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> THIRD PEAK 
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FIGS 



Patent Application Publication Feb. 24, 2005 Sheet 6 0f 11 US 2005/0042668 A1 

01 SIZE PROFILES a1 a 

1600 ' QUERY & PRESENT ARTIFACTS - 

1400 _ EG: "SIZE s00 TRACKING" _ 

1200 - _ 

E 1000 - - 

5 s00 - - 

s00 - i ' ' ~ 

400 - _ _ - 

200 - - 

0 L" MAJ.L~A_JLLM--.L..M LA 
100 150 200 ' 250 300 350 

005001003 J 



Patent Application Publication Feb. 24, 2005 Sheet 7 0f 11 US 2005/0042668 A1 

102 NUCLEIC ACID SAMPLE ¢ 112 1011111111; MEANS 

"14 FORMING MEANS 114 LABELED 011A LADDER FRAGMENTS 

I06 FORMING MEANS 11s SIZE SEPARATING AND DETECTING MEANS 

10s SIZE SEPARATING AND DETECTING MEANS I 
118 LADDER SIGNAL 

110 SAMPLE SIGNAL 

12G TRANSFORMING MEANS 

122 SAMPLE SIGNAL IN LENGTH COORDINATES 

I 
124 ANALYZING MEANS 

FIGJO 





Patent Application Publication Feb. 24, 2005 Sheet 9 0f 11 US 2005/0042668 A1 

UPDATE TEsTTNG usTNG 

ACTIVITY PLANNING BUG REPORT 
~+ CUSTOMER 

SOURCE DESIGN i UPDATE 
CODE BUG FIX GoNTRTBuTE 

EEATuRE ~ 

4 DEBUT 
INTEGRATE ——> UPDATED CODE + CHANGE LIST i 

.. PROGRAMMER’S MANUAL 

TEST —TEsT AUTOMATIC & MANUAL 

USE MANUAL UPDATES-‘J TEST 
i TESTED CODE 

PACKAGE COLLATE A. . 

“W ASSEMBLE 
NEW FRQMEMAKER FINAL -- M CODE CROSS-PLATFORM 

LDJL PCOD+E X3 soETwARE 
SYS TEMPL x3 

PROOFED FRAMEMAKER RTP CODEX 3 
l______> ADD A 3 <___| 

FORMAT ‘A 
T RT-SGETWARE x 3 

3 PDF FILES START, TUTOR, REF) 1 max 3 QUICK CHECK 
' TESTED RT SOFTWARE x 3 

ASSEMBLE - 
PDF HYPERTEXT PACKAGE X 3 PLATFORM-SPEC 
USER MANUALS i 

WEB TEMPLATE COMPRESSED SEA FILE x 3 

DISTRIBUTE l——+ LOCATE HTML <———’ 

@ E-DISTRIBUTION 



Patent Application Publication Feb. 24, 2005 Sheet 10 0f 11 US 2005/0042668 A1 

2 6E \\\ T: LEV: \58 “2513K Z: 
> 2 

c2 Ex 25% 2 2.0 E“ 026;; @m 

N 209%: 5 a 52858 at E 552 as 28553 a an 2252050 5 Ex 25% 2 205232 20552 a , E0: a8 a 

. \ a; 35% 2%: _H _ Z2: 25 5522; 

ozasm 02.2 @252 a 

m _ 22. 5528 a 

222; 23 2:20 20.: saw a 
82 _H H_ 2a 22“ 257% a 

55:25 OS 2 55% 2 

“E E 2 E 23E “a 502% a 

. n 

2.; 5550 NE a 02.5.; 58 20: a 

4 a 

k m 0 m < @ am 58109: D 



Patent Application Publication Feb. 24, 2005 Sheet 11 0f 11 US 2005/0042668 A1 

MIXTURE MINIMIZATION E] E 

FIGM 



US 2005/0042668 A1 

METHOD AND SYSTEM FOR DNA ANALYSIS 

FIELD OF THE INVENTION 

[0001] The present invention pertains to a process for 
analyzing a DNA molecule. More speci?cally, the present 
invention is related to performing experiments that produce 
quantitative data, and then analyzing these data to charac 
teriZe a DNA fragment. The invention also pertains to 
systems related to this DNA fragment information. 

BACKGROUND OF THE INVENTION 

[0002] With the advent of high-throughput DNA fragment 
analysis by electrophoretic separation, many useful genetic 
assays have been developed. These assays have application 
to genotyping, linkage analysis, genetic association, cancer 
progression, gene expression, pharmaceutical development, 
agricultural improvement, human identity, and forensic sci 
ence. 

[0003] HoWever, these assays inherently produce data that 
have sign?cant error With respect to the siZe and concen 
tration of the characteriZed DNA fragments. Much calibra 
tion is currently done to help overcome these errors, includ 
ing the use of in-lane molecular Weight siZe standards. In 
spite of these improvements, the variability of these prop 
erties (betWeen different instruments, runs, or lanes) can 
eXceed the desired tolerance of the assays. 

[0004] Recently, advances have been made in the auto 
mated scoring of genetic data. Many naturally occurring 
artifacts in the ampli?cation and separation of nucleic acids 
can be eliminated through calibration and mathematical 
processing of the data on a computing device (M W Perlin, 
M B Burks, R C Hoop, and E P Hoffman, “ToWard fully 
automated genotyping: allele assignment, pedigree con 
struction, phase determination, and recombination detection 
in Duchenne muscular dystrophy,” Am. J. Hum. Genet., vol. 
55, no. 4, pp. 777-787, 1994; M W Perlin, G Lancia, and S-K 
Ng, “ToWard fully automated genotyping: genotyping mic 
rosatellite markers by deconvolution,” Am. J. Hum. Genet., 
vol. 57, no. 5, pp. 1199-1210, 1995; S-K Ng, “Automating 
computational molecular genetics: solving the microsatellite 
genotyping problem,” Carnegie Mellon University, Doctoral 
dissertation CMU-CS-98-105, Jan. 23, 1998), incorporated 
by reference. 

[0005] This invention pertains to the novel use of calibrat 
ing data and mathematical analyses to computationally 
eliminate undesirable data artifacts in a nonobvious Way. 
Speci?cally, the use of allelic ladders and coordinate trans 
formations can help an automated data analysis system 
better reduce measurement variability to Within a desired 
assay tolerance. This improved reproducibility is useful in 
that it results in greater accuracy and more complete auto 
mation of the genetic assays, often taking less time at a loWer 
cost With feWer people. 

[0006] Genotyping Technology 
[0007] Genotyping is the process of determining the alle 
les at an individual’s genetic locus. Such loci can be any 
inherited DNA sequence in the genome, including protein 
encoding genes and polymorphic markers. These markers 
include short tandem repeat (STR) sequences, single-nucle 
otide polymorphism (SNP) sequences, restriction fragment 
length polymorphism (RFLP) sequences, and other DNA 
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sequences that express genetic variation (G Gyapay, J 
Morissette, A Vignal, C Dib, C FiZames, P Millasseau, S 
Marc, G Bernardi, M Lathrop, and J Weissenbach, “The 
1993-94 Genethon Human Genetic Linkage Map,” Nature 
Genetics, vol. 7, no. 2, pp. 246-339, 1994; P W Reed, J L 
Davies, J B Copeman, S T Bennett, S M Palmer, L E 
Pritchard, S C L Gough, Y KaWaguchi, H J Cordell, K M 
Balfour, S C Jenkins, E E PoWell, A Vignal, and J A Todd, 
“Chromosome-speci?c microsatellite sets for ?uorescence 
based, semi-automated genome mapping,”Nature Genet., 
vol. 7, no. 3, pp. 390-395, 1994; L Kruglyak, “The use of a 
genetic map of biallelic markers in linkage studies,” Nature 
Genet., vol. 17, no. 1, pp. 21-24, 1997; D Wang, J Fan, C 
Siao, A Berno, P Young, R Sapolsky, G Ghandour, N 
Perkins, E Winchester, J Spencer, L Kruglyak, L Stein, L 
Hsie, T Topaloglou, E Hubbell, E Robinson, M Mittmann, M 
Morris, N Shen, D Kilburn, J RiouX, C Nusbaum, S RoZen, 
T Hudson, and E Lander, “Large-scale identi?cation, map 
ping, and genotyping of single-nucleotide polymorphisms in 
the human genome,” Science, vol. 280, no. 5366, pp. 1077 
82, 1998; P Vos, R Hogers, M Bleeker, M Reij ans, T van de 
Lee, M Hornes, AFrijters, J Pot, J Peleman, M Kuiper, and 
M Zabeau, “AF LP: a neW technique for DNA ?ngerprinting, 
”Nucleic Acids Res, vol. 23, no. 21, pp. 4407-14, 1995; J 
Sambrook, E F Fritsch, and T Maniatis, Molecular Cloning, 
Second Edition. Plainview, NY: Cold Spring Harbor Press, 
1989), incorporated by reference. 

[0008] The polymorphism assay is typically done by char 
acteriZing the length and quantity of DNA from an indi 
vidual at a marker. For eXample, STRs are assayed by 
polymerase chain reaction (PCR) ampli?cation of an indi 
vidual’s STR locus using a labeled PCR primer, folloWed by 
siZe separation of the ampli?ed PCR fragments. Detection of 
the fragment labels, together With in-lane siZe standards, 
generates a signal that permits characteriZation of the siZe 
and quantity of the DNA fragments. From this characteriZa 
tion, the alleles of the STR locus in the individual’s genome 
can be determined (J Weber and P May, “Abundant class of 
human DNA polymorphisms Which can be typed using the 
polymerase chain reaction,”Am. J. Hum. Genet., vol. 44, pp. 
388-396, 1989; J S Ziegle, Y Su, K P Corcoran, L Nie, P E 
Mayrand, L B Hoff, L J McBride, M N Kronick, and S R 
Diehl, “Application of automated DNA siZing technology 
for genotyping microsatellite loci,”Gen0mics, vol. 14, pp. 
1026-1031, 1992), incorporated by reference. 

[0009] The labels can use radioactivity, ?uorescence, 
infrared, or other nonradioactive labeling methods (F M 
Ausubel, R Brent, R E Kingston, D D Moore, J G Seidman, 
J A Smith, and K Struhl, ed., Current Protocols in Molecular 
Biology. NeW York, NY: John Wiley and Sons, 1995; N J 
Dracopoli, J L Haines, B R Korf, C C Morton, C E Seidman, 
J G Seidman, D T Moir, and D Smith, ed., Current Protocols 
in Human Genetics. NeW York: John Wiley and Sons, 1995; 
LJ Kricka, ed., Nonisotopic Probing, Blotting, and Sequenc 
ing, Second Edition. San Diego, Calif.: Academic Press, 
1995), incorporated by reference. 

[0010] SiZe separation of fragment molecules is typically 
done using gel or capillary electrophoresis (CE); neWer 
methods include mass spectrometry and microchannel 
arrays (R A Mathies and X C Huang, “Capillary array 
electrophoresis: an approach to high-speed, high-throughput 
DNA sequencing,”Nature, vol. 359, pp. 167-169, 1992; KJ 
Wu, A Stedding, and C H Becker, “Matrix-assisted laser 
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desorption time-of-?ight mass spectrometry of oligonucle 
otides using 3-hydroxypicolinic acid as an ultraviolet-sen 
sitive matrix,”Rapia' Commun. Mass Spectrom, vol. 7, pp. 
142-146, 1993), incorporated by reference. 

[0011] The label detection method is contingent on both 
the labels used and the size separation mechanism. For 
example, With automated DNA sequencers such as the PE 
Biosystems ABI/377 gel, ABI/310 single capillary or ABI/ 
3700 capillary array instruments, the detection is done by 
laser scanning of the ?uorescently labeled fragments, imag 
ing on a CCD camera, and electronic acquisition of the 
signals from the CCD camera. Flatbed laser scanners, such 
as the Molecular Dynamics Fluorimager or the Hitachi 
FMBIO/II acquire ?ourescent signals similarly. Li-Cor’s 
infrared automated sequencer uses a detection technology 
modi?ed for the infrared range. Radioactivity can be 
detected using ?lm or phosphor screens. In mass spectrom 
etry, the atomic mass can be used as a sensitive label. See (A. 
J. Kostichka, Bio/Technology, vol. 10, pp. 78, 1992), incor 
porated by reference. 

[0012] Size characterization is done by comparing the 
sample fragment’s signal in the context of the size standards. 
By separate calibration of the size standards used, the 
relative molecular size can be inferred. This size is usually 
only an approximation to the true size in base pair units, 
since the size standards and the sample fragments generally 
have different chemistries and electrophoretic migration 
patterns (S-K Ng, “Automating computational molecular 
genetics: solving the microsatellite genotyping problem,” 
Carnegie Mellon University, Doctoral dissertation CMU 
CS-98-105, Jan. 23, 1998), incorporated by reference. 

[0013] Quantitation of the DNA signal is usually done by 
examining peak heights or peak areas. One inexact peak area 
method simply records the area under the curve; this 
approach does not account for band overlap betWeen differ 
ent peaks. It is often useful to determine the quality (e.g., 
error, accuracy, concordance With expectations) of the size 
or quantity characterizations. See (D R Richards and M W 
Perlin, “Quantitative analysis of gel electrophoresis data for 
automated genotyping applications,” Amer. J. Hum. Genet., 
vol. 57, no. 4 Supplement, pp. A26, 1995), incorporated by 
reference. 

[0014] The actual genotyping result depends on the type of 
genotype, the technology used, and the scoring method. For 
example, With STR data, folloWing size separation and 
characterization, the sizes (exact, rounded, or binned) of the 
tWo tallest peaks might be used as the alleles. Alternatively, 
PCR artifacts (e.g., stutter, relative ampli?cation) can be 
accounted for in the analysis, and the alleles determined 
after mathematical corrections have been applied. See (M W 
Perlin, “Method and system for genotyping,” US. Pat. No. 
5,541,067, Jul. 30, 1996; M W Perlin, “Method and system 
for genotyping,” US. Pat. No. 5,580,728, Dec. 3, 1996), 
incorporated by reference. 

[0015] Genotyping Applications 

[0016] Genotyping data can be used to determine hoW 
mapped markers are shared betWeen related individuals. By 
correlating this sharing information With phenotypic traits, it 
is possible to localize a gene associated With that inherited 
trait. This approach is Widely used in genetic linkage and 
association studies (J Ott, Analysis of Human Genetic Link 
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age, Revised Edition. Baltimore, Md.: The Johns Hopkins 
University Press, 1991; N Risch, “Genetic Linkage and 
Complex Diseases, With Special Reference to Psychiatric 
Disorders,” Genet. Epidemiol., vol. 7, pp. 3-16, 1990; N 
Risch and K Merikangas, “The future of genetic studies of 
complex human diseases,” Science, vol. 273, pp. 1516 
1517, 1996), incorporated by reference. 

[0017] Genotyping data can also be used to identify indi 
viduals. For example, in forensic science, DNA evidence 
can connect a suspect to the scene of a crime. DNA 

databases can provide a repository of such relational infor 
mation (C P Kimpton, P Gill, A Walton, A Urquhart, E S 
Millican, and M Adams, “Automated DNA pro?ling 
employing multiplex ampli?cation of short tandem repeat 
loci,” PCR Meth. Appl., vol. 3, pp. 13-22, 1993; J E 
McEWen, “Forensic DNA data banking by state crime 
laboratories,” Am. J. Hum. Genet., vol. 56, pp. 1487-1492, 
1995; K Inman and N Rudin, An Introduction to Forensic 
DNA Analysis. Boca Raton, Fla.: CRC Press, 1997; C J 
Fregeau and R M Fourney, “DNA typing With ?uorescently 
tagged short tandem repeats: a sensitive and accurate 
approach to human identi?cation,” Biotechniques, vol. 15, 
no. 1, pp. 100-119, 1993), incorporated by reference. 

[0018] Linked genetic markers can help predict the risk of 
disease. In monitoring cancer, STRs are used to assess 
microsatellite instability (MI) and loss of heterozygosity 
(LOH)—chromosomal alterations that re?ect tumor pro 
gression. (I D Young, Introduction to Risk Calculation in 
Genetic Counselling. Oxford: Oxford University Press, 
1991; L CaWkWell, LDing, FALeWis, I Martin, M F Dixon, 
and P Quirke, “Microsatellite instability in colorectal cancer: 
improved assessment using ?uorescent polymerase chain 
reaction,” Gastroenterology, vol. 109, pp. 465-471, 1995; F 
Canzian, A Salovaara, P Kristo, R B ChadWick, L A Aal 
tonen, and Ade la Chapelle, “Semiautomated assessment of 
loss of heterozygosity and replication error in tumors,” 
Cancer Research, vol. 56, pp. 3331-3337, 1996;S Thi 
bodeau, G Bren, and D Schaid, “Microsatellite instability in 
cancer of the proximal colon,” Science, vol. 260, no. 5109, 
pp. 816-819, 1993), incorporated by reference. 

[0019] For crop and animal improvement, genetic map 
ping is a very poWerful tool. Genotyping can help identify 
useful traits of nutritional or economic importance. (H J 
Vilkki, D J de Koning, K Elo, R Velmala, and A Maki 
Tanila, “Multiple marker mapping of quantitative trait loci 
of Finnish dairy cattle by regression,” J. Dairy Sci., vol. 80, 
no. 1, pp. 198-204, 1997; S M Kappes, J W Keele, R T 
Stone, R A McGraW, T S Sonstegard, T P Smith, N L 
Lopez-Corrales, and C W Beattie, “A second-generation 
linkage map of the bovine genome,” Genome Res., vol. 7, 
no. 3, pp. 235-249, 1997; M Georges, D Nielson, M Mackin 
non, A Mishra, R Okimoto, A T Pasquino, L S Sargeant, A 
Sorensen, M R Steele, and X Zhao, “Mapping quantitative 
trait loci controlling milk production in dairy cattle by 
exploiting progeny testing,” Genetics, vol. 139, no. 2, pp. 
907-920, 1995; G ARohrer, LJAlexander, Z Hu, T P Smith, 
J W Keele, and C W Beattie, “A comprehensive map of the 
porcine genome,” Genome Res., vol. 6, no. 5, pp. 371-391, 
1996; J Hillel, “Map-based quantitative trait locus identi? 
cation,” Poult. Sci., vol. 76, no. 8, pp. 1115-1120, 1997; H 
H Cheng, “Mapping the chicken genome,” Poult. Sci., vol. 
76, no. 8, pp. 1101-1107, 1997), incorporated by reference. 



US 2005/0042668 A1 

[0020] Other Sizing Assays 

[0021] Fragment analysis ?nds application in other 
genetic methods. Often fragment siZes are used to multiplex 
many experiments into one shared readout pathWay, Where 
siZe (or siZe range) serves an index into post-readout demul 
tiplexing. For example, multiple genotypes are typically 
pooled into a single lane for more efficient readout. Quan 
tifying information can help determine the relative amounts 
of nucleic acid products present in tissues. (G R Taylor, J S 
Noble, and R F Mueller, “Automated analysis of multiplex 
microsatellites,” J. Med. Genet., vol. 31, pp. 937-943, 1994; 
L S SchWartZ, J Tarleton, B Popovich, W K SeltZer, and E 
P Hoffman, “Fluorescent multiplex linkage analysis and 
carrier detection for Duchenne/Becker muscular dystrophy,” 
Am. J. Hum. Genet., vol. 51, pp. 721-729, 1992; C P 
Kimpton, P Gill,AWalton, AUrquhart, E S Millican, and M 
Adams, “Automated DNA pro?ling employing multiplex 
ampli?cation of short tandem repeat loci,” PCR Meth. Appl., 
vol. 3, pp. 13-22, 1993), incorporated by reference. 

[0022] Differential display is a gene expression assay. It 
performs a reverse transcriptase PCR (RT-PCR) to capture 
the state of expressed mRNA molecules into a more robust 
DNA form. These DNAs are then siZe separated, and the siZe 
bins provide an index into particular molecules. Variation at 
a siZe bin betWeen tWo tissue assays is interpreted as a 
concommitant variation in the underlying mRNA gene 
expression pro?le. A peak quanti?cation at a bin estimates 
the underlying mRNA concentration. Comparison of the 
quantitation of tWo different samples at the same bin pro 
vides a measure of relative up- or doWn-regulation of gene 
expression. (S W Jones, D Cai, O S WeisloW, and B 
Esmaeli-AZad; “Generation of multiple mRNA ?ngerprints 
using ?uorescence-based differential display and an auto 
mated DNA sequencer,” BioTechniques, vol. 22, no. 3, pp. 
536-543, 1997; P Liang and APardee, “Differential display 
of eukaryotic messenger RNA by means of the polymerase 
chain reactions,” Science, vol. 257, pp. 967-971, 1992; K R 
Luehrsen, L L Marr, E van der Knaap, and S Cumberledge, 
“Analysis of differential display RT-PCR products using 
?uorescent primers and Genescan softWare,” BioTech 
niques, vol. 22, no. 1, pp. 168-174, 1997), incorporated by 
reference. 

[0023] Single stranded conformer polymorphism (SSCP) 
is a method for detecting different mutations in a gene. 
Single base pair changes can markedly affect fragment 
mobility of the conformer, and these mobility changes can 
be detected in a siZe separation assay. SSCP is of particular 
use in identifying and diagnosing genetic mutations (M 
Orita, H IWahana, H KanaZaWa, K Hayashi, and T Sekiya, 
“Detection of polymorphisms of human DNA by gel elec 
trophoresis as single-strand conformation polymorphisms,” 
Proc Natl Acad Sci USA, vol. 86, pp. 2766-2770, 1989), 
incorporated by reference. 

[0024] The AFLP technique provides a very poWerful 
DNA ?ngerprinting technique for DNAs of any origin or 
complexity. AFLP is based on the selective PCR ampli?ca 
tion of restriction fragments from a total digest of genomic 
DNA. The technique involves three steps: restriction of 
the DNA and ligation of oligonucleotide adapters, (ii) selec 
tive ampli?cation of sets of restriction fragments, and (iii) 
gel analysis of the ampli?ed fragments. PCR ampli?cation 
of restriction fragments is achieved by using the adapter and 
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restriction site sequence as target sites for primer annealing. 
The selective ampli?cation is achieved by the use of primers 
that extend into the restriction fragments, amplifying only 
those fragments in Which the primer extensions match the 
nucleotides ?anking the restriction sites. Using this method, 
sets of restriction fragments may be visualiZed by PCR 
Without knoWledge of nucleotide sequence. The method 
alloWs the speci?c co-ampli?cation of high numbers of 
restriction fragments. The number of fragments that can be 
analyZed simultaneously, hoWever, is dependent on the 
resolution of the detection system. Typically 50-100 restric 
tion fragments are ampli?ed and detected on denaturing 
polyacrylamide gels. (P Vos, R Hogers, M Bleeker, M 
Reijans, T van de Lee, M Hornes, A Frijters, J Pot, J 
Peleman, M Kuiper, and M Zabeau, “AFLP: a neW tech 
nique for DNA ?ngerprinting,”Nucleic Acids Res, vol. 23, 
no. 21, pp. 4407-14, 1995), incorporated by reference. 

[0025] Data Scoring 

[0026] The ?nal step in any fragment assay is scoring the 
data. This is typically done by having people visually revieW 
every experiment. Some systems (e.g., PE Informatics’ 
Genotyper program) perform an initial computer revieW of 
the data, to make the manual visual revieW of every geno 
type easier. More advanced systems (e.g., Cybergenetics’ 
TrueAllele technology) fully automate the data revieW, and 
provide data quality scores that can be used to identify data 
artifacts (for eliminating such data from consideration) and 
rank the data scores (to focus on just the 2%-25% of suspect 
data calls). See (B Palsson, F Palsson, M Perlin, H Gub 
jartsson, K Stefansson, and J Gulcher, “Using quality mea 
sures to facilitate allele calling in high-throughput genotyp 
ing,” Genome Research, vol. 9, no. 10, pp. 1002-1012, 1999; 
M W Perlin, “Method and system for genotyping,” US. Pat. 
No. 5,876,933, Mar. 2, 1999), incorporated by reference. 

[0027] HoWever, even With such advanced scoring tech 
nology, artifacts can obscure the results. More importantly, 
insufficient data calibration can preclude the achievement of 
very loW (e.g., <1%) data error rates, regardless of the 
scoring methods. For example, in high-throughput STR 
genotyping, differential migration of a sample’s PCR frag 
ments relative to the siZe standards can produce subtle shifts 
in detected siZe. This problem is Worse When different 
instruments are used, or When siZe separation protocols are 
not entirely uniform. The result is that fragments can be 
incorrectly assigned to allele bins in a Way that cannot be 
corrected Without recourse to additional information (e.g., 
pedigree data) completely outside the STR siZing assay. 

[0028] Whole System 

[0029] This invention centers on a neW Way to greatly 
reduce siZing and quantitation errors in fragment analysis. 
By designing data generation experiments that include the 
proper calibration data (e.g., internal lane standards, allelic 
ladders, uniform run conditions), most of these fragment 
analysis errors can be eliminated entirely. Moreover, com 
puter softWare can be devised that fully exploits these data 
calibrations to automatically identify artiifacts and rank the 
data by quality. The result is a largely error-free system that 
requires minimal (if any) human intervention. 

SUMMARY OF THE INVENTION 

[0030] The present invention pertains to a method for 
analyZing a nucleic acid sample. The method comprises the 
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steps of forming labeled DNA sample fragments from a 
nucleic acid sample. Then there is the step of siZe separating 
and detecting said sample fragments to form a sample signal. 
Then there is the step of forming labeled DNA ladder 
fragments corresponding to molecular lengths. Then there is 
the step of siZe separating and detecting said ladder frag 
ments to form a ladder signal. Then there is the step of 
transforming the sample signal into length coordinates using 
the ladder signal. Then there is the step of analyZing the 
nucleic acid sample signal in length coordinates. 

[0031] The present invention also pertains to a system for 
analyZing a nucleic acid sample. The system comprises 
means for forming labeled DNA sample fragments from a 
nucleic acid sample. The system further comprises means 
for siZe separating and detecting said sample fragments to 
form a sample signal, said separating and detecting means in 
communication With the sample fragments. The system 
further comprises means for forming labeled DNA ladder 
fragments corresponding to molecular lengths. The system 
further comprises means for siZe separating and detecting 
said ladder fragments to form a ladder signal, said separating 
and detecting means in communication With the ladder 
fragments. The system further comprises means for trans 
forming the sample signal into length coordinates using the 
ladder signal, said transforming means in communication 
With the signals. The system further comprises means for 
analyZing the nucleic acid sample signal in length coordi 
nates, said analyZing means in communication With the 
transforming means. 

[0032] The present invention also pertains to a method for 
generating revenue from computer scoring of genetic data. 
The method comprises the steps of supplying a softWare 
program that automatically scores genetic data. Then there is 
the step of forming genetic data that can be scored by the 
softWare program. Then there is the step of scoring the 
genetic data using the softWare program to form a quantity 
of genetic data. Then there is the step of generating a 
revenue from computer scoring of genetic data that is related 
to the quantity. 

[0033] The present invention also pertains to a method for 
producing a nucleic acid analysis. The method comprises the 
steps of analyZing a ?rst nucleic acid sample on a ?rst siZe 
separation instrument to form a ?rst signal. Then there is the 
step of analyZing a second nucleic acid sample on a second 
siZe separation instrument to form a second signal. Then 
there is the step of comparing the ?rst signal With the second 
signal in a computing device With memory to form a 
comparison. Then there is the step of producing a nucleic 
acid analysis of the tWo samples from the comparison that is 
independent of the siZe separation instruments used. 

[0034] The present invention also pertains to a method for 
resolving DNA mixtures. The method comprises the steps of 
obtaining DNA pro?le data that include a mixed sample. 
Then there is the step of representing the data in a linear 
equation. Then there is the step of deriving a solution from 
the linear equation. Then there is the step of resolving the 
DNA mixture from the solution. 

BRIEF DESCRIPTION OF THE DRAWINGS 

[0035] FIG. 1 shoWs the steps of creating siZed pro?les. 

[0036] FIG. 2 shoWs unimodal plots, each corresponding 
to a ?uorescent dye; Within each plot, intensity is plotted 
against the sampled spectrum. 
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[0037] FIG. 3 shoWs the unimodality constraint determin 
ing the function space geometry of the spectrum sampling 
vectors. 

[0038] FIG. 4 shoWs the results of signal processing, siZe 
tracking, and siZe transformation. 

[0039] FIG. 5 shoWs the steps of quantitating and analyZ 
ing genetic data. 

[0040] FIG. 6 shoWs the results of ladder processing, peak 
quantitation and allele calling. 

[0041] FIG. 7 shoWs a graphical user interface for navi 
gating prioritiZed genotyping results. 

[0042] FIG. 8 shoWs a textual interface for displaying 
useful genotype results. 

[0043] FIG. 9 shoWs a visualiZation that is customiZed to 
a data artifact. 

[0044] FIG. 10 shoWs a system for analyZing a nucleic 
acid sample. 

[0045] FIG. 11 shoWs the result of a differential display 
gene expression analysis. 

[0046] FIG. 12 shoWs the How graph of automated soft 
Ware assembly. 

[0047] FIG. 13 shoWs a spreadsheet for calculating the 
labor cost of scoring genetic data. 

[0048] FIG. 14 shoWs a heuristic function dev(g(W)) 
Which has an unambiguous local minimum. 

DESCRIPTION OF THE PREFERRED 
EMBODIMENT 

[0049] Data Generation 

[0050] In the most preferred embodiment, genotyping data 
is generated using STR markers. These tandem repeats 
include mono-, di-, tri-, tetra-, penta-, hexa-, hepta-, octa-, 
nona-, deca- (and so on) nucleotide repeat elements. STRs 
are highly abundant and informative marker distributed 
thoughout the genomes of many species (including human). 
Typically, STRs are labeled, PCR ampli?ed, and then 
detected (for siZe and quantity) on an electrophoretic gel. 

[0051] The laboratory processing starts With the acquisi 
tion of a sample, and the extraction of its DNA. The 
extraction and puri?cation are typically folloWed by PCR 
ampli?cation. Labelling is generally done using a 5‘ labeled 
PCR primer, or With incorporation labeling in the PCR. Prior 
to loading, multiple marker PCR products in k-1 different 
?uorescent colors are pooled, and siZe standards (preferably 
in a kth different color) is added. SiZe separation and detec 
tion is preferably done using automated ?uorescent DNA 
sequencers, With either slab gel or capillary technology. The 
detected signals represent the progression of DNA bands as 
a function of time. These signals are transmitted from the 
sequencer to a computing device With memory, Where they 
are stored in a ?le. (N J Dracopoli, J L Haines, B R Korf, C 
C Morton, C E Seidman, J G Seidman, D T Moir, and D 
Smith, ed., Current Protocols in Human Genetics. NeW 
York: John Wiley and Sons, 1995), incorporated by refer 
ence. 

[0052] To create STR allelic ladders, the most preferred 
embodiment entails PCR ampli?cation of pooled samples. 
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This can be done by preparing DNA from N (preferably, N 
is between 2 and 200, depending on the application) indi 
viduals in equimolar 3 ng/ul concentrations. These DNAs 
are then pooled. After dilution, each PCR template contains 
contains 48 ng of DNA in an 18 ul volume, and is included 
in a standard 50 ul PCR containing 2.5 units of Amplitaq 
Gold, 1.25 ul of each primer, 200 uM dNTP’s, and 2.5 mM 
MgCl2. This mixture is then PCR ampli?ed With its STR 
primers (one labeled) on a thermocycler (e.g., With an MJ 
Research PTC-100, use 30 cycles of 94° C. for 1.25‘, 550 C. 
for 1‘, and 72° C. for 1‘). SiZe separation of the PCR products 
on an ABI sequencer includes internal lane siZe standards 
(GS500 ROX-labeled 50 bp siZing ladder, Perkin-Elmer, 
Foster City, Calif.; 20 bp MapMarkers siZing ladder, Bio 
Ventures, Murfreesboro, Tenn.). Files are similarly recorded 
from this experiment. 

[0053] In an alternative preferred embodiment, multi 
plexed SNP data is generated using siZe standards With 
standard protocols. Typically, each siZe bin in the electro 
phoretic signal corresponds to one marker or polymorphism. 
Presence in the siZe bin of a signal of sufficient strength and 
correct color indicates the presence of an allele; absence of 
the signal indicates allele absence. Signal siZe and color 
establish the allele, While signal strength determines the 
amount of DNApresent (if any). (N J Dracopoli, J L Haines, 
B R Korf, C C Morton, C E Seidman, J G Seidman, D T 
Moir, and D Smith, ed., Current Protocols in Human Genet 
ics. NeW York: John Wiley and Sons, 1995), incorporated by 
reference. 

[0054] In another alternative preferred embodiment, dif 
ferential display data is generated, preferably as folloWs: 
Making CDNA. The mRNA differential display reverse 
transcription-polymerase chain reaction (DDRT-PCR) is 
performed using reagents supplied in a RNAimageTM kit 
(GeneHunter Corp, Nashville, Tenn.). RNA duplicates from 
tWo tissue samples are reverse-transcribed using oligo(dT) 
primers and MMLV reverse transcriptase (RTase). For a 20 
ul reaction, adding (in order) 9.4 ul of H20, 4 ul of 5x 
reaction buffer, 1.6 ul of 250 uM each dNTPs, 2 ul of 2 uM 
one oligo(dT) primer (H-T11M: M is G, C, or A), and 2 ul 
of 0.1 ug/ul DNA-free total RNA. The RT reactions are run 
on a thermocycler (e.g., MJ Research, 65° C. for 5 min, 37° 
C. for 60 min, and 75° C. for 5 min). MMLV RTase (1 ul, 
100 units) are added in the reaction after incubation for 10 
min at 37° C. A control is included Without adding RTase. 

[0055] Ampli?cation and labeling. For a 20 ul PCR reac 
tion, add 9.2 ul of H20, 4 ul of 10x PCR buffer, 1.6 ul of 25 
uM each dNTPs, 2 ul of 2 uM H-T11M oligo(dT) primer, 2 
ul of 2 uM of arbitrary primer (AP), 2 ul of corresponding 
H-T11M reverse transcribed cDNA, and 0.2 ul (1 unit) of 
AmpliTaq DNA polymerase (Perkin Elmer, NorWalk, 
Conn.). Each of the three different H-T11M PCR primers are 
labeled With its oWn spectrally distinct ?uorescent dye, such 
as FAM, HEX, and NED. The cDNAs are randomly ampli 
?ed by loW-stringency PCR (40 cycles With temperature at 
94° C. for 15 sec, 40° C. for 2 min, and 72° C. for 2 min) 
in an MJR PCT/100 thermocycler. A ?nal extension is 
performed at 72° C. for 10 min. Samples (Without added 
RTase or cDNA) are simultaneously tested as controls. 
Multiple primer sets can be used. For example, 24 sets of 
primers (8 AP><3 H-T11M) are used in each kit; using 10 kits 
for screening differentially expressed cDNA tags produces 
240 reactions per tissue. 
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[0056] SiZe separation. SiZe standards in another dye are 
then added to the ampli?ed labeled products, and then siZe 
separated on a manual or automated sequencing gel (or 
capillary) instrument. Differential display data generation 
protocols have been Well described (N J Dracopoli, J L 
Haines, B R Korf, C C Morton, C E Seidman, J G Seidman, 
D T Moir, and D Smith, ed., Current Protocols in Human 
Genetics. NeW York: John Wiley and Sons, 1995), incorpo 
rated by reference. 

[0057] There are other alternative preferred embodiments 
for generating DNA fragment data Whose assay includes a 
siZe separation, such as Ampli?cation Refractory Mutation 
System (ARMS), Single-Strand Conformation Polymor 
phism (SSCP), Restricion Fragment Length Polymorphism 
(RFLP), and Ampli?ed Fragment Length Polymorphism 
(AFLP). These have been enumerated, With associated pro 
tocols (N J Dracopoli, J L Haines, B R Korf, C C Morton, 
C E Seidman, J G Seidman, D T Moir, and D Smith, ed., 
Current Protocols in Human Genetics. NeW York: John 
Wiley and Sons, 1995; ABI/377 and ABI/310 GeneScan 
SoftWare and Operation Manuals, PE Biosytems, Foster 
City, Calif.), incorporated by reference. 

[0058] Extractina Pro?les 

[0059] Once DNA fragment siZing data have been gener 
ated, the data are then analyZed to characteriZe the and 
quantity of the component fragments. 

[0060] Referring to FIG. 1, Step 1 is for acquiring the 
data. 

[0061] The process begins by reading in the generated data 
from their native ?le formats, as de?ned by the DNA 
sequencer manufacturer. Let n be the number of lanes or 
capillaries, and m be the number of frequency acquisition 
channels. Capillary machines typically produce ?les Where 
each ?le represents either all m channels of one capillary, or 
one channel of one capillary. Gel-based instruments typi 
cally produce ?les Where one ?le represents either all m 
channels of the entire image, or one channel of one image. 
Intermediate cases, With the number of channels per ?le 
betWeen 1 and m, can occur as Well. 

[0062] Once the signals have been read in, capillary input 
data signals are preferably stored in an n><m structure of one 
dimensional arrays in the memory of a computing device. 
This structure contains the signal pro?les, With each array 
element corresponding to one channel of one capillary. Gel 
data are preferably stored as m tWo dimensional data arrays, 
one for each acquisition frequency. 

[0063] The computer softWare preferably integrates With 
current sequencer and CE technology. It preferably has tWo 
manufacturer-independent input modules: one for sequencer 
gel data (e.g., PE Biosystems ABI/377, Molecular Dynamics 
Fluorimager), and one for CE data (e.g., PE Biosystems 
ABI/310, SpectruMedix SCE/9600). These modules are 
extensible and ?exible, and preferably handle any knoWn 
sequencer or CE data in current (or future) ?le formats. 

[0064] Referring to FIG. 1, Step 2 is for processing the 
signal. 
[0065] In this step, basic signal processing is done, such as 
baseline removal or ?ltering (e.g., smoothing) the data. 

[0066] In the preferred embodiment for one dimensional 
signals, baseline removal is done using a sliding WindoW 
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technique. Within each WindoW (of, say, 10 to 250 pixels, 
depending on the average number of pixel samples per base 
pair units), a minimum value is identi?ed. Using overlap 
ping WindoWs, a cubic spline is ?t through the minimum 
points, creating a neW baseline function that describes the 
local minima in each WindoW neighborhood. To remove the 
baseline, this neW baseline function is subtracted aWay from 
the original function. 

[0067] In the preferred embodiment for tWo dimensional 
images, the baseline is removed as folloWs. A local neigh 
borhood overlapping tiling is imposed on the image, and 
minimum values identi?ed. Create a baseline surface from 
these local minima, and subtract this baseline surface from 
the image to remove the baseline from the image. 

[0068] In the preferred embodiment, ?ltering and other 
smoothing is done using convolution. A convolution kernel 
(such as a gaussian or a binomial function) is applied across 
the one dimensional capillary signal, or the tWo dimensional 
scanned gel image. The radius of smoothing depends on 
number of pixels per base pair unit—denser sampling 
requires less smoothing. HoWever, With overly dense sam 
pling, the data siZe can be reduced by ?ltering out redundant 
points. 

[0069] Referring to FIG. 1, Step 3 is for separating the 
colors. 

[0070] A key element of ?uorescent genetic analysis is 
separating the ?uorescent dye signals. In the current art, this 
is done by: 

[0071] (1) Performing a dye standard calibration experi 
ment using knoWn dyes, often in separate lanes. A(dye color 
vs. frequency detection) classi?cation matrix C is knoWn 
directly from Which dye is used. Each column of C contains 
a “1” in the roW corresponding to the knoWn color, With all 
other entries set to “0”. 

[0072] (2) Measuring the signals at separate ?uorescent 
detection frequencies. These frequencies correspond to the 
“?lter set” of the sequencer. For each pure dye peak, the 
signals that are measured across all the detection frequencies 
reveal the “bleedthrough” pattern of one dye color into its 
neighboring frequencies. Each pattern is normaliZed, and 
stored as a column in a data matrix D. The jth column of D 
is the “spectral bleedthrough” system response to the 
impulse input function represented in the jth column of C. 

[0073] (3) The relationship betWeen C and D is described 
by the linear response dye calibration matrix M as: 

[0074] To determine the unknoWn dye calibration matrix 
M (or its inverse matrix M_1) from the data, apply matrix 
division, e.g., using singular value decomposition (SVD), to 
the matrices C and D. For example, this SVD operation is 
built into the MATLAB programming language (The Math 
Works, Inc., Natick, Mass.), and has been described (W H 
Press, S A Teukolsky, W T Vetterling, and B P Flannery, 
Numerical Recipes in C: The Art of Scienti?c Computing, 
Second Edition. Cambridge: Cambridge University Press, 
1992), incorporated by reference. 

[0075] (4) Thereafter, the spectral overlap is deconvolved 
on neW unknoWn data D‘ to recover the original dye colors 
C‘. 
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[0076] This is done by computing: 
C’=M’1><D 

[0077] While the current art enables the color separation 
step, it is not ideal. Slight variations in the gel (e.g., 
thickness, composition, temperature, chemistry) and the 
detection unit (e.g., laser, CCD, optics) can contribute to 
larger variations in ?uorescent response. An operator may 
encounter the folloWing problems: 

[0078] Calibrating the correction matrix M-1 on one 
gel run does not necessarily model the “spectral 
bleedthrough” pattern accurately on future runs. 

[0079] With 96 (or other multi-) capillary electro 
phoresis, each of the capillaries forms its oWn gel 
system, Whose different properties may necessitate a 
separate calibration matrix. 

[0080] Accurate dye calibration is technically 
demanding, labor intensive, time consuming, and 
expensive. Moreover, it can introduce considerable 
error into the system, particularly When the manual 
procedure is not carried out correctly. In such cases, 
the correction is imperfect and artifacts can enter the 
system. 

[0081] Such color “bleedthrough” (also termed 
“crosstalk” or “pullup”) artifacts can severely compromise 
the utility of the acquired data. In some cases, the gels must 
be rerun. Often scienti?c personnel Waste considerable time 
examining highly uninformative data. 

[0082] In one preferred embodiment, the color matrix is 
calibrated directly from the data, Without recourse to sepa 
rate calibration runs. This bleedthrough artifact removal is 
done using computer algorithms for the calibration, rather 
than manually conducting additional calibration experi 
ments. This can be done using methods developed for DNA 
sequence analysis based on general data clustering. While 
such clustering methods require relatively large amounts of 
data, they can be effective (W Huang, Z Yin, D Fuhrmann, 
D States, and LThomas Jr, “A method to determine the ?lter 
matrix in four-dye ?uorescence-based DNA sequencing,” 
Electrophoresis, vol. 18, no. 1, pp. 23-5, 1997; Z Yin, J 
Severin, M Giddings, W Huang, M Westphall, and L Smith, 
“Automatic matrix determination in four dye ?uorescence 
based DNA sequencing,” Electrophoresis, vol. 17, no. 6, pp. 
1143-50, 1996), incorporated by reference. 
[0083] It Would be desirable to use the least amount of 
most certain data When determining a color matrix for 
separating dye colors. Note that in the matrix relation 
“D=M><C”, the data columns D are knoWn from experiment. 
When a calibration run is used, the 0/1 classi?cation col 
umns C are knoWn; from these knoWn values, the unknoWn 
M can be computed. HoWever, When there is no calibration 
run, the classi?cation matrix C must be dynamically deter 
mined from the data in order to compute M. This can be 
done manually by a user identifying peaks, or automatically 
by the general clustering embodiment. HoWever, there is a 
more re?ned and novel approach to automatically classify 
ing certain data peaks to their correct color. 

[0084] The most preferred embodiment ?nds a {C, D} 
matrix pair using minimal data. Thus, M (and M_1) can be 
determined, and the rest of the neW data color separated. 
This embodiment exploits a key physical fact about spectral 



US 2005/0042668 A1 

emission curves: they are unimodal. Referring to FIG. 2, 
such curves monotonically rise up to a maximum value, and 
then monotonically decrease from that maximum. There 
fore, When a peak is generated from a single dye color, 
spectrally sampled across a range of- frequencies, and the 
intensities plotted as a function of frequency, the plotted 
curve demonstrates unimodal behavior—the curve rises up 
to a maXimum intensity, and then decreases again. This 
physical “unimodality” constraint on single color peaks can 
serve as a useful choice function for automatically (and 
intelligently) choosing peak data for the classi?cation matriX 

[0085] The function space equivalent of a unimodal func 
tion has a very useful property. Suppose that m different 
frequency channels are sampled. That is, there are m fre 
quencies X={X1, X2, . . . , Xm} sampled in the spectral domain. 
An equivalent representation of the m-point function 
fzmQR is as an m-vector V=<X1, X2, . . . , Xm> in the vector 

space Rm. NoW, select an appropriate norm on this vector 
space (say, L1 or L2), and normaliZe the vector v relative to 
its length, forming 

V 

[0086] In an L1 normaliZation, W lives on a ?at simpleX (in 
the all-positive simplex facet). In L2, W lives on a corre 
sponding curved surface. 

[0087] The unimodality constraint on X imposes additional 
geometrical constraints on W. Because X is unimodal, note 
that 

[0089] Where k is the indeX of the maXimum value of X. 

[0090] These inequality constraints determine the eXact 
subfacet in Which W must reside on the simpleX facet. 
Consider the case of three spectral sampling points, Where 
the three-dimensional vector <X, y, Z>ER3, and suppose that 
the unimodal constraint is Xiyiz, corresponding to the ?rst 
dye color. Referring to FIG. 3, the locations X, y, and Z 
designate the unit locations on the aXes in R3 (i.e., at <1, 0, 
0>, <0, 1, 0>, and <0, 0, 1>, respectively). Here, the Xiy 
constraint produces one region (horiZontal shading), the 
yZZ constraint another (vertical shading), and their inter 
section corresponds to the full constraint (crosshatch shad 
ing). Good calibration points for use as columns in a {C, D} 
matriX pair Will cluster (White circle) around the dye’s actual 
sampling point ratio vector (black cross). Conversely, poor 
candidate calibration points Will tend to lie outside the 
cluster, and can be rejected. This geometry in the function 
space permits selection of only the most consistent calibra 
tion data. 

[0091] The procedure starts by gathering likely unimodal 
data (e.g., those With highest intensities) for a given 
observed color k. After normaliZation, these candidate cali 
bration data {Wi} Will cluster Within the same subfacet of a 
?at (m—1)-dimensional facet; this facet is the all-positive 
face of the m-dimensional simpleX. This geometric con 
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straint folloWs directly from the physical unimodality con 
straint of pure spectral curves. An entire class of simple and 
effective clustering algorithms are based around eXploiting 
this geometric constraint. 

[0092] In one preferred embodiment, choose as cluster 
center point W0, the mean vector location of {Wi}; vector WO 
also lies on the simpleX subfacet (FIG. 3). Then, a small 
inner product <Wi, WO> value tends to indicate close proX 
imity of Wi and W0. Taking a small set (e.g., 1 ésé20) of the 
closest vectors Wi near WO selects good calibration data 
points, all pre-classi?ed to color k. To determine M_1, for 
each color k, take at most s such clustering points {Wi}, and 
use the corresponding {vi} as columns in D, Where vi is 
normaliZed With respect to the maXimum element in Wi. 
Form a vector u that is all Zeros, eXcept for a 1 in the kth 
entry; place s copies of u as columns in matriX C. This 
produces the required calibration matrices C and D, from 
Which M and its inverse are immediately computed using 
SVD or another matriX inversion algorithm. 

[0093] In the most preferred color separation algorithm, 
the criterion for peak selection is based on minimiZing the 
spectral Width of the peaks. A good measure of peak Width 
is the variance across the spectral sampling frequency 
points. The variance calculation can take into account the 
sampling frequencies actually used, if desired. In this pro 
cedure, the variances of candidate peaks for a given color 
frequency are computed. Those peaks having the smallest 
spectral variance indicate the best calibration points. In an 
alternative implementation, a best ?t of the observed fre 
quency curve With a knoWn frequency curve (e.g., via a 
correlation or inner product maXimiZation) can indicate the 
best points to use. 

[0094] The method applies not only to raW data, but also 
to data that has been previously color separated by other 
(possibly inaccurate) color correction matrices. This is 
because the unimodality constraint generally applies to such 
data. 

[0095] Auseful feature of the unimodality approach is that 
the model can automatically select good calibration peaks, 
even With very sparse data. This is because the function 
space geometry effectively constrains the clustering geom 
etry. Such sparse-data clustering algorithms are particularly 
useful With capillary data, Where one capillary may only 
have 1 or 2 useful calibration peaks corresponding to a given 
color. Despite this data limitation, the method easily ?nds 
these peaks, and effectively separates the colors. Such 
automation enables customiZation of the dye separation 
matriX to each capillary on each run, Which virtually elimi 
nates the bleedthrough artifact. 

[0096] It is useful to have a quality score that measures 
hoW Well the computed matriX correction actually corrects 
the data. This can be done by comparing the eXpected vs. 
observed results; this comparison can be computed either the 
separated or unseparated domain. Using the computer-se 
lected calibration data vectors D, if the computed correction 
matriX M“1 is correct, then the 0/1 calibration matriX of 
column vectors C Will be recomputed eXactly from the data 
matriX D: 

[0097] Where, theoretically, C‘=C. Measuring the devia 
tion betWeen C and C‘ measures hoW Well the correction 
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Worked. One straightforward deviation measure sums the 
normed L2 deviations betWeen each column of C‘ and its 
corresponding column in C. When the deviation is too great 
(e.g., due to failed PCR ampli?cation), a matriX based on a 
more con?dent (manual or automatic) calibration can be 
used. 

[0098] Referring to FIG. 1, Step 4 is for removing the 
primers. 

[0099] When the separated DNA fragments are formed 
from labeled PCR primers, it useful to remove the intense 
primer signal prior to initiating quantitative analyses. There 
are many standard signal processing methods for removing 
a singularity from a signal, or a roW of such large peaks from 
an image. 

[0100] For one dimensional data, ?rst detect the primer 
signal. This can be done, in one embodiment, by smoothing 
(i.e., loW pass ?ltering) the signal to focus on broad varia 
tions, and then ?tting the largest peak (i.e., the primer peak) 
to an appropriate function, such as a Gaussian. Determining 
the variance of the peak from the function ?t provides the 
domain interval on Which the primer peak should be 
removed. On this domain, it is most preferrable to set the 
values on this interval to an appropriate background value 
(e.g., Zero, if background substracted, or an average of 
neighboring values outside the interval). Alternatively, one 
can crop the interval from the signal. 

[0101] For tWo dimensional data, a projection of the piXel 
data onto the vertical aXis of DNA separation ?nds the roW 
of peaks. Determine the spread of this peak signal by curve 
?tting (e.g., With a Gaussian). Remove the primer peaks by 
either cropping the signal from the image, or setting the 
values in that domain to Zero (or some other appropriate 
background value). 
[0102] Referring to FIG. 1, Step 5 is for tracking the siZes. 

[0103] In the preferred embodiment, siZe standards are run 
in the same lane as the sample data, and are labeled With a 
label different from the label used for the sample data. The 
task is to ?nd these siZe standards peaks, con?rm Which 
peaks represent good siZe standard data, and then align the 
observed siZe standards peaks With the eXpected siZes of the 
siZe standards. This process creates a mapping betWeen the 
siZe standard peak data sampled in the piXel domain, and the 
knoWn siZes (say, in base pair or molecular Weight units) of 
each peak. 

[0104] For one dimensional data, there are no lateral lanes 
to help determine Which of the peaks observed in the siZe 
standard signal represent good data. Therefore, a preferred 
procedure uses prior information about the siZe standards 
(e.g., the siZe) to ensure a proper matching of data peaks to 
knoWn siZes. In the most preferred embodiment, use the 
folloWing steps: 

[0105] 0. Find some good candidate peaks to get started. 

[0106] 1. Identify the best peaks to use by ?ltering poor 
candidates. This can be done by performing quality checks 
(e.g., for the height, Width, or peak ?t) on the candidate 
peaks. 

[0107] 2. Match the eXpected peak locations to the 
observed data peaks. This is done by applying a “Zipper 
match” algorithm to the best candidate data peaks and the 
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eXpected siZes. This matching uses local extension to align 
the peaks With siZes, and includes the folloWing steps: 

[0108] 2a. Match the boundary, that is, a subset of smallest 
siZe data peaks or largest siZe data peaks. The algorithm can 
be rerun several times, shifting the boundary data peaks or 
the eXpected siZes. The best boundary shift can be found by 
heuristic minimiZation. One good heuristic assesses the 
uniformity (e.g., by minimiZing the variance) of the ratios 
across matching local intervals of the eXpected siZe standard 
difference to the observed data peak difference. 

[0109] 2b. FiX a tolerance interval that includes unity 
(different tolerance intervals can be tried). 

[0110] 2c. Starting With the (possibly truncated) bound 
aries of the eXpected siZes and observed peaks aligned, 
eXtend this boundary. 

[0111] 2d. Compute the ratio p of the difference betWeen 
the neXt eXpected peak siZe and the current eXpected peak 
siZe, to the difference betWeen the neXt observed peak siZe 
and the current observed peak siZe. 

[0112] 2e. Compute the ratio q of the difference betWeen 
the current eXpected peak siZe and the previous eXpected 
peak siZe, to the difference betWeen the current observed 
peak siZe and the previous observed peak siZe. 

[0113] 2f. If the ratio (p/q) is greater than the tolerance 
interval’s greatest value, then the observed data peak falls 
short. Reject the observed data peak, advance to the neXt 
observed data peak, and continue. 

[0114] 2g. If the ratio (p/q) is less than the tolerance 
interval’s least value, then the eXpected data siZe falls short. 
Reject the eXpected data siZe, advance to the neXt eXpected 
data siZe, and continue. 

[0115] 2h. If the ratio (p/q) lies Within the tolerance 
interval, then the eXpected data siZe is Well matched to the 
observed data peak. Accept the siZe and the peak, record 
their match, and advance to the neXt siZe and peak. 

[0116] 3. If desired, ?ll in any missing data peaks by 
interpolation With eXpected siZes from the Zipper matching 
result. 

[0117] 4. Compute a quality score for the matching result. 
Useful scores include: 

[0118] 4a. Fitting the matching of the eXpected siZes (in 
base pair, or other eXpected unit) With the peak siZes (in 
piXels, or other observed data unit). The relationship is 
monotonic and typically sloWly varying, so a deviation from 
a ?tted function (e.g., linear, cubic, or Southern mobility 
relationship) Works Well. 

[0119] 4b. Another quality score is the number of siZe 
mismatches, adjusted by the boundary shift. 

[0120] 5. Report the peak positions, matched With siZe 
standards. It is also useful to include the quality score of the 
match. 

[0121] For tWo dimensional gel data, proceed by tracking 
on the color-separated siZe standard image. To track simul 
taneously both the siZes and lanes, ?rst focus on a boundary 
roW (e.g., the top roW) of siZe standards. Model the roW 
geometry (e.g., curvature, siZe, location) and each of the 
peaks (e.g., height, shape, angle). Then use this pattern as a 


































