real estate"on the filter, different N-sets of clone products are spotted on the same filter at ahorizontal or vertical offset from the previous sets. By exploiting the dexterity andaccuracy provided by robotic handling, a total of N · m · n spots can be positioned onthe filter, where m and n are the number of sets displaced horizontally and verticallyrespectively. The values of m and n currently range from 2 to 8; these numbers shouldincrease as gridding technology advances.

2352.Probe hybridization: After the clones have been spotted onto the filter, radioactivelylabeled DNA probes are then hybridized overnight against the spotted products. Thefilter is then exposed to an autoradiographic film for a period of time (typically 1 to 8days).3.Filter scoring: The autoradiograph image of the filter is developed. Since there iscurrently no effective automated scoring technology, each of the N · m · n spots isvisually inspected by an experienced human eye to subjectively score the degree ofprobe hybridization.As with microsatellites genotyping, manual scoring is a key bottleneck precluding densehigh throughput gridded filter experiments. The scoring is a labor-intensive, tedious, time-consuming, and error-prone process. Our goal, therefore, is to transfer the techniquesfrom automated microsatellite genotyping to remove this bottleneck, and thereby enable thefull automation of gridded filter experiments.SolutionFigure 9.12 shows an autoradiograph image from a 96 · 2 · 2 gridded filter experiment.Although its appearance differs greatly from an electrophoretic gel, there are manysimilarities in the underlying structure of the experimental data. The microsatellitegenotyping problem has two main phases � sizing grid construction and marker bandquantitation. Similarly, we develop an automated gridded filter scoring solution that hastwo phases � spotting grid construction and spot quantitation. We can adapt thealgorithms from microsatellite genotyping to solve the scoring problem:

236 2 · 2 array. The task is toconsistently score the 384 spots based on each spot’s radiographic intensity.

237¥

Spotting grid construction. The first task is to locate where the spots reside on the filterimage. To do this, we construct a spotting gridthatissimilartothesizinggridusedinmicrosatellitegenotyping.Usingourdesignknowledgeaboutthelayoutoftheroboticgridding, we can construct an expected grid. Then, we can rapidly map thisexpectation onto the data on the filter image to compute an actual spotting grid for thefilter. Just as with sizing grid construction, this expectation-based approach is bothefficient and robust in building spotting grids for real laboratory data. Figure 9.13shows the spotting grid constructed for the filter in Figure 9.12.

Figure 9.13. A spotting grid for the gridded filter shown in Figure 9.12. The gridwas constructed automatically based on robotic gridding information. With this grid,the computer can localize the 384 gridded spots on the image, and focus its computationon the 384 local subproblems.

238¥

Spot quantitation. Unlike DNA migration in gel electrophoresis, the gridded spotsdiffuse two-dimensionally on the filter. However, the same computational techniquefor handling marker band diffusion still applies: we use a model function similar to theGauss-Runga model for microsatellite data bands to accurately quantitate the spots, aswell as account for diffusion effects from neighboring spots. Here, we use a 3-DGaussian model for the spots to model the two-dimensional diffusion:

Γh,σ (cx,cy) = h⋅e− (x− cx )2 +(y− cy )2σ 2

where (cx, cy) is the center of a spot, h the height, and s the Gaussian half-width.Figure 9.14 depicts a typical 3-D Gauss curve. Figure 9.14. A 3-D Gaussian model for gridded filter spotting. Using thismathematicalmodeltofitthefilterspots,wecansystematicallyeliminatediffusioneffects,andquantitatethespotsbycomputingthevolumeunderthecurve.Themodel-basedapproachallowsustomathematicallyeliminatetheoverlappingdiffusionofclosely-spacedspots,andaccuratelyquantitatetheradiographicintensityofeach spot (i.e. the degree of probe hybridization of each clone). Figure 9.15 shows aclose-upofhowtheoriginalterrainofthetopleftcorner(firstthreerowsandcolumns)comparedwiththefittedterrainusingthe3-DGaussianmodelfunction.Figure9.16showsthefittedimageresyntheiszedbythecomputer.Thescoreateachgriddedspotwascomputedfromtheindividualfittedspotvolume.Table9.12showsthenormalizedscoresforthetopleftcornerthatoursoftwarecomputed.

239 240row 10.910.530.90� row 20.430.890.33� row 30.900.490.12�

::::Table 9.12. Normalized scores of the top left corner of the filter shown in Figure 9.12.Thescoreswereautomaticallydeterminedbasedonthefittedvolumesateachspot.DiscussionThe preceding example (Figure 9.12) shows that it is indeed possible to adaptcomputational approaches from the genotyping problem to solve a different problem �scoring gridded filter experiments. We could further improve the results by addressing twoproblems:

241¥

Spot ambiguity. Although we know the spotting pattern of clones onto the filter, thepattern need not exactly correspond to the post-hybridizationpatternobservedontheautoradiograph. In the filter shown in Figure 9.12, 384 clones were spotted onto thefilter in a 96 · 2 · 2 array. However, not all 384 spots showed up on theautoradiographafterprobehybridization,sinceaspotisdevelopedonlywhentheradioactivelylabeledDNAprobehybridizeswithitsclone.Thus,theroboticspottingpatternonlyestimatesthepost-hybridizationpattern.InthecasewhereaDNAprobedoes not hybridize with most of the clones (as in the filter shown in Figure 9.17), it isimpossibletoconstructthespottinggridusingonlyroboticspottinginformation.¥

Spotover-saturation.Asecondproblemisthattheautoradiographicsignalsfromthespots tend to be over-saturated, resulting in "flattened" peaks as shown in Figure 9.15.The 3-D Gaussian model does not account for this over-saturation effect. Using analternative"flattened"gaussianmodelfunctionwouldnotsolvetheproblemeither,asnot all spots are over-saturated.

Problemsimplificationisarecurringpracticalstrategyinthisdissertation.Wehaveseen,inmicrosatellitegenotyping,howwecansimplifyaproblemalgorithmically byreducingitintosimplersubproblems,suchasreducingthetwo-dimensionalproblemofsizinggridconstructionintotheone-dimensionalproblemsoflanetrackingandMWcalibration.Inadomainlikemoleculargenetics,wheredataaregeneratedinalaboratory,wecanoftensimplifyaproblemnon-algorithmically. This is done by changing the nature of theproblem, such as improving the data quality to experimentally eliminate confoundingartifacts (e.g., using the "G-clamping" or "PIG-tailing" techniques to remove the "plus-A"artifacts from microsatellite genotyping data), or modifying the format of the data to assistthe computer in its analysis. Interdisciplinary problem solving is a collaborative effort andoften requires interdisciplinary solutions.To solve the problem of spotting ambiguity in grid construction, we can improve thecertainty of the spotting patterns by introducing "reference spots". For example, we cananchor the spotting grid with positive spots by spotting positive DNA controls onto the gridto guarantee hybridization. The filter in Figure 9.17 has a positive reference spot in the topleft corner of each cluster. The computer can construct the spotting grid based on thepositive reference spots, and then interpolate for the other cloning spots. Figure 9.18shows a spotting grid automatically constructed using the positive reference spottinginformation.

242 3 · 2 array, with 384 clones (i.e., 96 · 4), 96 spots reserved as positive references(top left spot in each of the 96 clusters), and 96 spots reserved as negative references(bottom left spot). Unlike the filter in Figure 9.12, most of the clones on this filter do nothybridize with the DNA probes. It would therefore be problematic to automaticallyconstruct a spotting grid for this filter without positive reference spots.

Figure 9.18. The spotting grid for the filter shown in Figure 9.17. This grid wasautomatically constructed from the positive reference spots, and interpolated to detect theremaining cloning spots.

243To solve the spot over-saturation problem, we can shorten the exposure time of theautoradiographic film, or taking a snapshot periodically during the exposure to keep trackof the signal level. Figure 9.19 shows a close-up plot of a middle section of the filter inFigure 9.17 (rows 7, 8, 9, and columns 19, 20, 21, 22). For comparison, we show theplots from the original image, as well as from the fitted image. Since the degree of over-saturation has been minimized for this filter, the two plots show a closer match than thosedepicted in Figure 9.15. However, some of the (reference) peaks from the original imageare still flattened42,indicatingthatabettersolutionwouldbetomodeltheover-saturationeffectusingadifferentfitfunction,andintroducingasaturationthresholdfactor.Nevertheless, the computer’s fitted image shown in Figure 9.20 shows a very good matchwiththeoriginalimageinthedatapeakregions.Table 9.13 gives the normalized scores for the twelve spots shown in Figure 9.19. Thescoreswerecomputedfromthefittedvolumesofthespotsusingthe3-DGaussianmodelfunction.�column19column20column21column22�

:�::::� row 7�0 . 9 4 0 . 6 7 0 . 5 8 0 . 8 9 � row 8�0 . 2 5 0 . 5 5 0 . 6 3 0 . 2 0 � row 9�0 . 9 2 0 . 6 7 0 . 5 8 0 . 6 7 �

:::::Table 9.13. Normalized scores of the 12 spots in the middle cluster shown in the close-ups in Figure 9.19. The scores were assigned based on the estimated volumes of the fitteds p o t s .

42By ensuring that the reference spots have the most intense signals, and minimizing over-saturation ofthese reference spots, we can avoid over-saturation at the clone spots.

244 24510. ConclusionsThis dissertation shows how we eliminated the scoring bottleneck in microsatellitegenotyping using computational problem solving methods. By studying the science andtechnology behind related molecular biology domains, we elucidated the computationalstructure underlying the problem. Based on this structure, we divided the problem intomanageable subproblems. We then systematically solved these subproblems traditionallyusing fundamental computer science techniques, and creatively using novel approaches �such as exploiting PCR stutter artifact as a useful data component.Since a key goal is to develop useful technology, we have fully implemented our solutionsin FAST-MAP, a practical microsatellite genotyping software system. FAST-MAP is usedby geneticists in their laboratories for analyzing genotyping data. By actively including realusers and their data in our system’s development and testing cycles, we were able todesign, implement, and (continually) refine a software system that is practical, robust,accurate, and elegant to both developer and user. Such synergy between computerscientists and geneticists is crucial in successfully solving complex cross-disciplinaryproblems, such as the microsatellite genotyping problem.10.1. ContributionsThe major contribution of this thesis is completely removing the current bottleneck inmicrosatellite genotyping. We built a genotyping data analysis system that is fullyautomated, robust, accurate, and efficient. Specifically, we:¥created new computational methods that account for intrinsic data artifacts (such asPCR stuttering) by accurately modeling the underlying processes;¥devised novel computer-based techniques to overcome data limitations (such asinadequate MW sizing resolution) by exploiting all available data for calibration; and¥employed efficient learning strategies that improve the system’s performance byautomatically incorporating specific knowledge about genotyping data into the system.Moreover, we explored and enabled new functionalities (such as pooled DNA genotypingfor population genetics), and applied our computational strategies to solve other non-genotyping problems in molecular genetics (such as differential display analysis andgridded filter scoring).

246Most importantly, this thesis has demonstrated that computational strategies can be apowerful tool in overcoming critical molecular biology bottlenecks. We have shown, withgood results in microsatellite genotyping, that techniques in computation and informationscience can be as useful as laboratory innovations for solving key problems in molecularbiology.The current genetic revolution is expected to bring about an explosion of geneticinformation. We believe that the future of molecular genetics will be shapedsimultaneously in traditional "wet" (molecular biology) labs and in "soft" (computer) labs.Hence, the most valuable contribution of this thesis to both computer science and geneticsis the introduction of computational problem solving into molecular genetics. We hope thatthis thesis has helped bridge the experimental world of molecular biology with thecomputational world of computer science.10.2. Future WorkIn solving the microsatellite genotyping problem, we enabled new functionalities inmolecular genetics. We also opened up new areas of research for computational problemsolving. We provide a selective preview of our ongoing and future research.10.2.1. FAST-MAP refinementsWe plan to refine FAST-MAP on a diverse range of data (of varying quality) to furtherimprove accuracy and robustness. Example projects include:(a) Learning to improve accuracy from past experience.FAST-MAP was designed to be a fully automated genotyping system, requiring little or nouser intervention. Thus, we did not provide FAST-MAP with a functionality that allows itto learn directly the user’s feedback to its mistakes (since this would require extensive userinteraction, which would contradict the fully-automated design goal). However, whenFAST-MAP repeatedly makes the same mistake, the user should be able to teach thecomputer by entering correct user edits. These edits could be flagged in marker libraries,so that FAST-MAP could recompute calibrations from user-corrected data, instead ofworking from incorrect assumptions.

247(b) Adding more independent allele determination algorithms.FAST-MAP would benefit from additional allele determination algorithms, besides SVDand ENUM. As both SVD and ENUM call alleles based on quantitated data, one usefulalgorithm would call alleles directly from the observed electropherogram signal, withoutintervening quantitation steps. Such an algorithm might be more sensitive to input datacharacteristics, such as baseline shifts and incorrect peak shapes in the electropherograms.(c) Supporting more computer and sequencer hardware platforms.FAST-MAP currently reads data formats from two of the most popular sequencermachines: the ABI and Pharmacia automated DNA sequencers. Many new instruments(e.g. from Genomyx, GenSys, Hitachi, LI-COR, and Molecular Dynamics) are becomingavailable. FAST-MAP’s underlying modularized design should let it handle image datafrom these new machines. Moreover, its subsequent image and genotype processing areindependent of the sequencer platforms. By adding input modules that translate new imagefile formats into FAST-MAP’s universal image format, FAST-MAP should effectivelyprocess data from virtually any DNA sequencing machines.(d) Linking to other data and software.Most genetic linkage studies involve access to diverse databases (e.g., ENTREZ, GDB),and application of various software tools (e.g. LINKAGE, SIBPAL, GENEHUNTER).For a networked computer, most of these resources are readily available on the Internet.To greatly improve the geneticist’s productivity in conducting genetic linkage studies usingmicrosatellite genotyping, we can extend FAST-MAP into an integrated genotyping systemthat (1) provides easy on-line access to databases, and (2) allows direct transfer of resultsto genetic analysis software.10.2.3. Pooled DNA analysesOur pooled DNA analysis pilot study demonstrated that one can generate and analyzepooled DNA templates using microsatellite markers. Interestingly, these results includeddinucleotide repeat markers with PCR stutter artifact. Our current software solves twocritical problems:

accurate peak quantitation and

PCR stutter removal. However, we onlypartially solved the third signal analysis problem � adjusting the data for relative allele

248amplification. To date, we have used the amplification ratio table compiled from individualgenotypes to estimate the relative allele amplification in pooled DNA data. However,relative amplification in pooled alleles may differ from relative amplification between asingle allele pair. To correct for relative amplification in pooled DNA, the ratio of amarker’s pooled distribution to the sum of its individual components might provide a morerealistic calibration curve than pair-wise ratios. This new ratio function might depend onvarious factors, including pool size, PCR primers and conditions, and allele distribution.Precalibrating such curves for each marker (across varying pool complexities) might permitmathematical correction for relative amplification. To fully realize the potential benefits ofpooled DNA analyses, we plan to further investigate the pooled relative allele amplificationproblem.10.2.4. Genetics in non human speciesMammalian and avian species contain microsatellite markers. In particular, there are manyspecies of biomedical (e.g., mouse, rat, hamster) and agricultural (e.g., cow, pig, sheep)importance that contain useful microsatellite markers. It would therefore be very useful tohave an automated genotyping technology that is not restricted to the human species.Much of power of the animal model derives from inbred strains that can be cross-bred andgenotyped to map complex traits, and ultimately elucidate mechanisms of disease. Asexemplified in our mouse data, genotyping of inbred strains has an important property:each marker is biallelic. We have shown how this biallelic property introduces a constraintthat can be used by FAST-MAP for more rapid and accurate genotyping of microsatellitemarkers. Moreover, by focusing on recognizing only the two possible alleles for eachmarker, FAST-MAP might enable sophisticated multiplexing of panels for greaterthroughput. These new applications will be challenging computational problems that mightbe important to molecular genetics.10.2.5. Forensics and personal identification.Microsatellites are currently used in forensic science and for personal identification. Mostcurrent and proposed microsatellite forensic panels are comprised of 12-16 tetranucleotiderepeat markers. The larger repeats were introduced because of historical problems withdinucleotide repeat PCR stutter. These problems have been overcome by our patternrecognition methods. Most importantly for forensic applications, PCR stutter provides

249additional information that we have shown to be useful in distinguishing true alleles fromspurious peaks, resulting in more robust personal identification than with tetranucleotides.As forensic and personal identification applications require exquisite certainty and precisionmeasures, we plan to conduct further research in exploring novel experimental designs,statistical analyses, and computational strategies in exploiting the additional dataredundancy provided by dinucleotide stutter data. The results might increase accuracy andthroughput, at a lowered cost.10.2.6. Using dense genotyping in preventive medicineBy reducing the cost of fully automated microsatellite genotyping, we are closer toacquiring high-resolution genetic snapshots of individuals and their relatives in thepopulation. From such snapshots, we can determine who shares which inheritedchromosomal regions with whom. When this genotype information is coupled with largescale phenotype information, the geneticist may be able to ascertain correlations betweencommon genetic diseases (e.g., cancer, stroke, diabetes) and their genomic locations fromthe highly informative (and highly complex) chromosomal and phenotypic inheritancepatterns. Many new questions and possibilities arise, many of which are computationallyintensive because of the vast amount of data involved. This opens up challengingunexplored avenues for both modern genetics research and computational problem solving.Some questions include:¥Are particular patterns of inheritance associated with specific varieties of disease?¥Can the relative risk of a common (complex) disease be determined from suchpatterns of inheritance, without knowing the actual genetic composition ofindividuals (see Figure 10.1)?¥What additional genetic and phenotypic information is needed to ascertain diseaserisk?¥Can the practice of medicine be fully customized to each individual’s geneticcomposition?¥Can medical or environmental interventions reduce the risk of common geneticdisease?

250 25110.3. A Scenario for the FutureWith the full automation of large scale, high throughput genotyping, population-wide full-genome scanning might become technically and economically feasible (and perhaps alsosocially and politically acceptable). Using a standard set of polymorphic markers for densegenotyping, an abundant collection of genotypic data that was previously too expensive togenerate could become readily available. This data could be shared and reused for manyprojects, such as the localization of disease genes for many of the thousands of humangenetic diseases.In addition to routine disease gene identification, dense genotypic data could also becoupled with large-scale phenotypic data of the population to identify non-genetic factorsthat contribute to the development of complex disease. This could help isolate all riskfactors, both genetic and non-genetic. With a clear understanding of multifactorial geneticdisorders, a geneticist might accurately assess, for each individual, their predisposition forcommon human diseases. Physicians would then prescribe customized treatment andprevention plans according to these personalized DNA profiles. One can foresee aparadigm shift in healthcare from the current focus on treatment, to a more effectivepreventive approach.With preventive medicine, curable disorders could be detected and remedied beforeirreversible damage occurs. The risk of certain multifactorial disorders might be reducedby moderating the environment. For example, a proper genetically prescribed program ofdiet, exercise, and pharmaceuticals administered from childhood might significantly reducethe risk of disease later in life. In this way, genetic information technologies mightsignificantly improve longevity, the quality of life, and health care costs.

253Appendix A: Stutter Data SimulationTo compare the various deconvolution methods that we have designed for genotypingmicrosatellite markers(Perlin et al., 1995), we implemented a software program inCommon LISP for generating simulated microsatellite markers and their genotyping data.As we were not aware of the relative amplification artifact when we conducted thesimulation study, it was not included in our simulation models. However, we did apply arealistic noise model to ensure that the simulated data were as close to real data as possible.A.1. MarkersAs we were only interested in the performance of our deconvolution algorithms withmicrosatellite markers that exhibit pronounced PCR stuttering, we simulated onlydinucleotide repeats. For each marker, we simulated 10 to 25 possible alleles, normallydistributed over the size range from 100 to 200 bp. Associated with each marker was astutter matrix A that was simulated as follows: each column of A , which corresponds to anallele’s real-valued stutter pattern vector, was generated using an exponential decay rate thatwas inversely proportional to allele size. The columns in A were then normalized to sum tounity since they each represented a relative DNA mass of a single allele. In our simulation,we randomly varied the expected number of stutter bands for each marker. To simulateminor to extreme PCR stuttering, our markers have trailing stutters that ranged from 3 to 12bands.For our comparative study of deconvolution methods, we generated a library of 150simulated microsatellite markers, as well as their stutter matrices and allele distributions.A.2. DataUsing the markers’ simulated stutter matrices and allele distributions, we generatedthousands of genotyping data vectors for each marker. To generate a genotyping datavector y for a marker, we must first generate a random genotype vector x by drawing a pairof alleles from the marker’s possible alleles set. Each allele was drawn based on themarker’s allele frequencies and distribution. With the genotyping vector, we can then

254compute the data vector y as the convolution product Ax. Finally, each simulated datavector was subjected to an additional noise component (see A.3).A.3. NoiseOur model of noise consisted of two components: (1) random background noise Nb, and(2) scaled (k%) normally distributed measurement error Nm,k. For a data vector y, the totalsimulated noise reading is the sum Nb+Nm,k(y) with a preset noise level of k%.To model random background noise, we implemented Nbasauniformlydistributedrandom variable within the interval [-xmin, +xmin], where xmin was the minimummeasuredvalueinthesimulation.Tomodelthescaledmeasurementnoise,weimplemented Nm,k(y) as a function of the original data vector y, such that Nm,k(y) is anormallydistributedrandomvariablewithzeromeanandavariancescaledrelativetoysuch thatProb(-kx £ Nm , k ( x ) £ + kx) > 0 . 9 9 Inthisway,themeasurementerrorwassimulatedwithinthepresetnoiselevelk with highprobability. To study the performance of our deconvolution algorithms under differentlevels of noise, we used 0 to 15% for k in our study.

255Appendix B: FAST-MAP’s User-Annotated Knowledge BaseWhen calling the alleles manually, the human genotyper makes use of considerablecontextual information. Information such as the design of the study, the layout of themarker multiplexing, and the stuttering characteristics of the markers are necessary forinterpreting the gel image data. Such information is similarly needed by FAST-MAP for itsgenotyping with allele_call.To provide the necessary contextual information, the user must annotate two classes of filesprior to running allele_call on a gel or study:¥

user files: These files reside in a common directory ("FAST-MAP/user/") that isglobally accessible by all gels and studies in the system. They contain annotationinformation that can be used in the analysis of any gels or studies in the system:¥ preferences: contains user preferences and system-specific settings;¥ nicknames: contains aliases for gel and study directories, as well as any sharedmatrix files (for dye-separating the gel files) or sample sheets;¥ dyes: contains aliases for the various dye names used in the sequencers;¥ size_stds: contains information about various size standards;¥ markers: contains information on the markers;¥ panels: contains definitions of panel names;¥ pedigrees: contains pedigree definitions (in LINKAGE format).¥ input files: These files are associated with a particular gel or study. They reside in the"input/" directory of the corresponding gel or study directory, and contain informationpertaining to the gels or studies that they are associated with. There are only two userinput files:¥ settings: contains gel or study-specific annotations as well as executionpreferences;¥ layout: for a gel, contains the gel layout (which lanes are loaded with what panelor size standards); for a study, contains a list of the nicknames of thecomponent gels that make up the study.

256All the user-annotation files are header text files43(i.e.,tablerepresentation),aformatthatis easy for both people and computers (database and spreadsheet programs) to use. InFAST-MAP,theusercanannotateboththeuserandinputfilesatanytimeusingthe"edit"function.FAST-MAPmaintainsthisuser-annotatedknowledgebasedynamicallybykeepingtrackofthechangestotheuser-annotatedfiles.Collectively,theseuser-annotatedfilesandtheFAST-MAPlibraries(describedinAppendixC)constitutethecompleteknowledgebaseforFAST-MAPforitsintelligentprocessing.B.1. Global information: User filesThe global information are stored in the user files, so called because they reside in thecommon "user/" directory that is shared by all the gels and studies. In this section, wedescribe the information stored in the various user files.B.1.1. preferencesThe "preferences" file specifies the computer environment in which the FAST-MAPprograms are run. The user

MUST annotate the "preferences" file correctly beforeattempting to run FAST-MAP.Here is a typical "preferences" file:

attribute value% (A) EDITING preferences:% Space_char - special character to use in place of SPACE in pathnames% Editor_name - editor to use for ’edit’/’ed’%% (B) DISPLAY preferences:% Display_type - display images in ’color’ or ’grayscale’% Mouse_clicks - use ’single’ or ’double’ clicks for mouse% Watch_cursor - show watch cursor while waiting% Gel_orientation - display gel image in ’reverse’ orientation (smaller% bps on top) or ’normal’ (bigger bps on top)%% (C) PRINTING preferences:% Printer_name - name of printer to send file/plots to% Printer_type - ’ps’ for postrcript or ’psc’ for color postscript

43A "header text file" is a text file where each line represents a record of information, and the whitespace(e.g., blanks or tabs) in each line separate the different information fields. The first line of the file specifiesthe column headers that name the different information fields.

257% Print_orientation - orientation of the printoutsSpace_char ~Editor_name emacsDisplay_type colorMouse_clicks singleWatch_cursoryesGel_orientation reversePrinter_name stonePrinter_type psPrint_orientation landscapeDetailed descriptionsHere are the definitions of the various attributes in "preferences":

attribute valueThe header tells FAST-MAP that the first column is comprised of "attribute"s that FAST-MAP can set when the program is run, and that the second column contains "value"s forthese "attributes". Each subsequent line therefore contains two entries: the attribute namedescribing the property to be set, and the value of that property.Space_char~The special character to use in place of SPACE in pathnames. For example, to define apathname like the following (as typical in Macintosh):My Macintosh:FAST-MAP Data:Gel 12/22:Type:My~Macintosh:FAST-MAP~Data:Gel~12/22:The user may define "Space_char" to any character as long as it is never used in thepathnames. The default is the tilde character "~".

258Editor_nameemacsThe "Editor_name" attribute tells FAST-MAP the editor that the user prefers to workwith. The value of this attribute is the operating system (e.g., UNIX) command that onewould type to start the editing program. For example, this editor command can be thename of the editor, or a path name to its binary executable file if it is not on the operatingsystem’s search path.The user must set "Editor_name" for FAST-MAP. On UNIX, the recommendededitors are "emacs" and "vi", which are usually bundled with most UNIX systems. Theuser may also set it to a spreadsheet program (such as Excel on Macintosh) as long as itinputs and outputs tabbed-text format. On Macintosh, FAST-MAP will bring up Matlab’sown editor if "Editor_name" is not set by the user.Display_typecolor(color) Display images and figures in color.(gray) Display images and figures in grayscale.(default)colorThis attribute specifies the display capability of the computer monitor.Mouse_clickssingle(single) Detect single mouse-clicks.(double) Detect double mouse-clicks.(default)singleThis attribute specifies whether a single or a double mouse-click is to be detected by FAST-MAP to invoke mouse-click-activated actions.

259Watch_cursoryes(yes) Display a watch cursor while waiting.(no) Do not display a watch cursor.(default)yesThis attribute specifies whether a watch cursor should be displayed in a busy window. Onsome system, turning this feature off may speed up display time.Gel_orientationreverse(normal) Display gel with bigger bps on top.(reverse) Display gel with smaller bps on top.(default)reverseThis attribute specifies the preferred orientation of gel images in the displays.Printer_nameslateThe attribute tells FAST-MAP the name of the preferred printer. FAST-MAP assumes thatthe computer can access the printer specified. For example, to print a "file" on a printernamed "slate" in a UNIX system, one would type:> lpr -Pslate "file"If this commands works from UNIX, then one can set the "Printer_name" attribute tothe value "slate". On a Macintosh, the user can use the "Print" command under the "File"menu. In this case, since the "Print" menu command uses the printer specified by theMacintosh’s "Chooser", there is no need to define this attribute.

260Printer_typeps(ps) Postscript printer.(psc) Color postscript printer.(default)psThis attribute specifies type of the printer as specified in "Printer_name". Currently,FAST-MAP only supports Postscript printers on UNIX. On a Macintosh, there is no needto define this attribute since the user can always use the "Print" menu command to print.Print_orientationlandscape(landscape) Print in landscape orientation.(portrait) Print in portrait orientation.(default)landscapeThis attribute specifies orientation of the printouts. Again, on a Macintosh, there is no needto define this attribute as the user can specify the printout orientation under "Page Setup"with the "Print" menu command.B.1.2. nicknamesThe "nicknames" file is where the user can define easy-to-remember aliases to pathnamesof various data objects in FAST-MAP. For rapid data accesses, the user can refer to thesenicknames instead of having to remember (and type in) the complete pathnames.There are four types of objects that can be defined in "nicknames": (1) gel directories; (2)study directories; (3) shared matrix files; and (4) shared sample sheets. Although FAST-MAP imposes no restrictions on how the user organizes the "nicknames", it may be usefulto divide the "nicknames" file into four sections, each corresponding to an object type. Byorganizing the "nicknames" in this way, the user can take advantage of the "type" column’scapability of inheriting the value from a previous row if left unspecified. Here is how atypical "nicknames" may look like:

261nicknamepathnametype%% Section 1: Gel Directories%GEL1/afs/cs/project/genome/demo/gels/Gel1/ gelGEL2 /afs/cs/project/genome/demo/gels/Gel2/%% Section 2: Study Directories%STUDY1/afs/cs/project/genome/demo/studies/Study1/ study%% Section 3: Shared matrix files%MATR211/afs/cs/project/genome/demo/matrices/R211.matrix matrix%% Section 4: Shared sample sheets%% None at presentThe "nicknames" file must be annotated by the user when a new gel or study is added toFAST-MAP. Periodically, the user should also remove obsolete nicknames from the filefor faster performance.Detailed descriptionsHere are the definitions of each of the three columns in "nicknames":

nickname pathname typeThe header tells FAST-MAP that the "nicknames" user file contains three columns. Eachrow describes a FAST-MAP object by stating first the object’s alias under "nickname",followed by the full "pathname" of the object, an then the "type".

262Column 1:nicknameThe first item in each row contains the alias or nickname of the object that will be used inFAST-MAP to refer to the object defined. The nickname must (1) be

unique for everyobject defined in the "nicknames" file, and (2) contain only non-reserved characters.Column 2:pathnameThe second item contains the complete pathname of the object. If the object is a directory(object type "gel" or "study"), it must be a pathname pointing to a directory. in otherwords, on UNIX, the pathname must end with a "/", whereas on a Macintosh, it mustend with a ":". If the objet is a file (object type "matrix" or "sample"), it must be acomplete pathname pointing to a file (that is, ending with the particular file’s name).If the original pathname contains SPACE characters, replace each SPACE with thespecial character defined as "Space_char" in "preferences".Column 3:typeThe third item specifies the type of the object. There are four types supported in FAST-MAP: "gel", "study", "matrix", and "sample". Enter "gel" in the third column if theobject defined is a gel directory, "study" if it is a study directory. Enter "matrix" if theobject is an ABI matrix file, and "sample" if the object is an ABI sample file. Note thatthe pathname of a gel or study nickname points to a directory, whereas the pathname of amatrix or a sample file nickname points to a file.The "type" column is optional in the sense that if it is not specified, it will inherit the"type" value from a previous row (if no previous row exists, it defaults to a "gel"). Takeadvantage of this feature by organizing the "nicknames" file by grouping objects of thesame types together, as shown above. Otherwise, specify the "type" for each object in"nicknames" to avoid any confusion.

263B.1.3. dyesThe "dyes" user file specifies synonyms used for each fluorescent dye. Currently, FAST-MAP supports four classes of fluorescent dye with the names: "blue", "green", "yellow",and "red". Despite the chromatic nature of the dye names, they actually define the order ofthe dye planes in which they were scanned in the DNA sequencer during data generation:"blue" « first dye plane"green" « second dye plane"yellow" « third dye plane"red" « fourth dye planeThese chromatic labels of the four dye classes are chosen merely to coincide with thecurrent conventional color scheme for graphical displays. FAST-MAP can be easilyextended to handle more than four dyes in future by defining additional classes in the"dyes" user file.Here is a default "dyes" user file:

dye_name aliasesbluefamgreentetyellowhexredtam tamra roxThe synonymous dye names can then be used interchangeably in the "dye" fields of userfiles such as "markers" and "size_stds". For example, with the above "dyes" definitions,we can use any of the labels "tam", "tamra", "rox", or "red" to define a size standard that isrun on the fourth dye plane.Detailed descriptionsHere are the detailed descriptions of the "dyes" user file:

264dye_namealiasesThe header tells FAST-MAP that the "dyes" user file contains two columns. Each rowdescribes a particular class of dyes, followed by a list of one or more common dyes thatbelong to that class.Column 1:dye_nameThere are currently only four dye classes defined in FAST-MAP: "blue", "green","yellow", and "red". Technically, they define the first, second, third, and fourth dyeplanes of the DNA sequencer. The chromatic nature of the names merely reflects theconventional color scheme for visualizing the gel images. When new fluorescent dyetechnology emerges, we will extend the "dye_name" column to contain as many newdye classes as necessary.Column 2:aliasesFor each "dye_name", the user can define the synonymous fluorescent dyes under"aliases". For example, the "tamra" dye and the "rox" dye may both be defined asaliases to the "red" dye class.B.1.4. size_stdsThe "size_stds" user file specifies the size standards. Each size standard is defined by thefluorescent dye used and the sizes (in base pairs) it contains. Each size standard’sdefinition must fit one a

single line. Here’s a typical "size_stds" file:

name dye sizes% Genescan 500%GS500 TAM 35 50 75 100 139 150 160 200 250 300 340 350 ... 490 500% Bioventure’s 20-bp ladder%BVMap TAM 70 80 90 100 120 140 160 180 190 200 220 240 ... 380 400

265A new name must be given (for example, with a version number appended to the originalname) when a size standard has been changed (for example, by inserting or deleting areference size, or by using a new fluorescent dye). However, there is no need to define anew size standard in "size_stds" for cases where a gel is incompletely imaged such that notall of the sizes in the size standard appear on that gel. In these situations, the user candefine the actual range of the sizes by setting the "Min_size_standard" and"Max_size_standard" parameters in the gel’s "settings" file.Detailed descriptionsHere is a detailed description of the "size_stds" file:

name dyesizesThe "size_stds" file contains three columns as defined in the above headers. A sizestandard is specified by both the "dye" it is run with, and the "sizes" it contains. If eitherthe "dye" field or the "sizes" field has been changed, the size standard must be definedunder a new "name".Column 1:nameThe first item is the name of the size standard being defined. As with all names in FAST-MAP, it should contain no "%" or white-space characters.Column 2:dyeThe fluorescent dye used for the size standard. This dye name must be defined in the"dyes" user file.Column 3:sizesThe list of sizes (in base pairs) of the size standards. They must be ON THE SAMELINE and delimited by spaces or tabs.

266B.1.5. markersThe "markers" file is where the user defines the characteristics of the markers used. Thedefinition of a marker consists of:¥

name: the name of the microsatellite marker;¥ min_size: the size (in base pairs) of the smallest known allele for the marker;¥ max_size: the size (in base pairs) of the largest known allele for the marker;¥ dye: the fluorescent dye used to tag the marker;¥ repeat_size: the size of the repetitive DNA unit in the microsatellite;¥ plusA_handling: special handling (if any) which suppresses or enhances the plusAartifact;¥ ladder: whether the peak sizes of the marker’s alleles usually fall on a regularly spacedallelic ladder.Here’s a typical "markers" file:

name minmaxdyerepeat plusA ladder% Markers for "panel1"%p1m1103161FAM2enhanceyesp1m2316366FAM2enhanceyesp1m3176224HEX2enhanceyesp1m4290326HEX2enhanceyesp1m5178238TET2enhanceyesNote that if a marker characteristic (e.g. primer, buffer, enzyme) changes, the PCR stutterpattern typically changes as well. The user must make a new entry of the marker in the"markers" file and use a different marker name to help FAST-MAP distinguish it from anyprevious versions of the same marker locus. We suggest using a version number namingscheme: for the first version, the user names the marker without a version number (e.g.,"p1m1"). For later versions, the user appends a version identifier (e.g., "p1m1_2", or"p1m1b").Detailed descriptionsHere’s a detailed description of the "markers" file:

267nameminmaxdyerepeatplusAladderThe "markers" file contains seven columns as defined by the above headers. Altogether,they form the requisite marker information used by FAST-MAP in genotyping.Column 1:nameThe first item is the name of the marker being defined. As mentioned before, the user mustmake a new entry under a different marker name if any characteristics of a marker has beenaltered.Column 2:minThe second item is the size (in base pairs) of the smallest allele thus far detected for themicrosatellite marker.Column 3:maxThe third item is the size (in base pairs) of the largest allele thus far detected for themicrosatellite marker.Column 4:dyeThe fourth item specifies the fluorescent dye used to tag the microsatellite. The dye nameshould be defined in the "dyes" user file.Column 5:repeatThe fifth item specifies the size of the repetitive DNA unit (e.g., "1", "2", "3", or "4") inthe microsatellite. For example, "2" indicates a di-nucleotide repeat.Column 6:plusA(none) No special handling.(enhance) PlusA was enhanced.(suppress) PlusA was suppressed.

268(default)noneThe sixth item specifies how the plusA artifact for the marker has been handledexperimentally. If there are two occurrences of the same marker with different plusAhandling types, then they should be tagged with different version identifiers, todistinguish them from one another.Column 7:ladder(yes) The peak sizes of the marker’s alleles fall on an evenly spaced allelicladder.(no) The peak sizes of the marker’s alleles do not fall on an evenlyspaced allelic ladder. That is, odd-even alleles may be common forthis marker.(default)yesThis final item specifies if an evenly-spaced allelic ladder is expected of the marker. Thatis, whether the genotypes of the marker contains only alleles from an evenly-spacedladder.Even though FAST-MAP will automatically use the appropriate default values or inheritfrom a previous marker if a column is left unspecified, we strongly advise the user toalways fill in every column for each marker to avoid any confusion.B.1.6. panelsThe "panels" user file contains the definitions of the marker panels. A panel is defined as alist of markers. Here’s a typical "panels" file:

name markerspanel1p1m1 p1m2 p1m3 p1m4 p1m5panel1ap1m1 p1m2

269Detailed descriptionsAnd here is a detailed description of the "panels" file:

name markersThe "panels" file’s header, as shown above, indicates that each panel entry must containtwo fields: the name of the panel, followed by a list of marker names which has beendefined in the "markers" file.Column 1:nameThe first item is the name of the genetic marker panel being defined. As with all names inFAST-MAP, it should contain no "%" or white-space characters.Column 2:markersA list of marker names delimited by spaces or tabs ON THE SAME LINE. Each of themarker names must be defined in the "markers" file.B.1.7. pedigreesThe "pedigrees" file is a header text file which has a similar format with LINKAGEpedigree files. In this file, the user specifies the relationships of individuals (samples)whose DNA’s are being genotyped. For example:

pedigree sample father mother sexPed01Ped01P10 0 1Ped01Ped01P2 0 0 2Ped01Ped01C1 Ped01P1 Ped01P2 0Ped01Ped01C2 Ped01P1 Ped01P2 0Ped02Ped02P1 0 0 1Ped02Ped02P2 0 0 2Ped02Ped02C3 Ped02P1 Ped02P2 0Ped02Ped02C4 Ped02P1 Ped02P2 0

270In the current version, there is only one "pedigrees" file. This means that the pedigreeinformation of all the individuals in all the gels being analyzed must be specified in a singlefile. The pedigrees are only used in the viewing program allele_viewtodisplaythegenotypesofrelatedindividualstogether.Therefore,insteadofkeepingallthepedigreestogetherinthe"pedigrees"file,itmaybebettertoonlyimporttherelevantpedigreesintothe"pedigrees"filewhenviewingtheirgenotypes.Wewillprovideabetterorganizationofthepedigreesfilesinafutureversion.Also,eachindividualcanbelongtoonlyonepedigreeatonetime.Detailed descriptionsHere is a detailed description of the "pedigrees" file:

pedigree sample father mother sexThe header of the "pedigrees" file, as shown above, indicates that each individual must bedefined on a single line by five attributes: the name of the pedigree the individual belongsto, the sample ID of the individual, the IDs of the two parents, and the sex of theindividual. In other words, "pedigrees" is a file containing five columns.Column 1:pedigreeThe first item is the name of the pedigree to which the individual belongs.Column 2:sampleThe second item is the sample ID used in labeling the DNA from the individual.Column 3:father(default)0The third item is the sample ID of the father. If the father is unknown, enter "0".

271Column 4:mother(default)0The fourth item is the sample ID of the mother. If the mother is not known, enter "0".Column 5:sex(1) Male.(2) Female.(0) Unknown.(default)0This final item specifies the gender of the sample. If it is not known, enter "0".For users who do not already have pedigrees files in this format, we provide an utilityfunction add_pedigrees to help the user annotate the "pedigrees" file from the sample namesprovided in the "layout" files automatically.B.2. Specific information: Input filesThe input files are so called because they reside in the "<gel>/input/" and "<study>/input/"directories. The input files contain information that are specific to a particular <gel> or<study>, unlike the user files which are globally accessible by all the gels and studies in thesystem. It is therefore necessary to create and annotate the input files for every new gel orstudy.There are only two input files for both gels and studies:¥In the "settings" file, the user (1) provides gel or study-specific information, (2)controls the operations of the different FAST-MAP programs on the gel or study.Attributes for (2) appear in both the "settings" file for a gel and the "settings" file for astudy. The user specify in the study’s "settings" file whether to use these values fromthe study’s "settings" file, or to use each individual gel’s settings instead.¥The "layout" file of a gel contains information about the marker multiplexing on thatgel, while the "layout" of a study simply lists the names of the gels in the study.

272B.2.1. settings (gel)The "settings" file for a gel has two functions: (1) it lets the user annotate specific details(e.g. gel file name, DNA-sequencer type) about the gel itself, and (2) it lets the user controlthe operation of the different FAST-MAP programs.For convenience, we divide the "settings" file accordingly:¥Section 1: Gel-specific settings.This is the only section that the user MUST go through and fill in the appropriate values(where applicable) when setting up a gel;¥Section 2: Program animation settings.This section contains settings to control the messages and animation of programexecution;¥Section 3: Allele_call settings.This section contains settings related to the program allele_call ;¥Section 4: Allele_results settings.This section contains user preferences for generating the results file. Since allele_viewdisplays the genotypes in the results file, these allele_results settings also affect theallele_view indirectly;¥Section 5: Allele_view settings.This section, together with the section for allele_reults, contain settings to customize thedisplay in allele_view;¥Section 6: Marker_view settings.This section allows the user to customize the display in marker_view;¥Section 7: Allele_printout settings.This section is for controlling the layout of the printouts generated by the programallele_printout.

273When setting up a new gel, it is important to create the "settings" file first (using thecommand edit), and then followed by the "layout" file. This is because the "layout" file iscreated based on information such as the sample file name, the panel name, and the sizestandard name provided in Section 1 of the gel’s "settings" file.Here is a typical "settings" file for a gel:

attribute value%

Section 1. Gel-specific settings (Please fill in this section)%Gel_file_name R211a.gelMatrix_file_name MATR211Sample_file_name R211a.samplesSequencer_type ABINumber_of_lanes 34Size_standard BVMapMin_size_standard 70Max_size_standard 400Panel_name panel1Experiment_condition Noise_threshold 50%

Section 2. Program animation settings%Verbose_mode_on yesShow_plots no%

Section 3. Allele_call settings%Redo_import_planes noRedo_manifold noRedo_quantitation noRedo_allele_calling noAnalyze_noisy_data yes%

Section 4. Allele_results settings%Output_noise_genotypesnoOutput_sort_by markersLatest_sample_only noRound_evenly_spacedno%

Section 5. Allele_view settings%Prioritize_results worst_first%

Section 6. Marker_view settings%Lanes_per_view 5%

Section 7. Allele_printout settings%Send_to_printer yes

274Show_figure noRows_per_page 4Columns_per_page 2Include_electro_plots noDetailed descriptionsHere are the detailed descriptions of the attributes in a gel’s "settings" file:

attribute valueThe header indicates that each subsequent line in "settings" contains two entries: theattribute name describing the property to be set, and the value of that property.%

Section 1: Gel-specific settingsGel_file_nameR211a.gelThe name of the gel file or collection file residing in the "input/" directory of a geldirectory. There is no need to specify the complete path as the gel file must reside in"<gel>/input/" directory. Remember to replace each SPACE with the special"Space_char" defined in the "preferences" file if there are any SPACE characters inthe file-name.Matrix_file_nameR211_MATRIXIf the gel data is in the form of any ABI/377 or ABI/XL data file, or an ABI/373"collection" file, the corresponding matrix file must be specified as the value of thisattribute. Any of the following can be a valid value:¥ a full path-name,¥ a file-name in the gel input directory, or¥ a valid nickname specified as a shared matrix file in "nicknames".Sample_file_nameR211a.samples

275If an ABI sample file containing the sample names and the gel layout information isavailable, FAST-MAP can create a "layout" file by reading from this sample file. Thissaves the user from having to type in all the sample names in "layout". Like the matrixfile, any of the following can be a valid value:¥ a full path-name,¥ a file-name in the gel input directory, or¥ a valid nickname specified as a shared sample file in "nicknames".Sequencer_typeABI(ABI) Any ABI sequencer. FAST-MAP can determine the machine model(e.g. ABI/373, ABI/377, or ABI/XL) automatically.(ALF) Pharmacia sequencer.(default)ABIThe type of DNA sequencing machine used in generating the gel data file.Number_of_lanes34The total number of lanes on the gel. Some or all of these lanes may be loaded with sizestandards and DNA samples. The user will specify the actual loading pattern in thecompanion "layout" file.Size_standard BVMapThis attribute is used to help FAST-MAP in creating the "layout" file. The value must bea valid size standard defined in the "size_stds" file.Since the sole purpose of this attribute is to help FAST-MAP set up the "layout" file,FAST-MAP refers to the "layout" file for the name of the size standard that has been runon the gel. Therefore, if the "layout" contains a different size standard name from the onein the "settings", the name in the "layout" is used.Min_size_standard 70

276The actual range of the size standards imaged may not contain all the sizes from the sizestandard specified. At the lower bp region, the primer peaks may interfere with peaksfrom the smaller sizes of the size standard. To get past these primer peaks, the attributeMin_size_standard allows the user to specify the smallest size standard visibleacross all loaded lanes on the gel. FAST-MAP’s grid construction is able to handleincorrect specifications of this field if they are off by one or two rows. However, whenin doubt, the user should leave this value blank first, and then use prep_call followed byprep_view to look at the gel image to ascertain the smallest visible size standard bands.While in prep_view, the user can further help FAST-MAP by cropping away the primerregions (that is, setting the "Start Scan").If left unspecified, FAST-MAP will assume that the Min_size_standard is thesmallest size in the size standard as defined in the user file "size_stds".Max_size_standard 400Similarly, the gel may be incompletely imaged such that the bands from the larger sizesare not captured on the gel. The attribute Max_size_standard allows the user tospecify the largest size standard visible across all loaded lanes on the gel. If leftunspecified, FAST-MAP will assume that the Max_size_standard is the largest sizein the size standard as defined in the user file "size_stds".Panel_name panel1The Panel_name attribute is also used to help FAST-MAP create the default "layout"file. The value must be a valid maker panel defined in the "panels" file. As before, if thepanel names in the "layout" file differ from that specified in "settings", FAST-MAP usesthe values in the "layout".Experiment_conditionThe user can use any character string to describe the experimental conditions. This stringdenotes certain experimental conditions that can vary between gels when using the samepanel. The reason for distinguishing experimental conditions is that certain data features(e.g., size binning) of a marker may vary slightly under different conditions (e.g.,machine type, primers, gel temperature, etc.). For example, suppose that both GelA and

277GelB used the same panel and size standard, but GelA was run on an ABI/373 and GelBon an ABI/377. To distinguish between the two, enter a different string inside the"Experiment_condition" slot for the gels. An empty (or absent) string is a validvalue, and can be used initially.Noise_threshold50This attribute allows the user to set the maximum signal intensity caused by backgroundnoise in the electropherograms. For ABI sequencers, the typical value is a numberbetween 50 (default) to 100.%

Section 2: Program animation settingsVerbose_mode_onyes(yes)Display informative text output in the main Matlab window duringprogram executions.(no)Execute programs in silence, but display warnings and errors.(default)yesShow_plotsno(yes)Display graphical animation during allele_call and image_call (mayslow down computation considerably).(no)Do not display graphical animation.(default) no%

Section 3: Allele_call settingsRedo_import_planesno(yes) Re-extract gel images in allele_call even if extracted images alreadyexist.(no) Do not re-extract gel images in allele_call.

278(default) noNote that calling prep_call directly will

always re-extract the gel images from the gel datafile even if Redo_import_planes hasbeensetto"no".Redo_manifoldno(yes) Always re-build the size-grid in allele_call.(no) Do not re-build in allele_call the sizing grid if one already exists forthat gel.(default) noNote that in the following cases, FAST-MAP will

always re-build the manifold even ifRedo_manifold hasbeensetto"no":¥callingimage_call directly on the gel;¥the gel images have been re-extracted from the gel data file; or¥the user has modified the manifold using image_view.Redo_quantitationno(yes) Ignore any quantitation results from a previous run, re-quantitate thedata for all experiments.(no) Use the quantitation results from a previous run if they alreadyexists.(default) noNote that if a new manifold has been constructed, FAST-MAP will always re-quantitatethe data even if Redo_quantitation hasbeensetto"no".Redo_allele_callingno(yes)Performs allele_calling again on all experiments.(no)Do not genotype again those experiments that have already beengenotyped.

279(default) noIf an experiment has been re-quantitated (in the various ways as described above), FAST-MAP will

always re-genotype the data even if Redo_allele_callinghasbeensetto "no".Analyse_noisy_datayes(yes)Do attempt to genotype experiments containing only data which aredeemed to be noisy.(no)Do not genotype experiments containing only noise.(default)yesIn FAST-MAP, those experiments that are considered to contain noise only are assigneda quality measure of the value 0.%

Section 4: Allele_results settingsOutput_noise_genotypesno(yes) In the results file, output all computer genotypes even if they have 0quality (i.e. noise).(no) Do not output, as the final allele calls, those genotypes of whichFAST-MAP has deemed as noise. Instead, call these noisegenotypes (0,0).(default) noThis attribute also affects the display of called alleles in the main window of allele_view.The third panel of the main allele_view window displays the final allele calls as output inthe results file. For noise genotypes, if Output_noise_genotypes has been set to"no", a "NOISE ONLY" label is displayed in the main window instead of the attemptedcomputer calls on the noise genotypes. If Output_noise_genotypes has been setto "yes", the noise genotypes will be labeled "noise", but the attempted computer allelecalls will also be displayed in the window.

280Output_sort_bymarkers(markers) In the results file, output the allele calls sorted by markers.(samples) Output the allele calls sorted by samples.(default) markersLatest_sample_onlyno(yes) In the results file, output the latest allele calls of the sample if thereare multiple copies. Within a study, the gels are orderedchronologically according to their order of appearance in the study’s"layout"; within a gel, the genotypes are ordered chronologicallyaccording to their lane numbers.(no) Output all the allele calls, including any duplicate samples.(default) noRound_evenly_spacedno(yes) Round all the alleles so that they fall on a strictly evenly-spaced ladder.This is useful with low resolution size calibration and microsatelliteswith a long repeat unit, for example, tri-nucleotides and tetra-nucleotides.(no) Do not adjust the alleles.(default) no%

Section 5: Allele_view settingsPrioritize_resultsworst_first(worst_first) In the "Prioritized" mode, order the experiments in increasinggenotyping quality (i.e. view the bad genotypes first).(best_first) In the "Prioritized" mode, order the experiments in decreasinggenotyping quality (i.e. view the good genotypes first).(default) worst_first

281%Section 6: Marker_view settingsLanes_per_view5Number of lanes to be viewed simultaneously in a single marker_view window.%

Section 7: Allele_printout settingsSend_to_printeryes(yes)The plots are printed immediately on the printer specified in"preferences"(no)Plots are not sent to the printer. Instead, they are saved as a post-script file to be printed by the user later (see "allele_printout" forfurther details).(default)yesShow_figureno(yes)The plots are displayed on the screen while they are being saved orprinted.(no)Plots are not displayed while they are being compiled as hardcopy.(default) noRows_per_page4Several plots can be printed on one page by arranging them in multiple rows andcolumns. The value of this setting sets the number of rows on a single page. Thedefault value is 4.Columns_per_page2Multiple plots can be printed on one row by setting this slot to a value greater than 1.The default value is 2. (The default total number of plots is 8 per page.)

282Include_electro_plotsno(yes)Include electropherograms in the printouts.(no)Do not include electropherograms in the printouts.(default)noBy default, only the fitted peak profiles (along with called genotypes highlighted as filledpeaks) are saved inside a hard-copy. This slot allows the long-range electropherogramtrace (which spans the entire allele window) to be included inside the hard-copy.B.2.2. layout (gel)In the gel’s "layout" file, the user lays out for the computer the marker multiplexing in asimple way. There are four header entries:¥

lane, the lane number on the gel. The lane should still be specified even if it has notbeen loaded. In other words, the layout must consist of lanes 1 through"Number_of_lanes" as specified in "settings".¥

sample, an identifier for the DNA sample tested.¥ panel, the marker panel used in this lane for PCR amplifying the sample.¥ size_std, the molecular weight size standards used in the lane. In the current softwareversion, the identical size standards must be used in every loaded lane.If an ABI sample file is supplied, FAST-MAP can automatically generate a "layout" filefrom this sample file together with the panel and size standard information supplied in thegel’s "settings" file.The following example is a partial listing of a gel’s "layout" file. The actual file has 34lanes specified in this way for a marker panel (panel1) and the Bioventures molecularweight markers (BVMap) loaded in lanes 1 through 32.

lanesample panel size_std1ped01P1panel1BVMap2ped01P2panel1BVMap3ped01C1panel1BVMap4ped01C2panel1BVMap

2835ped01C3panel1BVMap6ped01C4panel1BVMap7ped01C5panel1BVMap8ped02P1panel1BVMap9ped02P2panel1BVMap10ped02C1panel1BVMap...32ped05C4panel1BVMap33blankblankblank34blankblankblankSince there is often only one marker panel or size standard set used on a given gel, weprovide a simpler way to specify layouts for these gels. The rule is that the panel or sizestandard needs to be specified only the first time it is used. After the first occurrence, thepanel or size_std is assumed to be unchanged. For example:

lanesample panel size_std1ped01P1panel1BVMap2ped01P23ped01C14ped01C25ped01C36ped01C47ped01C58ped02P19ped02P210ped02C1...32ped05C433blankblankblank34blankWhen multiple panels are used, a similar rule applies. For example, if panel1 is used forlanes 1-7, and panel2 is used for lanes 8-10, the following layout file can be used:

size_std1ped01P1panel1BVMap2ped01P23ped01C14ped01C25ped01C36ped01C47ped01C58ped02P1panel29ped02P210ped02C1...

284It is important to remember that FAST-MAP is an expectation-based system. It reliesunquestioningly on the loading patterns specified by the user in the "layout" file. To helpFAST-MAP, the user must enter the correct gel loading pattern in "layout". If necessary,the user can use the program prep_view to quickly review the extracted gel images andverify the correct layout before allowing FAST-MAP to proceed with lane tracking (whichdepends on the "size_stds" column in "layout"), MW size calibration (which depends onthe "Min_size_standard" and "Max_size_standard" attributes in "settings").Detailed descriptionsHere’s a detailed description of a gel’s "layout" file:

lane sample panel size_stdThe "layout" file contains four columns as defined by the above header. The user specifiesthe loading pattern by telling the computer which of the lanes are loaded with DNA samplesand which of the lanes are loaded with molecular weight size standards. With this simplespecification scheme, we can easily specify complex loading patterns such as (1) differentpanels being loaded in different lanes on the same gel, and (2) DNA samples being loadedin alternate lanes from those loaded with the molecular weight standards (as typical on asingle-dye system).Column 1:laneThis column contains the lane numbers, which must be from 1 to the value of"Number_of_lanes" as specified in "settings".Column 2:sampleThe second column contains the sample names. As with any names in FAST-MAP, thesample names should not contain any SPACE or "%" characters. To use the "ViewFamily" functionality in allele_view, these sample names should also be defined in the"pedigrees" file.If a lane is unloaded, use the keyword "blank" for the sample name.

285Column 3:panelThe third column contains the names of the marker panels used for PCR amplifying therespective samples in the lanes. The marker panels need not be the same, but they mustbe defined in the "panels" file. If a lane is unloaded, use the keyword "blank".Column 4:size_stdThe last column contains the names of the molecular weight standards used in the lanes.Use the keyword "blank" for unloaded lanes. Although this specification scheme allowsthe flexibility of using different size standards on the same gel, FAST-MAP’s automaticsize calibration program requires that each gel uses only one size standard.B.2.3. settings (study)The "settings" file for a study is the same as the "settings" file for a gel except for the gel-specific section (Section 1). Instead, this section is replaced by a section which allows theuser to specify whether to use the values in the study’s "settings" to process all itscomponent gels or to use each individual gel’s own "settings" instead.Here is a typical "settings" for a study :

attribute value%

Section 1. Study-specific settings (Please fill in this section)%Use_study_settings yes%

Section 2. Program animation settings%Verbose_mode_on yesShow_plots no%

Section 3. Allele_call settings%Redo_import_planes noRedo_manifold noRedo_quantitation noRedo_allele_calling no

286Analyze_noisy_data yes%

Section 4. Allele_results settings%Output_noise_genotypesnoOutput_sort_by markersLatest_sample_only no%

Section 5. Allele_view settings%Prioritize_results worst_first%

Section 6. Marker_view settings%Lanes_per_view 5%

Section 7. Allele_printout settings%Send_to_printer yesShow_figure noRows_per_page 4Columns_per_page 2Include_electro_plots noDetailed descriptionsWe describe here only the study-specific section (for the other sections of "settings", see"settings (gel)"):% Section 1: Study-specific settingsUse_study_settingsyes(yes)Use the values in the study’s "settings" to process each componentgels in the study.(no)Use the gels’ own "settings" instead.(default)yes

287B.2.4 layout (study)In FAST-MAP, a study is defined as a set of gels. Therefore, the "layout" of a study is alist of nicknames of the component gels in the study. The order of these nicknames definesthe chronological order of the gels -- newer gels should be appended to the end of the gellist. Here’s a typical study "layout" file:

gel%% Gels for panel1 study%GEL1% 4/15/97, Ped01-Ped06GEL2% 4/16/97, Ped06-Ped11GEL3% 4/18/97, Ped12-Ped17Detailed descriptionsAnd here’s a detailed description of the "layout" file for a study:

gel The header of the "layout" file for a study indicates that the file is a single-column fileconsists of gel names.Column 1:gelThe nicknames of the study’s component gels are entered one on each row. They mustbe defined under the type "gel" in the "nicknames" file. The order of these nicknamesreflect the chronological order of the gels, with the older ones on top and the newer onesappended to the end of the list.As with any user/input files in FAST-MAP, the user is free to add comments anywhere inthe files as long as they are marked with the "%" character (as shown in the example"layout" file).

289Appendix C: FAST-MAP’s LibrariesFor a system to be useful in processing real data in realtime, it must be efficient in its dataprocessing as well as robust against the various nuances present in real data. In FAST-MAP, the major means for the requisite speed and robustness is intelligent expectation-based computation. For speed, FAST-MAP uses well-informed expectations to focus itsattention directly on the relevant features of the input, instead of spending time on the lessimportant features. For robustness, FAST-MAP uses its learned expectations todistinguish between data and random noise, thereby avoiding making mistakes due to datasingularities.The key, then, is to construct useful, realistic, and specific expectations about the data. Forthis, FAST-MAP relies on its knowledge acquired on similar data over time. Because thedata knowledge is specific to the types of data being processed, we organize the acquiredinformation in data structures called libraries, implemented in FAST-MAP as individualfiles that are compiled automatically. As FAST-MAP processes more data, it is able toaugment the appropriate library files with more information and automatically becomesmore knowledgeable over time.There are four main classes of information learned by FAST-MAP:¥binning information of size standards: FAST-MAP uses previous relative pixellocations of MW bands to construct reliable expectations on where to rapidly search forMW bands on the current gel;¥binning information for markers: FAST-MAP uses relative pixel information onmarkers from previous gels to guide its search for marker bands on the current gel.The binning information is also used in assigning consistent integral allele labels to themarker bands;¥stutter information for markers: FAST-MAP uses previously observed stutter patternsto deconvolve for genotypes; and¥relative amplification information for markers: FAST-MAP uses the amplificationratios computed from previously analyzed marker data to adjust for relativeamplification in the current stutter patterns .

290In the following sections, we describe the different types of information that FAST-MAPstores in its libraries.C.1. Binning libraries for size standardsDNA fragments do not migrate linearly on an electrophoretic gel (Southern, 1979). Torobustly predict the whereabouts of MW bands on a gel without assuming any globalfunctional forms for DNA migration, we use the locations of MW bands detected onprevious gels that were ran under similar experimental conditions. For this purpose,FAST-MAP keeps a customized MW library file for every size standard and experimentalcondition used by a particular user.To predict the locations of the MW bands on a gel, the corresponding size standard binninglibrary must provide the relative pixel information for the MW standard. In FAST-MAP,we store the absolute pixel values from the previous gels since it is only a trivialcomputation to compute the relative pixels from the absolute pixel values (the absolute pixelvalues are useful for debugging the binning libraries). Thus, a FAST-MAP size standardbinning library contains the following information:¥the sizes of the size standard DNA fragments;¥the actual absolute image pixels of each MW band detected previously on a gel lane.Here is an example of a size standard (GS350) binning library:MW (bp)5075100139150160200250300340350

Gel1, L1311733145626246889451253155700

Gel1, L2311753165646266909481258155900

Gel2, L102660296434903630377543635116596366226801

Gel2, L202597289834233561370642955049589965586737

::::::::::::

Each row in the library is labeled by the gel name (e.g. Gel1) and the lane number (e.g.L1), followed by the absolute pixel values for each of the MW size in the standard.Missing MW fragments are entered zeros as their pixel values. In the above example, Gel1contains only size fragments of up to 300 bp, while Gel2 starts at 75 bp instead of 50 bp.Indeed, the range of MW bands that actually showed up on the gel image tend to vary from

291gel to gel: the smaller MW may have been mixed up with the primer signals, while thelarger MW may not have been separated because of insufficient gel run time.To predict the relative pixels of a new gel that has the size standard GS350 running, say,from 75 bp to 300 bp, we take the element-to-element column vector division of thenonzero columns in the binning library:pi=mean((ci-cstart)./(cend-cstart))where pi denotes the predicted relative pixel of i bp, ci denotes a nonzero library columnfor i bp, and in this case, start = 75 and end = 300. The operator "./" denotes element-to-element column vector division. The predicted relative pixels (based on the 4 rows shown)for the new gel are:p75p100p139p150p160p200p250p300

0.0967.2659.3093.3544.5365.76231

C.2. Binning libraries for markersLike the size standard binning libraries, the marker binning libraries store relative pixelinformation about marker bands. FAST-MAP uses the relative pixel information acquiredfrom previous gels to predict where to efficiently search for marker bands in the currentelectropherogram. Additionally, the corresponding binned sizes allows FAST-MAP toconsistently assign integer allele labels to the detected marker bands.Unlike the size standard binning libraries, we store the predicted relative pixels in themarker binning libraries since it is nontrivial to re-compute them on the fly using stuttercrawling. In addition, we also store the training data within the libraries so that they can beincorporated with new data for re-training to facilitate incremental learning.

292Here is a typical marker (D16S415) binning library in FAST-MAP:Allele labels194195196197198199…

Relative pixels.008.023.038.053.068.083…

Repeat unit2 bp

Alleles binned so far203205207223225227…

Allele ladder’s start bp195

Gel1, L1 (band locations).474.504.535.565

Gel1, L1 (band heights).085.239.456.290

Gel1, L2 (band locations).231.261.291.306.323.443…

Gel1, L2 (band heights).025.085.361.129.999.031…

::::::::

The binning library file can be divided into three main sections:¥The first section (rows 1 and 2) defines the allele bins with an assignment of theintegral allele labels to the predicted relative pixel values;¥The next section provides more information about the marker, such as the expectedlength of a repeat unit for the marker, the alleles that FAST-MAP has actually binned sofar, and the start base pair of the predicted allelic ladder to indicate the expected parityof the possible marker alleles (in this case, we expect a ladder of 195 bp, 197 bp, 199bp, and so on for D16S415);¥The final section stores the binning training data that we have acquired so far. For eachgel lane that was used for binning, we record the relative pixels of the stutter trailtogether with the stutter band’s normalized heights. When stutter crawling, the heightsof the bands are used as a quality and confidence measure about the stutter bands.C.3. Genotyping libraries for markersAutomatic genotyping has been precluded (mainly) by two PCR artifacts: stuttering andrelative amplification. These reproducible artifacts are recorded in FAST-MAP’sgenotyping libraries; they are then used to predict the expected stutter and amplificationpatterns for deconvolution. As the stutter and amplification patterns are highly specific,FAST-MAP maintains a detailed genotyping library for each marker under everyexperimental condition used by an user. Each of the genotyping libraries consists of twocomponents: a stutter pattern matrix, and a relative amplification ratio table.

293Stutter pattern matrixLike the marker binning libraries, we store the training data together with the stutter patternmatrix A in order to facilitate incremental learning. The training set can be augmented withmore data as they become available, allowing FAST-MAP to refine its stutter matrix overtime.The stutter pattern matrix A is stored as a two dimensional matrix indexed by integer allelelabels, such as:114 bp112 bp110 bp108 bp106 bp

114 bp1.0000000

112 bp0.5001.000000

110 bp0.2500.6001.00000

108 bp0.1250.3000.7001.0000

106 bp00.1500.3500.8001.000

104 bp000.1600.4000.900

102 bp0000.2000.450

100 bp00000.220

For the associated training data, we store the known genotypes, the amplification ratios, thequality measures, and the observed data vectors:genotyperatioqualobserved data vector

Gel1, L1112, 114.992.895.246.388.219.089.034.004.019.000

Gel1, L2106, 1141.23.908.219.137.042.035.234.186.081.062

Gel2, L1108, 1121.02.921.017.228.145.277.187.083.064.000

::::::::::::

Relative amplification ratio tableFor the relative amplification ratio tables, we generally store only the "compressed"versions because of insufficient initial data. In a "compressed" amplification ratio table J,

294we assume that the relative amplification ratio depends only on the allele size difference,such that J(a1, a2) = J(a3, a4) whenever |a1- a2| = |a3- a4|. As more data becomesavailable,wecanexpandJ into a full-blown relative amplification ratio table with one entryfor every genotype. However, it has been our experience that the compressed J is itselfgenerally adequate for handling the relative amplification problem.In FAST-MAP, the compressed relative amplification table is stored as a vector of triples<minimum ratio, mean ratio, maximum ratio>to indicate the range of possible ratios for each fixed size difference in a pair of alleles. Forexample:allele difference0 bp2 bp4 bp6 bp8 bp

minimum ratio1.952.8991.021.01 mean ratio1.9941.091.131.17 maximum ratio11.321.251.281.32

As with the stutter matrix, the amplification ratio table can also be incrementally refined byre-computing it using the training data stored in the corresponding stutter pattern matrixlibrary.

295Appendix D: FAST-MAP’s ProgramsFAST-MAP (

Fluorescent

Allele-calling

Software

Toolkit —

Microsatellite

Automation

Package) is a software package that we have written for automated microsatellitegenotyping. Since its public release44inMay1996,ithasbeenusedbygeneticistsinacademicresearchlaboratories,nationalresearchinstitutions,andcommercialgenotypingcentersthroughouttheworld.TrueAllele“,thesuccessortoFAST-MAP,continuestoimprove upon the system as well as the technology45.Asapracticalgenotypingsystem,FAST-MAPconsistsofacomprehensiveassortmentofprograms for data analysis, visual display, and result outputs. In general, we can classifytheprogramsinFAST-MAPinthreecategories:coreprograms,viewingprograms,andutility.Thecoreprogramsimplementthevariousalgorithmsthatwehavediscussedinthisdissertation,providingthenecessarycomputationalpowerforfullyautomatedmicrosatellitegenotyping.Theviewingprogramsprovideinteractivegraphicalinterfacewithwhichtheusercanreview,edit,andassistthecomputeratthevariousprogrammaticcheckpointsprovidedinFAST-MAP.TheutilityprogramsprovideusefulfunctionalitiessuchassettingupdataforanalysisandcustomizingthegenotypingresultsgeneratedbyFAST-MAP.ThefollowingsectionscontainabstractsfromtheFAST-MAPusermanualthatdescribethevarious FAST-MAP programs in details. In the descriptions, we adopt the followingnotation:¥Italicizedwordsrefertocomputerprograms, and double-quoted words refer tocomputer "files" or directory "nicknames/";¥Underscores are used for

emphasis;¥Brackets refer to a <variable> that is filled in with a specific value when it is actuallyused.

44http://www.cs.cmu.edu/~genome/FAST-MAP.html.45http://www.cybergenetics-inc.com.

296D.1. OverviewFAST-MAP is a

fully-automated genotyping system. When analyzing clean gel data, theprogram allele_callwillanalyzethedatadirectlyfromrawgelfilesandgenerategenotypingresultswithoutuserassistance.Inthismode,theusercanleavethecomputertoanalyzethegeldataonitsown,andthenreturntoviewthegenotypingresultsusinganinteractivegraphicalinterfaceallele_view. The sequence of programs to call in this fully-automatedmode is therefore:allele_call fi allele_viewFor the more cautious users, we provide numerous checkpoints during computation for theuser to verify (and if necessary, edit) the intermediate results at various stages of the dataanalysis. For example, the user might want to first ensure that the lane tracking and sizecalibration are done properly before proceeding to calling the alleles based on the sizinggrid. For this, the user can use the program image_call to perform lane tracking and sizecalibration on raw gel data, and then use the program image_view to graphically inspect thesizing grid constructed by the computer. If the computer was having problems with thegel, the user can assist it in image_view by providing more information about the gel. Forexample, if there was a high degree of gel smile on the gel, the user can tell the computerthe actual shape of the grid in image_view. Or, if the computer misplaced a few sizestandards bands, the user can repair the grid by indicating where these bands should be.After an accurate sizing grid has been generated, the user can then invoke allele_call togenotype the size-calibrated data and then use allele_view to inspect the results. A typicalsequence of programs to call in this "cautious" mode is:image_call fi image_view fi allele_call fi allele_viewSometimes, when a new marker panel is used for the first time, the allele ranges coveringall the genotypes of the population being studied may not be known beforehand. In thiscase, the user can use the program marker_view to graphically scans the markers’electropherograms (that has been size-calibrated with image_call) and then set the correctenclosing allele windows. A typical calling sequence for this case is:image_call fi image_view fi marker_view fi allele_call fi allele_view

297For the "extra cautious" user, before even proceeding with any computer analysis of the gelfrom the raw data files, the user might want to inspect the gel images to make sure that theinformation provided to FAST-MAP are accurate. In particular, the user may wish to viewthe pre-analysis gel image and do any of the following: (1) crop away any primer regions;(2) check the minimum and maximum size standards that are actually captured on the gel ;and (3) verify the number of loaded lanes. In this "extra cautious" mode, the user can usethe program prep_call to extract the gel images from the machine-specific raw gel datafiles, and then use prep_view to view the gel images. Here’s a typical calling sequence:prep_call fi prep_view fi image_call fi image_viewfi marker_view fi allele_call fi allele_viewIn general, the graphical interface for users to interactively assist FAST-MAP in its analysisare named with a suffix "_view". Although these interface are typically used in thesequences described above, they can also be used at any checkpoints as long as therequisite intermediate results have already been computed. For example, a user may runFAST-MAP in the fully-automated mode overnight, and return to inspect the genotypes. Ifthe sizing of the alleles were found to b inaccurate, the user can then use image_view toinspect and edit the sizing grid, and then call allele_call to re-analyze the gel. An exampleof such a calling sequence is:allele_call fi allele_view fi image_view fi allele_callD.2. Program listAs we have mentioned earlier, the programs in FAST-MAP can be classified in one of threecategories: core programs, viewing programs, and utility programs. For a quick overview,we give a brief summary listing of the various programs in each of the categories here. Theindividual programs will be described in greater details later in this Appendix.

298Core programsprep_call This program prepares the raw data image files from various DNA sequencersby extracting the image data from the files into a sequencer-independent format. It isautomatically called by FAST-MAP programs such as image_call and allele_call, but theuser can also call it directly typing:>> prep_call <nickname>As usual, <nickname> can be for a single gel or a study. To process multiple gels orstudies at a single command, simply enter all the nicknames:>> prep_call <nickname1> <nickname2> ...image_call This program performs automatic lane/size determination andelectropherogram data extraction. It is automatically executed by the allele_callprogram, but the user can also invoke it by typing :>> image_call <nickname>where "<nickname>" can be for either a gel or a study. To process more than one gel orstudy in a single command, type>> image_call <nickname1> <nickname2> ...allele_call This workhorse program automatically calls the alleles. It can be configuredon clean data to work

fully automatically. It is invoked by typing>> allele_call <nickname>Both gels and studies can be analyzed with allele_call.Tobatch-processmultiplegelsandstudiesinasinglecommand,simplytype:>>allele_call <nickname1> <nickname2> ...

299Viewing programsprep_view This companion program can be called after prep_call to view the extractedgel images. The user can crop away the primer peak region of the gel as well as ascertainthe minimum and maximum size standards that actually appear on the gel. To view theextracted images of a gel or study, type:>> prep_view <nickname>As with all other graphical viewing programs in FAST-MAP, only one gel or study may beviewed with a single command of prep_view.image_view This companion program is used to visually inspect and edit the lane/sizegrid generated by the program image_call. It is invoked by typing>> image_view <nickname>where "<nickname>" can be for either a gel or a study. Only a single gel or study can beviewed with a single image_view command.marker_view This user-analysis program is used to visually inspect the allele windowfor a marker in a gel or study (after the electropherograms have been calibrated by theprogram image_call). This is particularly useful when the marker panel is being analyzedfor the first time such that the exact range of alleles for the marker is not known withcertainty. The user invokes "marker_view" by typing>> marker_view <nickname>Again, only a single gel or study can be inspected with a single command of marker_view.

300allele_view This program is used to visually review the alleles. It is the main graphicalinterface to the allele_call program’s results. To invoke it, type:>> allele_view <nickname>As in allele_call, the <nickname> can be for a single gel or a study comprising ofmultiple gels. However, only a single gel or study may be allele_view’ed at one time.Utility programsedit This program allows users to rapidly access and edit the data files without having totype in the full path of the files. For example, to edit the "nicknames" file, type:>> edit nicknamesOr, to edit a particular gel or study’s "settings" file, type:>> edit <nickname> settingsedit will create default files for the user if the file does not already exist. To see a list offiles accessible by edit, type:>> help editinspect Like the program edit, the program inspect allows users to rapidly inspect thecontent of data files in Matlab without having to type in full pathnames. For example, toinspect the genotyping results of GEL1, type:>> inspect GEL1 resultsFor a list of files accessible by inspect, type:>> help inspect

301setup This FAST-MAP script can be used for setting up a gel, a study, a shared matrixfile, or a shared sample file. To use the setup script, the user must first transfer all relevantdata files into the "FAST-MAP/incoming/" directory, and then invoke setup in FAST-MAP:>> setup <object> [<nickname>]The user will be asked a series of questions pertaining to the setting up of the particularFAST-MAP object. Four types of FAST-MAP "<object>"s can be set up in this way: agel, a study, a shared matrix file, or a shared sample file. The optional <nickname> canbe supplied to specify the nickname that is to be used for the object . Here are someexamples:>> setup gel GEL1>> setup study STUDY1>> setup matrix S1_MATRIX>> setup sample S1_SAMPLEAlternatively, the user may prefer to set up the data manually.allele_results This result-generation program can be used to re-format the result textfiles that contain the allele calls. These text files can then be examined by users (e.g., inExcel) or by computers (e.g., by databases or other computer programs). The desiredformat of the result text files can be customize using the "settings" file of the gel or study(using the edit command). The user can specify to have the genotypes sorted by markersor by individuals. To generate the results files, type:>> allele_results <nickname>To process more than one gel or study at once, type:>> allele_results <nickname1> <nickname2> ...

302D.3. Core programsD.3.1. prep_callThe program prep_call prepares the raw data image files generated by various DNAsequencers. It extracts the image data into a sequencer-independent format. This programmust be called before using prep_view, if the gel has not been analyzed before. Theprogram allele_call and image_call automatically execute prep_call when analyzing a newgel.Program operationTo use prep_call,theusertypes>> prep_call <nickname>e.g.>> prep_call STUDY1Calling prep_call directly will

always re-extract the image data. If an image data is re-extracted, previous genotyping results will be assumed obsolete. It will then be necessaryto call allele_call and image_call˚to re-analyze the gel or study.To prep_call more than one gel or study with a single command, simply type:>> prep_call <nickname1> <nickname2> ...e.g.>> prep_call STUDY1 GEL3 STUDY2 STUDY3Up to 45 gels and studies are allowed in a single batch.

303Example runTo invoke prep_call from a gel or a study, type>> prep_call <nickname>For example, type>> prep_call GEL3And here’s a computer trace of prep_call:FAST-MAP v1.04b (created April 21, 1997, last revised 04/21/97,system HP700).[Session started at 19-Apr-97 13:40:16.]GEL: GEL3===Clearing previously computed results: GEL3...Done.GEL3: prep_call [19-Apr-97 13:40:17]----Image file R211c.gel is an ABI/377 collection file (version 2.00).GEL3 is a 5540 x 194 gel with 4 dye planes.Reading gel data from R211c.gel ....................................................................................Done.Adjusting image contrast........Done.[Session for "prep_call GEL3" ended at 19-Apr-97 13:46:55.]GEL3 is now ready to be inspected using the companion program prep_view.D.3.2. image_callThis program is used to directly perform the automated lane/size tracking. It is useful whenadditional editing (in image_view) is required to build the two dimensional gel coordinates.

304Program operationTo use image_call, the user types >> image_call <nickname>e.g.>> image_call STUDY1The image_call program will

always perform the lane-tracking and size calibration on<nickname>. image_callshouldbefollowedbyuserinteractionwiththeimage_viewprogram especially if the user has reason to suspect the gel contains noise, non-uniformamplification etc. which could lead to an inaccurate size grid.To image_call more than one gel or study with a single command, simply type:>> image_call <nickname1> <nickname2> ...e.g.>> image_call STUDY1 GEL3 STUDY2 STUDY3Up to 45 gels and studies are allowed in a single batch.Example runFirst, make sure that the layout and the settings file correctly describes the size standards,its name, the maximum, and minimum sizes present on the gel. If desired, the user mayinvoke prep_call followed by prep_view to view the gel image before image_call.Invoke image_call:>> image_call GEL3The computer responds with the following messages:Clearing previously computed results: GEL3...Done.GEL3: Image_call [19-Apr-97 15:57:48]----Reading image data for dye 4...Done.

305Depending on whether the graphics option in "settings" is set to yes or no, the user may ormay not see a window open up with the size standard plane image. This image getsoverlaid by interpolated lanes, then size standard rows, as image_call continues withfurther status reports on its progress. The text output on the screen is also saved in the�image_call.log� file in the gel output directory. Here is the rest of the sample session:Scanning for gel lanes.......___+++++.::::Done.Scanning for size std bands.................__________________+++.:::::::::::::::::::::::::::::::Done.Refining MW peaks ...................................Done.Computing pixel-to-bp calibration ...........................Done.Saving size calibration....................................Done.Reading image data for dye 1...Done.Converting image to profiles................................Done.Reading image data for dye 2...Done.Converting image to profiles................................Done.Reading image data for dye 3...Done.Converting image to profiles................................Done.Reading image data for dye 4...Done.Converting image to profiles................................Done.[Session for "image_call GEL3" ended at 19-Apr-97 16:09:44.]D.3.3. allele_callThe allele_call program is a fully automated computer program that genotype alleles frommicrosatellite gel data. When fully automated lane/size tracking is problematic, werecommend running the image_call and image_call programs prior to running allele_call.Program operationTo run the allele_call program, the user types the command>> allele_call <nickname>The <nickname> can be for a single gel or for a study. In a study, FAST-MAP canmake use of all the data on all the gels simultaneously. For example, consistency of thesize calling across gels can be ensured by binning across all the gels in the study.

306Therefore, instead of calling allele_call on each gel individually, we recommend that theuser bundle related gels together as a study.The allele_call program performs four main steps:(1)

Extracting image data. This step prepares allele_callbyextractingthegelimagesfromrawsequencerdatafilesintoaformatthatissequencer-independent.Iftheuserwishestopreviewthegelimage(usingprep_view) before allele-calling the gel, thisstep can be performed prior to running allele_callbyexplicitlycallingtheprep_callprogram. Otherwise, it will be called automatically as part of allele_call .(2)

Tracking lanes and sizes. If desired, this step can also be performed prior torunning allele_callbyusingtheseparateimage_call program. Otherwise, it is calledautomatically as part of allele_call (which internally calls image_call). The image_callalgorithms analyze all the gel’s molecular weight sizing data simultaneously in twodimensions. The user provides (in "/<gel>/input/settings") estimates of the DNA sizerange that will appear on the gel, and the computer handles the rest. This tracking lets theanalysis program move interchangeably between the observed 2D gel image and theexpected (lane, base_pair) coordinates. The separate image_view program is a userinterface for checking the computer’s tracking results, and for performing other editingtasks.(3)

Quantitating DNA bands. For the allele deconvolution methods to work well,accurate estimates of DNA size and concentration for each band (including artifactual stutterbands) are needed. This allele_callmoduleperformsthisquantitation.(4)

Alleledetermination.Oncethedatahasbeenquantitated,theallele_call programdetermines the alleles by deconvolving the quantitative data relative to the marker’scalibrated stutter artifact. This stutter calibration is learned by allele_callasitstudiesdataononeormoregels;themoregelsstudied,themoreaccuratetheallelecalling.IfthePCRconditions (buffer, enzyme, primers, thermocycling, etc.) change, then the learning has tostart anew.Theallele_call program’s four steps are invisible to the user: the program works fullyautomatically. However, the user can control much of the inside workings of the programby providing settings for parameters and options in the "settings" file (see "Settings").

307To analyze multiple gels and studies with a single command, type>> allele_call <nickname1> <nickname2> <nickname3> ...Up to 45 gels and studies are allowed in a single batch.The user can view the status of the batch processing by typing:>> inspect <nickname1> statusAnd a status report will be displayed, such as the following:ALLELE_CALL for 2 gels/studies started at 21-Apr-97 12:24:03.STUDY1: study Started : 21-Apr-97 12:24:03 Completed : 21-Apr-97 13:48:34GEL3: gel Started : 21-Apr-97 13:48:34 Completed : 21-Apr-97 14:57:24ALLELE_CALL for 2 valid gels/studies completed successfully at 21-Apr-97 14:57:24.The user can also review the detailed traces of each nickname by typing:>> inspect <nickname1> logfileExample runBefore running allele_call, the user must (1) set up the gel or study (see "setup"), and (2)annotate the user files (see "Annotating Genotyping Data"). Then, in FAST-MAP, type:>> allele_call <nickname>This command will start running the genotyping program on the user’s gel data accordingto the specifications that were provided in the user-annotation files. The program prints outline-by-line descriptions of what it is doing; each "." in the "..." messages indicatescompletion of a program substep. The user can largely ignore this computer monologue.

308It is useful primarily for knowing that the program is still running, and may assist thesoftware support group in helping the user out when there is a problem. It is also recordedin a "logfile" ("<nickname>/output/allele_call.log"), so the user can review it using thecommand>> inspect <nickname> logfileA typical run starts off as:>> allele_call STUDY1FAST-MAP v1.04b (created April 21, 1997, last revised 04/21/97,system HP700).[Session started at 21-Apr-97 12:24:05.]STUDY: STUDY1=====Clearing previously computed results: GEL1...GEL2...Done.Marker p1m1 : [21-Apr-97 12:24:10]------Scanning GEL1 for markerwindows..................................Done.Quantitating GEL1 lane 1.....a.b..Done.Genotyping GEL1 lane 1....Done.Quantitating GEL1 lane 2.....a.b..Done.Genotyping GEL1 lane 2....Done.Quantitating GEL1 lane 3.....a.b..Done.Genotyping GEL1 lane 3....Done.Quantitating GEL1 lane 4.....a.b..Done.Genotyping GEL1 lane 4....Done.Quantitating GEL1 lane 5.....a.b..Done.Genotyping GEL1 lane 5....Done.Quantitating GEL1 lane 6.....a.b..Done.Genotyping GEL1 lane 6....Done.......Depending on the "settings" parameters, the user may see:¥A "size grid" window for animating the lane-tracking and size calibration.¥A "quantitation window" for animating the DNA size and concentration determinations.As the program runs, the following steps are done:(1) lane/size tracking for the entire gel image;(2) DNA size and concentration determination for all genotypes; and

309(3) allele determination by deconvolution for each genotype.At the end of the run, the computer signals that it has completed the requested genotypingservices. A tabbed text file of the genotyping results is then stored in the"/<nickname>/output/" directory with the name:"/<nickname>/output/<nickname>.results",i.e., with ".results" appended to the gel or study nickname. In FAST-MAP, the user canview it using >> inspect <nickname> results

gellane sample marker allele1 allele2 comput1 comput2 qual edit1 edit2GEL1 1 Ped01P1 p1m1 139 141 139 141 0.9610GEL1 2 Ped01P2 p1m1 141 153 141 153 0.9473GEL1 3 Ped01C1 p1m1 141 153 141 153 0.9410GEL1 4 Ped01C2 p1m1 139 153 139 153 0.9434GEL1 5 Ped01C3 p1m1 139 141 139 141 0.9532GEL1 6 Ped01C4 p1m1 141 153 141 153 0.8545GEL1 7 Ped01C5 p1m1 141 153 141 153 0.9440GEL1 8 Ped01C6 p1m1 141 141 141 141 0.9336GEL1 9 Ped01C8 p1m1 139 141 139 141 0.8973GEL1 10 Ped02P1 p1m1 141 143 141 143 0.9491 : : : : : : : : :Although the user can edit the results file using FAST-MAP’s edit command or an externalspreadsheet program such as Excel, the only way to let FAST-MAP know that a genotypehas been edited by is to do it in allele_view. The new results file will include the user editsin the "edit1" and "edit2" columns, as well as in the final allele calls columns ("allele1" and"allele2").On UNIX, the user can print out the results file to the printer specified in the "preferences"file by:>> print_now <nickname> resultsOn Macintosh, the user can print using the "Print" command under the "File" menudirectly.

310D.4. Viewing programsD.4.1. prep_viewThis program can be used after prep_call to view gel images prior to image_call andallele_call. In prep_view, the user can verify the gel layout, check the minimum andmaximum size standards that are captured on the gel, and crop away excess gel regions(e.g. the primer regions).Program operationTo use prep_view, the gel images must first be extracted using prep_call. Then, the usertypes:>> prep_view <nickname>e.g.>> prep_view STUDY1In prep_view, the user can do three things:(1) crop the image (e.g. to remove the primer region) by setting the start and/or end scan;(2) view a lane to verify the smallest and largest molecular weight standards that werecaptured on the gel; and(3) view a "row" to verify the loaded lanes.Example runTo view the extracted gel images, type>> prep_view <nickname>For example,>> prep_view GEL3The computer responds by:

311Initializing gel settings for GEL3.....Done.Reading image data for dye 4...Done.A "Prep View" window is opened, displaying the size plane of the current gel.Prep View window 312(3) Darken : for darkening the image display;(4) Brighten : for brightening the image display;(5) Refresh : for re-displaying the image (on certain display device, the image may not automatically refresh);(6) Clear : for deleting all the current edits;(7) Save: for saving the current edits;(8) Close : for closing and exiting prep_view.(7)

Marker info. Brings up a window which graphically displays the markers that havebeen loaded on the gel.(8)

Layout. Brings up a window which displays the "layout" file for the gel.There are four buttons in the area above the gel image: Start Scan, End Scan, Lane View,and Row View.The "Start Scan" and "End Scan" buttons are for cropping away excess gel regions. The"Start Scan" button is particularly useful for removing the primer region. To crop theimage, click on the "Start Scan" button, and then click on a point in the image. Ahorizontal line indicating the selected start scan will be drawn. The user may click on theimage repeatedly to shift the start scan line until satisfied. The "End Scan" is definedsimilarly by clicking on the "End Scan" button. Click on the "Save" button to save the startand end scans.The "Lane View" button is useful for viewing a lane and ascertaining the molecular weightsthat are captured on the gel. Click on the "Lane View" button, then select a rectangularregion enclosing a lane. A new specialized window, "Prep View : Lane", is opened and itshows the electropherogram of the selected lane region. We can inspect theelectropherogram to ascertain the minimum and maximum size standard captured on thegel. When necessary, "edit <gel> settings" to change the values of the parameters"Min_size_standard" and "Max_size_standard".The "Row View" button is useful for verifying the gel’s loaded lanes. Click on the button,then select a horizontal region on the image that contains a row of molecular weight data. Anew specialized window, "Prep View : Row", is opened and it shows the cross-sectionalprofile of the selected row region. Each peak corresponds to a size standard band in thecross-sectional region and can be interpreted as corresponding to a loaded lane. Whennecessary, "edit <gel> layout" to correct the gel’s layout.

313Click the "Close" button to exit prep_view. A dialog box may pop up to ask to save thestart and end scans if one or both of them has been defined.D.4.2. image_viewThis program is used to visually inspect and edit gel images for lane tracking and sizestandard calibration. This is the companion program for image_call.Program operationimage_view is a graphical user interface that the FAST-MAP user can bring up after (orbefore) image_call has automatically constructed the lane/size grid. To use image_view,the user types the command:>> image_view <nickname>e.g.>> image_view STUDY1In image_view, user may:(1) visually INSPECT and assess image_calls lane/size grid;(2) REPAIR grid lines, without rerunning image_call.(3) DRAW grid corners and gel boundaries to help image_call in avoiding making itsmistakes due to gel smiles or primer bands.image_view can be called before or after a sizing grid has been constructed by image_callor allele_call. If it is invoked after a sizing grid has already been built, then image_viewgoes to the INSPECT mode where the grid is overlaid on top of the image of the size plane.If a size grid doesn�t exist, image_view goes directly to the DRAW mode where the usercan define the gel corners and boundaries.Here are some image_view protocols for solving specific image_call problems:¥Verify the correctness of the sizing grid constructed by image_call.

314- Go to INSPECT mode.¥The shape of the gel image is warped due to gel smiles.- Go to DRAW mode and define the corners and boundaries of the gel.¥There are high amplification intensity of primers in the smaller base pairs regions.- Go to DRAW mode and define the corners and boundaries of the gel.- Or, use prep_view to define the start scan and/or the end scan, and then re-runimage_call.¥A small number of grid peaks have been misplaced.- Go to REPAIR mode, choose the element "Peak". To relocate a misplaced peak,click on the grid peak, and then click on its desired location on the image. To viewits new position, click on "Refresh". Repeat for the other misplaced peaks.¥An entire lane has been misplaced.- Go to REPAIR mode, choose the element "Lane". First, remove the misplacedlane by selecting DELETE and clicking on the lane. Then select INSERT, and clickon a size standard band to insert the lane there.¥An extra lane has been inserted.- Go to REPAIR mode and DELETE the extra lane.- Or, if the layout was wrong, edit "layout" to put a "blank" under "size_std" in thatextra lane, then re-run image_call.¥A lane was missing.- Go to REPAIR mode and INSERT the missing lane (remember to click on anexisting molecular weight band when inserting the lane there).- Or, if the layout was wrong, edit "layout" to add the missing lane, then re-runimage_call.¥An entire row has been misplaced. - Go to REPAIR mode, choose the element "Row". First, remove the misplacedrow by selecting DELETE and clicking on the row. Then select INSERT, andclick on a size standard band to insert the row there.

315¥An extra row has been inserted.- Go to REPAIR mode and DELETE the extra row.- Or, if the Min_size_standard and Max_size_standard values in the gel’s "settings"were wrong, edit "settings" to correct, then re-run image_call.¥An entire row was missing.- Go to REPAIR mode and INSERT the missing row (remember to click on anexisting molecular weight band when inserting the row there).- Or, if the Min_size_standard and Max_size_standard values in the gel’s "settings"were wrong, edit "settings" to correct, then re-run image_call.Example runInvoke the image_view program by typing>> image_view <nickname>e.g.>> image_view STUDY1The program responds with the following messages:Initializing study STUDY1 : GEL1...GEL2...Done.Loading manifold data...Done.Reading image data for dye 4...Done.and brings up a window with the image_view interface in the "Inspect" mode.

316Image_view: INSPECT mode

317In the pane on the right hand side, there are six active buttons:(1)

Zoom in. Click on this button, then select a region on the image for zooming in.(2)

Zoom out. Zoom out to the previous level.(3)

Darken. Darken the gel image.(4)

Brighten. Brighten the gel image.(5)

Refresh. Refresh the displays.(6)

Close. Close the image_view window.(7)

Marker info. Brings up a window which graphically displays the markers that havebeenloadedonthegel.(8)

Layout. Brings up a window which displays the "layout" file for the gel.Toseetheelectropherogramofaparticularlane,clickonthegridlineforthatlane.Theelectropherogramofthatlanewillbedisplayedinan"ImageView:Electropherogram"w i n d o w . Informationaboutthecurrentgelisdisplayedintheareaabovethegelimage.Abovetheseinformation,ahelpmessageisdisplayedperiodicallytoprompttheuserfortherelevantactions whenever necessary.

318Image_view: REPAIR mode