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Genome-Wide Association Studies (GWAS) offer the potential to resolve 

complex traits to a single gene or an individual polymorphism. GWAS, which rely on 

historical recombination for resolving complex traits, require that regions of active 

recombination be genotyped at high-density. Therefore, the molecular focus to the 

maize (Zea mays L.) genome is to genotype the gene-rich or low-copy-number 

regions, as these are the preferential sites for meiotic recombination. Due to the rapid 

rate of linkage disequilibrium decay in a large, diverse genome, it is possible that 

several million markers are needed for GWAS in diverse maize. The integration of 

gene-enrichment approaches and high-throughput genotyping platforms offer the 

potential to score polymorphisms at the needed scale in an efficient and cost-effective 

manner. 

The two initial studies focused on developing methodologies to identify and 

score polymorphisms in large, complex plant genomes. In the first study, four gene-

enrichment and complexity reduction target preparation methods were tested for 

scoring polymorphisms on the Affymetrix Maize GeneChip. The results indicated that 

the tested target preparation methods offered only modest power to detect 

polymorphisms with the Maize GeneChip. However, 10,000s of informative markers 

were still discovered. In the second study, gene-enriched genomic libraries constructed 

for two maize inbred lines were sequenced using massively parallel pyrosequencing. 

This combined with a computational SNP calling pipeline designed to reduce the 



number of false positive SNPs resulting from paralogs lead to the identification of 

more than 120,000 single-nucleotide polymorphisms (SNPs). 

The third study used Solexa sequencing for low-copy-enrichment resequencing 

of inbred lines that are the founders of the maize Nested Association Mapping (NAM) 

population. More than 3 million polymorphisms were scored across the founders, and 

a substantial portion of the low-copy fraction was highly divergent or novel relative to 

the reference genome. Recent and ancestral recombination rates were strongly 

correlated with nucleotide diversity, which suggests that genome structure partly 

shaped diversity. In addition, we identified regions of the maize genome that are 

potentially selective sweeps or involved in regional adaptation. These results should 

be an excellent resource for GWAS, fine-mapping projects, and understanding maize 

diversity and evolution. 
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CHAPTER 1 

GENOTYPING FOR ASSOCIATION MAPPING IN PLANTS1 

Background Markers 

In association studies, a set of unlinked, selectively neutral background 

markers scaled to achieve genome-wide coverage are employed to broadly 

characterize the genetic composition of individuals. Background genetic markers are 

useful in assigning individuals to populations (Pritchard and Rosenberg, 1999), 

preventing spurious associations if population structure and relatedness exist 

(Pritchard et al., 2000; Thornsberry et al., 2001; Yu et al., 2006), and estimating 

kinship and inbreeding (Lynch and Ritland, 1999). Random amplified polymorphic 

DNA (RAPD) (Williams et al., 1990) and amplified fragment length polymorphism 

(AFLP) (Vos et al., 1995) markers can serve as background markers, but almost all 

RAPD and AFLP markers are dominantly inherited and thus demand special statistical 

methods if used to estimate population genetic parameters (Falush et al., 2007; 

Ritland, 2005). Conversely, codominant microsatellites, or simple sequence repeats 

(SSRs), and single-nucleotide polymorphisms (SNPs) are more revealing (i.e., no 

allelic ambiguity) than their dominant counterparts and, therefore, are more powerful 

in estimating population structure (Q) and the relative kinship matrix (K). 

Because SSR markers are multiallelic, reproducible, PCR-based, and generally 

selectively neutral they have been the predominant molecular marker in kinship and 

population studies. Semi-automated systems exist for the multiplexed detection and 

sizing of fluorescent-labeled SSR products with internal size standards; thus greatly 

increasing both the allele size accuracy and genotyping throughput (Mitchell et al., 
                                                
1 This introduction was published as part of a peer-reviewed review article. C. Zhu, M. Gore, E. 
Buckler, and J. Yu. 2008. Status and Prospects of Association Mapping in Plants. Plant Genome 1: 5-
20. 
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1997). Nascent polymorphic SSR alleles are mostly spawned from the slipped strand 

mispairing (i.e., slippage) of allelic tandem repeats during DNA replication (Levinson 

and Gutman, 1987). In theory, the highly mutagenic process of slippage can generate 

an unlimited number of SSR alleles, but longer SSR allele sizes are more likely to be 

eliminated by natural selection (Li et al., 2002). The same slippage phenomenon that 

results in highly polymorphic SSR loci also is the basis of size homoplasy, a situation 

when SSR alleles are identical in size but not identical by descent (Viard et al., 1998). 

If alleles have a high mutation rate and strong size constraint, SSR size homoplasy 

could be problematic when estimating genetic parameters in a large population 

(Estoup et al., 2002). 

Due to higher genome density, lower mutation rate, and better amenability to 

high-throughput detection systems, SNPs are rapidly becoming the marker of choice 

for complex trait dissection studies. Either single marker assays or multiplexes in 

scalable assay plates and microarray formats can be used to score SNPs. The selection 

of a specific genotyping technology is dependent on both the number of SNP markers 

and individuals to be scored (Kwok, 2000; Syvänen, 2005). The mutation rate per site 

per generation is several times lower than the SSR mutational rate per generation (Li 

et al., 2002; Vigouroux et al., 2002). Therefore, on a per-site basis, due to SNPs’ 

predominantly biallelic nature they are less informative than multiallelic SSRs. 

Because the expected heterozygosity of individual SNPs is lower, more SNP than SSR 

background markers are needed to reach a reasonable estimate of population structure 

and relatedness for most crops (Hamblin et al., 2007). This should not be considered a 

shortcoming because SNPs are more widely distributed throughout the genome and 

are several-fold less expensive to score than SSRs. 
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Candidate Genes 

Candidate-gene association mapping is a hypothesis-driven approach to 

complex trait dissection, with biologically relevant candidates selected and ranked 

based on the evaluation of available results from genetic, biochemical, or physiology 

studies in model and non-model plant species (Mackay, 2001; Risch and Merikangas, 

1996). Because SNPs offer the highest resolution for mapping QTL and are potentially 

in LD with the causative polymorphism they are the preferential candidate-gene 

variant to genotype in association studies (Rafalski, 2002). Candidate-gene association 

mapping requires the identification of SNPs between lines and within specific genes. 

Therefore, the most straightforward method of identifying candidate gene SNPs relies 

on the resequencing of amplicons from several genetically distinct individuals of a 

larger association population. Fewer diverse individuals in the SNP discovery panel 

are needed to identify common SNPs, whereas many more are needed to identify rarer 

SNPs. Promoter, intron, exon, and 5′/3′-untranslated regions are all reasonable targets 

for identifying candidate gene SNPs, with non-coding regions expected to have higher 

levels of nucleotide diversity than coding regions. The rate of LD decay for a specific 

candidate gene locus dictates the number of SNPs per unit length (e.g., kb) needed to 

identify significant associations (Whitt and Buckler, 2003). Therefore, the number and 

base-pair length of amplicons required to sufficiently sample a candidate gene locus is 

almost entirely dependent on LD and SNP distribution, with a higher density of SNP 

markers needed in regions of relatively low LD and high nucleotide diversity. 

It is not essential to score every candidate gene SNP. Because a key objective 

of this approach is to identify SNPs that are causal of phenotypic variation, those with 

a higher likelihood to alter protein function (coding SNPs) or gene expression 

(regulatory SNPs) should be a top priority for genotyping (Tabor et al., 2002). 

However, the biological function of SNPs, if any, for the most part is unknown or not 
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easily discerned. In cases of ambiguity where there are blocks of several SNPs in 

significant LD, an alternative strategy is to select and score a small fraction of SNPs 

(tag SNPs) that capture most of the haplotype block structure in candidate-gene 

regions (Johnson et al., 2001). Genotyping tag SNPs is more cost effective and, if 

properly designed, does not result in a significant loss of statistical testing power (Kui 

et al., 2002). In most cases, allele resequencing in diploid inbred lines (homozygous 

loci) allows for the direct determination of haplotypes. Reconstructing haplotypes 

from SNP data in heterozygous and polyploid (ancient or modern) individuals is more 

challenging, as statistical algorithms are needed to resolve phase ambiguities (Simko, 

2004; Stephens et al., 2001) and transmission tests are needed to confirm orthologous 

relationships (Cogan et al., 2007). 

Candidate-gene selection is straightforward for relatively simple biochemical 

pathways (e.g., starch synthesis in maize) or well characterized pathways (e.g., 

flowering time in Arabidopsis) that have been resolved mainly through genetic 

analysis of mutant loci (natural or induced). But for complex traits such as grain or 

biomass yield, the entire genome could potentially serve as a candidate (Yu and 

Buckler, 2006). Most candidate-gene studies investigating a single pathway or trait in 

a crop species have genotyped less than 100 SNPs in a population of 100 to 400 

individuals (Ersoz et al., 2008). In these studies, Sanger sequencing and single base 

extension (SBE) assays were the predominant technologies used to score candidate 

gene SNPs. Advantages of SBE assays over Sanger sequencing are reflected in their 

lower reagent costs, enhanced resolution of heterozygous genotypes, and better 

suitability to multiplex detection on higher-throughput, lower cost analytical platforms 

(Syvänen, 2001). 
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Whole-Genome Scan 

If whole-genome association scans are to be conducted in crops, an important 

first step is to use high-capacity DNA sequencing instruments or high-density 

oligonucleotide (oligo) arrays to efficiently identify SNPs at a density that accurately 

reflects genome-wide LD structure and haplotype diversity. The appropriateness of a 

DNA sequencing platform (Figure 1.1) for SNP discovery depends on the number of 

SNPs required for effective whole-genome scans in an association population. For 

example, the extensive LD in 95 Arabidopsis accessions and 102 elite barley inbred 

lines made it possible to association test a low number of evenly spaced SNPs 

discovered via capillary-based Sanger sequencing and still achieve a medium level of 

genome-wide mapping resolution (Aranzana et al., 2005; Rostoks et al., 2006). 

Alternatively, tens to hundreds of thousands of SNP markers are required for powerful 

whole-genome scans in crops with low LD and high haplotype diversity, such as 

maize and sunflower. In such a scenario, the 454-GS FLX (Margulies et al., 2005) and 

Illumina 1 G Genome Analyzer (Bennett, 2004) are ideal platforms for identifying 

scores of SNPs through short read resequencing of allelic fragments from several 

genetically diverse individuals. After SNPs are identified, different array-based 

platforms can be used to genotype thousands of tag SNPs in parallel. 

A high quality whole-genome reference sequence is extremely valuable in 

construction of a SNP haplotype map from short reads produced by the 454 and 

Illumina sequencing platforms. This is because short reads are more easily assembled 

by aligning to a preexisting genome reference sequence compared to de novo 

assembly. Also, a reference genome is useful in masking repetitive and paralogous 

sequences, as the orthology of high copy sequences is difficult to determine unless 

candidate SNPs are genetically mapped. Because the base calling accuracy of 454 and 

Illumina is presently lower than that of Sanger sequencing, emphasis should be placed 
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on calling SNPs that have multiple read support (≥2X coverage/allele/individual). The 

newness and expense of next-generation sequencing technologies have limited their 

wide-spread implementation for SNP discovery in crops. Recently, a 454-based 

transcriptome sequencing method was used in maize to identify more than 36,000 

candidate SNPs between two maize inbred lines (Barbazuk et al., 2007). This 454-

SNP study is a promising step toward development of numerous genome-wide SNP 

markers in a highly diverse crop species with a rapid breakdown of LD, but more 

importantly lays the framework for identifying SNPs based on sequencing of random 

genomic fragments. 
 

 
 
Figure 1.1 Comparison of sequencing platforms for high-throughput SNP discovery. 

 

The simultaneous discovery and genotyping of allelic variation with high-

density oligo expression arrays designed from a reference sequence is based on the 

concept that a perfectly matched target binds to a 25-bp oligo feature with greater 

affinity than a mismatched target (Borevitz et al., 2003; Winzeler et al., 1998). If an 
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individual feature on an array shows a significant and repeatable difference in 

hybridization intensity between genotypes, it can serve directly as a polymorphic 

marker or single feature polymorphism (SFP). Expression arrays hybridized with total 

genomic DNA allow for highly accurate scoring of several thousand SFPs in the 

relatively small genomes of 135-Mb Arabidopsis (Borevitz et al., 2003) and 430-Mb 

rice (Kumar et al., 2007). Whole-genome, genome complexity reduction, and gene 

enrichment target preparation methods are only modestly successful for detecting 

SFPs in larger retrotransposon-rich plant genomes (Gore et al., 2007; Rostoks et al., 

2005). Notable limitations are that SFPs tend to be less heritable (i.e., lower quality) 

than SNPs and map unknown polymorphisms only at 25-bp resolution. If scored at 

very high density and moderate accuracy, SFPs are potentially powerful tools to detect 

associations in crop genomes with extensive LD (Kim et al., 2006) and relatively low 

levels of repetitive DNA.  

In a whole-genome resequencing-by-hybridization approach championed by 

Perlegen Sciences (Mountain View, CA), high-density arrays consisting of tiled, 

overlapping 25-bp oligos are used to identify SNPs and other polymorphisms in a 

hybridized target genome at single base pair resolution (Borevitz and Ecker, 2004; 

Mockler et al., 2005). Tiling arrays were used to construct a haplotype map by 

essentially resequencing 20 diverse Arabidopsis genomes and cataloging more than 1 

million nonredundant SNPs (Clark et al., 2007). Only 27% of the total polymorphisms 

were scored in a given ecotype due to ineffective SNP detection in highly polymorphic 

regions. Tiling array projects are in progress to identify SNPs in multiple rice lines 

(McNally et al., 2006) and score 250,000 tag SNPs in an association panel of 1,000 

Arabidopsis ecotypes. It is still an open question as to whether resequencing-by-

hybridization on tiling arrays will come to fruition as a routine SNP discovery 
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platform for crop genomes that predominantly contain repetitive DNA, extensive 

sequence duplications, or high nucleotide diversity. 
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CHAPTER 2 

EVALUATION OF TARGET PREPARATION METHODS FOR SINGLE 

FEATURE POLYMORPHISM DETECTION IN LARGE COMPLEX PLANT 

GENOMES2 

 

ABSTRACT 

For those genomes low in repetitive DNA, hybridizing total genomic DNA to 

high-density expression arrays offers an effective strategy for scoring single feature 

polymorphisms (SFPs). Of the ~2.5 Gb that constitute the maize genome (Zea mays 

L.), only 10-20% are genic sequences, with large amounts of repetitive DNA 

intermixed throughout. Therefore, a target preparation method engineered to generate 

a high genic-to-repetitive DNA ratio is essential for SFP detection in maize. To that 

end, we tested four gene enrichment and complexity reduction target preparation 

methods for scoring SFPs on the Affymetrix GeneChip Maize Genome Array (“Maize 

GeneChip”). Methylation filtration (MF), Cot filtration (CF), mRNA-derived cRNA, 

and AFLP methods were applied to three diverse maize inbred lines (B73, Mo17, and 

CML69) with three replications per line (36 Maize GeneChips). Our results indicate 

that these particular target preparation methods offer only modest power to detect 

SFPs with the Maize GeneChip. Most notably, CF and MF are comparable in power, 

detecting more than 10,000 SFPs at a 20% false discovery rate. Although reducing 

sample complexity to ~125 Mb by AFLP improves SFP scoring accuracy over other 

methods, only a minimal number of SFPs are still detected. Our findings of residual 

repetitive DNA in labeled targets and other experimental errors call for improved 

gene-enrichment methods and custom array designs to more accurately array genotype 
                                                
2 M. Gore, P. Bradbury, R. Hogers, M. Kirst, E. Verstege, J. van Oeveren, J. Peleman, E. Buckler, and 
M. van Eijk. 2007. Evaluation of Target Preparation Methods for Single Feature Polymorphism 
Detection in Large Complex Plant Genomes. The Plant Genome S2: S-135-S-148. 
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large, complex crop genomes. 

 

INTRODUCTION 

Modern cultivated maize (Zea mays L.) boasts more genetic diversity than any 

other domesticated grass, retaining on average more than two-thirds of the nucleotide 

diversity of its wild relatives (Gaut et al., 2000; Tenaillon et al., 2001; White and 

Doebley, 1999). Indeed, DNA sequences of any two maize inbred lines differ from 

one another at an estimated frequency of a single nucleotide polymorphism (SNP) per 

70 bases (silent sites) (Tenaillon et al., 2001). Considering such high levels of 

nucleotide diversity and a genome roughly equivalent in magnitude to the human 

genome (Arumuganathan and Earle, 1991), this yields about 30 million segregating 

sites. Intragenic linkage disequilibrium (LD) rates decline to minimal levels within 

two Kilobases (Kb) for a genetically diverse sample of tropical and temperate maize 

inbred lines (Remington et al., 2001). Due to this rapid breakdown of LD in a highly 

variable genome, an estimated one million SNP markers are required for genome-wide 

association studies. 

Although the maize genome is a sizable ~2.5 Gigabase (Gb), the vast majority 

consists of several classes of retroelements known as long-terminal repeat (LTR)-

retrotransposons (SanMiguel et al., 1996). LTR-retrotransposons are generally 

recombinationally inert, thereby confining most meiotic recombination to the gene 

rich or low-copy-number regions of the maize genome (Fu et al., 2002; Fu et al., 2001; 

Yao et al., 2002). Association mapping approaches, which rely on historical 

recombination for resolving complex traits, require that these regions of active 

recombination be identified and tagged. Because gene expression microarrays consist 

of oligonucleotides (oligos) designed from the sequence of expressed genes, they offer 

one potentially powerful means of genotyping thousands of recombinationally active 
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gene regions in parallel. The genotyping of sequence polymorphisms with an 

expression array is based on the concept that a perfectly matched target binds to an 

oligo probe or feature with greater affinity than a mismatched target (Borevitz et al., 

2003; Singer et al., 2006). If an individual oligo feature on an expression array shows 

a significant and reproducible difference in hybridization intensity between genotypes 

or strains, it can serve as a polymorphic marker or single feature polymorphism (SFP). 

The goal of this study was to test the feasibility of expression arrays for use in SFP 

detection in maize. 

The efficacy of Affymetrix expression arrays for permitting highly accurate 

scoring of SFPs has already been demonstrated in relatively small genomes such as ~4 

Megabase (Mb) bacteria (Mycobacterium tuberculosis) (Tsolaki et al., 2004), ~12 Mb 

yeast (Saccharomyces cerevisiae) (Winzeler et al., 1998), and ~135 Mb Arabidopsis 

thaliana (hereafter Arabidopsis) (Borevitz et al., 2003). Expression arrays hybridized 

with DNA have also been used to map genetic loci and dissect traits (Singer et al., 

2006; Steinmetz et al., 2002; Werner et al., 2005; Wolyn et al., 2004). Such whole-

genome hybridization, however, has had limited success for detection of SFPs in crop 

plants with larger, more complex genomes, such as ~5.2 Gb barley (Hordeum vulgare 

L.) (Rostoks et al., 2005) and ~2.5 Gb maize (Kirst and Buckler, unpublished data, 

2004). Thus, a target preparation method based on gene enrichment or complexity 

reduction is needed to exploit this potentially powerful technology.  

One reasonably effective strategy is to score SFPs with cRNA derived from the 

less complex mRNA fraction of barley and maize (Cui et al., 2005; Kirst et al., 2006; 

Rostoks et al., 2005). Using cRNA as a surrogate for genomic DNA, however, has 

several notable limitations, including a requirement for extensive replication (e.g., 6X 

in Kirst et al., 2006) and a need to sample multiple tissues due to spatial and temporal 

expression of genes (e.g., 3X of six tissue types in Rostoks et al., 2005). 
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Methylation filtration (MF) with the bacterial McrBC restriction-modification 

system and Cot filtration (CF) are two gene-enrichment technologies that have enabled 

a significant proportion of the maize gene space to be sequenced (Palmer et al., 2003; 

Whitelaw et al., 2003; Yuan et al., 2003). CF and MF yielded a four- to seven-fold 

enrichment in maize gene sequences as compared to control libraries (Rabinowicz et 

al., 1999; Yuan et al., 2003). MF exploits the differential methylcytosine patterns 

between genes and retrotransposons in plants. Unlike mammalian retrotransposons, 

those in plants are more heavily methylated than the rest of the genome (Rabinowicz 

et al., 2003; Rabinowicz et al., 2005). When plant retrotransposon DNA containing 

methylcytosine on one or both strands is preceded by a purine (G/A) residue (Raleigh, 

1992; Sutherland et al., 1992), it is cleaved by McrBC, a novel type I GTP-dependent 

restriction endonuclease. This results in gene rich regions being digested much less 

frequently than retrotransposon blocks—a characteristic that has been used to clone 

and sequence the unmethylated portion (gene space) of genomes from several plant 

genera (Bedell et al., 2005; Palmer et al., 2003; Rabinowicz et al., 1999; Rabinowicz 

et al., 2005). 

The principle underlying CF is based on the renaturation kinetics of DNA 

(Britten and Kohne, 1968) and has been used to differentially fractionate plant 

genomes according to copy number and base composition (Geever et al., 1989; Hake 

and Walbot, 1980; Peterson et al., 2002a; Yuan et al., 2003). Mechanically sheared 

genomic DNA is denatured and reassociated to a calculated Cot value, a product of 

nucleotide concentration and reassociation time (Peterson et al., 2002a). The 

unrenaturated genome fraction enriched for low-copy number and genic sequences 

(High-Cot) is then cloned and sequenced, while the renaturated moderately (Medium-

Cot) and highly repetitive (Low-Cot) DNA fractions are excluded (Peterson et al., 

2002a; Yuan et al., 2003). 
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A final technique, AFLP, uses the random distribution of restriction 

endonuclease recognition sites across a genome to make amplification libraries (Vos et 

al., 1995). By carefully selecting enzyme motifs and varying the number of selective 

bases in the amplification primers, it is possible to modulate both the number of 

unique, amplified fragments as well as genome complexity. Although standard AFLP 

procedures are not biased to gene regions, different random pools of DNA can be 

preferentially amplified and genotyped on expression arrays by changing enzymes. 

AFLP offers the additional advantage of being reproducible and amenable to high 

throughput processing. 

Due to large amounts of repetitive, mobile DNA, the maize genome requires a 

target preparation method that offers both a high level of gene-enrichment and 

accurate scoring of SFPs. The objectives of this paper are to: (i) determine which 

target preparation method (CF, MF, mRNA, or AFLP) optimally enriches for gene 

sequences complementary to probe sequences on the Affymetrix GeneChip Maize 

Genome Array, and (ii) estimate SFP detection power for each target method. 

 

MATERIALS AND METHODS 

Sample and Array Specifications 

To evaluate the effectiveness of several target preparation methods for 

detecting single feature polymorphisms (SFPs) in large, complex plant genomes, we 

conducted an experiment to score SFPs in three diverse maize inbred lines. Iowa Stiff 

Stalk Synthetic line, B73; non-stiff stalk line, Mo17; and tropical lowland CIMMYT 

(International Center for Maize and Wheat Improvement) line, CML69; represent the 

three major subpopulation groups of maize inbred lines (Liu et al., 2003; Remington et 

al., 2001). The Affymetrix Gene Chip Maize Genome Array (“Maize GeneChip”) has 

17,555 probesets with 263,026 probe pairs for expression profiling 14,850 maize 
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genes (13,339 unique). Of the 17,555 probesets, 17,477 have 15 probe pairs, while the 

remaining 78 probesets have 14 or less probe pairs. Each probe pair consists of a 

perfect match (PM) probe and mismatch (MM) probe. The PM probe has a 25 bp 

sequence that is identical to a specific target gene transcript, whereas the MM probe 

differs from the PM probe by a single nucleotide substitution at the central base 

position. Array probes are designed from the sequence of expressed maize genes 

available in NCBI’s GenBank (up to September 29, 2004) and Zea mays UniGene 

Build 42 (July 23, 2004) databases (http://www.affymetrix.com).  

 

Target Synthesis and Array Hybridization 

Total genomic DNA was extracted from powdered lyophilized leaf tissue using 

cetyltrimethylammonium bromide (CTAB) extraction buffer according to the protocol 

described by Saghai-Maroof et al. (1984). DNA was extracted in triplicate from a 

single genotyped tissue source, thus all DNAs isolated from the same inbred tissue 

source are technical replicates. 

The maize genome was methylation filtered (MF) using McrBC as previously 

described by Zhou et al. (2002), with minor modifications. McrBC fragments were 

generated by incubating 60 µg genomic DNA with 600 U of McrBC (New England 

Biolabs, Ipswich, MA) at 37°C for 8 h, followed by heat inactivation of the enzyme at 

65°C for 20 min. McrBC fragments ranging in size from ~12 Kb to less than 100 bp 

(data not shown) were separated on a low-melting 0.8% SeaPlaque® Agarose gel 

(Cambrex Bio Science Rockland, Inc., Rockland, ME). Most unwanted, restricted 

methylated DNA migrated to positions below the 1 Kb marker. Fragments ≥ 1 Kb 

were excised from the gel and purified using the QIAEX II Gel Extraction Kit 

(Qiagen, Valencia, CA), according to the manufacturer’s protocols. 
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Cot filtration (CF) involved selecting the High-Cot (HC) single-stranded (ss) 

DNA fraction as described by Peterson et al. (2002a). In brief, 50 µg of genomic DNA 

was sheared to an average fragment size of 450 bp using a Misonix Sonicator 3000 

(Misonix, Inc., Farmingdale, NY) with full power settings, for 24 cycles of 30 s of 

sonication and 1 min of cooling. Cations were removed using a Chelex ion-exchange 

column, followed by concentration and resuspension of the DNA in 0.5 M sodium 

phosphate buffer (SPB). DNA was transferred to capillary tubes, denatured in boiling 

water for 10 minutes, and allowed to renature to a Cot value of 262 M•sec. A Cot value 

is the product of the sample's nucleotide concentration (moles of nucleotides per liter), 

its reassociation time in seconds, and a buffer factor based upon cation concentration 

(Peterson et al. 2002a). Renatured DNA was then transferred to a hydroxyapatite 

(HAP) column (Bernardi, 1971) equilibrated with 0.03 M SPB. Finally, HC ssDNA 

was eluted by loading the HAP column with 0.12 M SPB. 

Amplification of AFLP fragments was carried out according to the protocol 

described by Vos et al. (1995), using 200 ng genomic DNA as starting material. 

Sequences of the TaqI adapter were 5'-CTCGTAGACTGCGTAC-3' and 5'-

CGGTACGCAGTCT-3', and sequences of the MseI adapter were 5'-

GACGATGAGTCCTGAG-3' and 5'-TACTCAGGACTCA-3'. Sequences of the 

TaqI+A, MseI+C and MseI+G primers were 5'-GTAGACTGCGTACCGAA-3', 5-

GATGAGTCCTGAGTAAC-3' and 5'-GATGAGTCCTGAGTAAG-3', respectively. 

AFLP products were purified by standard sodium acetate/ethanol precipitation and 

dissolved in T10E0.1. 

A total of 300 ng purified HC ssDNA, MF DNA or purified AFLP product 

were biotin-labeled in triplicate using the BioPrime® DNA labeling system 

(Invitrogen, Carlsbad, CA), as described by Borevitz et al. (2003). Specifically, 60 µl 

2.5X random octamer primers and 300 ng DNA were denatured in a total volume of 
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132 µl at 95ºC for 10 minutes and cooled on ice to allow annealing of random primers. 

Next, 15 µl 10X dNTP/biotin-14-dCTP and 3 µl Klenow fragments were added for 

primer extension and incubated overnight at 25ºC. Labeled fragments were purified by 

standard sodium acetate/ethanol precipitation and dissolved in 30 µl T10E0.1. For the 

labeled AFLP samples, a total of 15 µg TaqI+1(A)/MseI+1(C) and 15 µg TaqI+1(A)/ 

MseI+1(G) from each sample were pooled and enough T10E0.1 was added to bring the 

final volume to 30 µl. The combination of these two AFLP +1/+1 samples was 

intended to represent an approximately 125 Mb fraction of the maize genome, which 

is almost equal in size to the Arabidopsis genome. These primer-enzyme 

combinations, however, are not optimized to specifically target gene regions. 

Total RNA from homogenized frozen 4-week old leaf tissue was isolated using 

TRIZOL® reagent (Invitrogen, Carlsbad, CA) and Qiagen RNAeasy Columns 

(Qiagen, Valencia, CA) according to the manufacturers’ protocols. Total RNA was 

isolated from harvested leaves of individual plants, thus all RNAs isolated from a 

specific inbred are biological replicates. A total of 7 µg of each RNA sample was used 

for double-stranded cDNA synthesis and biotin-labeling of antisense cRNA, as 

described in the manual accompanying GeneChip Expression 3’-Amplification 

Reagents One-Cycle cDNA Synthesis Kit and One-Cycle Target Labeling Assay 

(Affymetrix, Santa Clara, CA). Finally, 15 µg biotin-labeled cRNA per reaction was 

supplemented with T10E0.1 to achieve a final volume of 30 µl. 

Hybridizations on GeneChip Maize Genome Arrays (Affymetrix, Santa Clara, 

CA) were carried out by an Affymetrix service station (ServiceXS, Leiden, The 

Netherlands), according to Affymetrix protocols. In total, 36 GeneChips were used in 

this study. Three technical replicates of CF, MF, and AFLP for each line were 

hybridized to 27 GeneChips, and three biological replicates of mRNA for each line 

were hybridized to 9 GeneChips. 
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GeneChip Quality Control 

The scanned image of each GeneChip was visually inspected for spatial 

artifacts using the method Image of the affy package (http://www.bioconductor.org) in 

the freely available statistical package R (http://www.r-project.org; Ihaka and 

Gentleman, 1996). Standard Affymetrix quality control parameters for assessing 

arrays were checked and determined to be reasonably concordant with the 

manufacturer’s recommendations (Gene-Chip Expression Analysis Data Analysis 

Fundamentals; http://www.affymetrix.com). 

Pearson’s correlations of raw PM probe intensities between arrays of the same 

target preparation method ranged from 0.95 to 0.99 within line, while between lines 

correlations were in the range of 0.85 to 0.95. Notably, our analysis revealed that one 

of the Mo17 line-CF replicates had low correlations (0.5 to 0.6) to the other CF lines 

and replicates. Therefore, we excluded this outlier array from all further analyses. The 

inbred line assignment for each GeneChip was further verified by analyzing the 

average Euclidean distance between standardized log2 probe intensities of 289 

probesets. All quality control statistical analyses were carried out using SAS (SAS 

Institute, Cary, NC, USA). The PROC CORR and PROC DISTANCE statements were 

used to calculate correlations and distances, respectively. 

 

Maize Sequence Validation Datasets 

Methodology 

A dataset for validation of detected SFPs was created from sequence 

alignments that matched the sequence of probes on the Maize GeneChip 

(Maize_probe_tab.txt; http://www.affymetrix.com). Specifically, the 25 bp nucleotide 

sequence of each PM probe was compared to a 25 bp sliding window of nucleotide 

sequence along all B73, Mo17, and CML69 sequence alignments in the Panzea 
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database (http://www.panzea.org) (Zhao et al., 2006). The reverse complement of each 

PM probe sequence was also used to search Panzea. If an exact match between an 

alignment and PM probe sequence was identified for at least one of the lines, a 25 bp 

string initiated from the probe start position within the alignment was extracted for all 

three lines. All three extracted 25 bp strings were then aligned to the initial queried 

PM probe sequence. This allowed for the number of exact match nucleotides to be 

counted and the position of any SNPs within the string to be recorded. Any extracted 

string containing a gap (insertion or deletion) or ambiguous nucleotide was discarded. 

The resulting sequence dataset contained all B73, Mo17, and CML69 sequences from 

Panzea that exactly matched Affymetrix PM probes for at least one of the inbred lines, 

along with any corresponding mismatch sequences from the remaining lines. 

Additional criteria were used to help ensure the quality of sequences in the SFP 

validation dataset. For example, many of the alignments included two sequencings of 

B73 and Mo17 for quality control. If the two B73 strings or the two Mo17 strings 

were not identical for any 25 bp nucleotide sequence, the sequence at that position was 

not used. Also, on rare occasion (<0.5%) one of the lines was found to have more than 

four SNPs when compared to the probe sequence. Sequence at that location was 

excluded from the dataset, as these SNPs may have been caused by an alignment error 

rather than actual sequence variation. 

 

Primary SFP Validation Dataset  

The primary SFP validation dataset was used to calculate SFP detection power 

for each target preparation method. This validation dataset contains 38,259 sequences 

of 25 bp (~1 Mb) from B73, Mo17, and CML69 for 14,651 PM probes, of which 

1,620 probes (11%) detect one to four SNPs in at least one of the three maize inbred 

lines. There are a total of 1,998 segregating sites (S), which translates to a θPMprobe 
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estimate of 0.0014. The number of SNPs detected by a PM probe in each inbred line is 

as follows: B73, 453; Mo17, 1070; and CML69, 802. Of the 14,651 PM probes with 

available sequence data for a maize inbred line, there are a maximum of 32,511 

pairwise probe comparisons and 2,677 (8.2%) of these involve a PM probe that detects 

at least one SNP―potentially leading to the detection of 2,677 SFPs. The calculated 

SFP rate in this dataset for each inbred pairwise probe comparison is as follows: B73-

CML69, 7.9% (742/9,386); B73-Mo17, 8.3% (1,128/13,631); and CML69-Mo17, 

8.5% (807/9,494). Consequently, with this dataset we can detect at most 2,677 SFPs 

with each target preparation method if all 14,651 PM probes are members of probesets 

called Present (detected) by the Affymetrix Microarray Suite version 5 (MAS5) 

algorithm (Liu et al., 2002) on all CF, MF, mRNA, or AFLP arrays.  

The observed SNP diversity (θPMprobe=0.0014) in the primary SFP validation 

dataset is about 19% of the SNP diversity (θPMprobe=0.0075) reported by Kirst et al. 

(2006) when PM probes were used to genotype a diverse set of maize inbred lines. In 

Kirst et al. (2006), cRNA was hybridized to an 8K Maize CornChip0, which contains 

probes that were designed from the sequence of a limited number of maize genotypes 

(e.g., ~50% B73 sequence). Unlike the Maize CornChip0, probes on the Maize 

GeneChip were designed to be robust for multiple maize genotypes by masking 

polymorphisms identified in the expressed sequences of over 100 maize lines 

(http://www.affymetrix.com; Stupar and Springer, 2006). Therefore, probes on the 

Maize GeneChip were systematically designed to hybridize regions of gene transcripts 

with lower than average levels of nucleotide diversity, and as such, resulted in low 

rates of SNP detection in this study.  

 

Secondary SFP Validation Dataset 

The secondary SFP validation dataset was used to calculate SFP detection 
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power in an unbiased manner. This secondary dataset, a subset of the primary SFP 

validation dataset, was constructed with only PM probes from probesets that were 

called Present by MAS5 on all CF, MF, and mRNA arrays. AFLP was not analyzed 

with the secondary SFP validation dataset due to the low number of shared probesets 

called Present by MAS5 on AFLP arrays. The secondary SFP validation dataset 

contains 23,873 sequences of 25 bp (~0.6 Mb) from B73, Mo17, and CML69 for 

9,039 PM probes, of which 835 PM probes (9.2%) detect one to four SNPs in at least 

one of the three maize inbred lines. With the 9,039 PM probes there are 20,666 

pairwise probe comparisons and 1,409 (6.8%) of these could potentially detect an SFP. 

 

Polymorphic Probeset Validation Dataset 

We also investigated whether probesets (probeset level analysis) containing 

one or more polymorphic probes (polymorphic probesets) are detected with greater 

accuracy than SFPs (probe level analysis). A dataset for validation of detected 

polymorphic probesets was constructed using probesets for which all probe sequences 

and SNPs were known. In the SFP validation dataset described above, very few 

probesets had all 15 probes match a sequence in the Panzea database. To construct a 

dataset of probesets with no missing sequence data, we first identified probesets that 

were called Present by the MAS5 algorithm on all CF, MF, and mRNA arrays. 

Second, probesets with eight or more probes matching an alignment sequence were 

identified. Third, probes within those probesets that had no matching Panzea sequence 

were removed from the dataset. The resulting probeset validation dataset contained 

289 probesets, each consisting of between eight to fifteen probes. Of these 289 

probesets, a total of 109 (38%) contained at least one mismatch probe due to a SNP in 

one of the three lines and as such were defined as polymorphic. 
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Hybridization Data Pre-Processing and Normalization 

Raw CEL files were background corrected (RMA; Irizarry et al., 2003) and 

then normalized (Quantiles; Bolstad et al., 2003). We found that processing the 

hybridization data with RMA and Quantiles resulted in equivalent or higher SFP 

detection power as that obtained with the spatial correction method described in 

Borevitz et al. (2003). MAS5 was used to remove probesets called Absent or Marginal 

(unreliably detected) before probe level analysis. Probesets were retained for further 

analysis if called Present (detected) for a method specific set of nine GeneChips (MF, 

mRNA, and AFLP) or eight GeneChips (CF). RMA, Quantiles, and MAS5 methods of 

the affy package were carried out in R. 

 

Detecting SFPs in Hybridization Data 

SFPs were identified in pre-processed hybridization data using the two-step 

strategy mixed model as described in detail by Kirst et al. (2006). Analyzed datasets of 

background, normalized probe intensities were derived from probesets called Present 

that included at least one probe sequence in common with the SFP validation dataset. 

Each probeset was analyzed separately. The overall array mean for each array was 

subtracted from the log2 of the probe intensity. The following mixed model was fit to 

the resulting values in SAS: 

Iijk = Li +Pj + aik(Li) + Li*Pj + eijk, 

where Iijk = log2(probe intensity) for the ith maize inbred line for the jth probe 

on the kth array of that line less the array mean for the probeset, 

Li = the effect of the ith line, 

Pj = the effect of the jth probe, 

aik (Li) = the effect of the kth array of the ith line nested within line, 

Li * Pj = the interaction effect for the ith line and the jth probe; represents 
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SFPs, 

eijk = random error, 

i = 1, 2, 3, the number of lines, 

j = 1, ..., 15, the number of probes in a probeset, and 

k= 1, 2, 3, the number of arrays per line. 

The data were analyzed using SAS PROC MIXED, fitting line and probe as fixed 

effects and array as a random effect nested in line using the following model 

statements: 

model intensity = line probe line*probe; 

random array / subject = line; 

lsmeans line*probe / diff; 

The LSMEANS statement in SAS was used to generate pairwise comparisons between 

inbred lines at each probe with a t-test of the null hypothesis that the difference was 

zero. A statistically significant non-zero value indicated a potential SFP. All pairwise 

t-test comparisons were performed in one of two ways: using the standard error from 

the probeset as indicated in the model above (probeset error term t-test) or assuming a 

constant error term from the complete array (array error term t-test). 

The SFP validation sets were used to confirm whether detected SFPs were true 

or false positives, thereby allowing for the estimation of detection power at 

empirically calculated false discovery rates (FDRs). To do this, comparisons between 

lines at each probe were first sorted by p-value. For each p-value, the FDR was 

calculated as the number of comparisons with an equal or lower p-value that were 

false SFPs divided by the total number of comparisons with an equal or lower p-value. 

The power was calculated as the number of true SFPs with an equal or lower p-value 

divided by the total number of true SFPs in the dataset. Calculations were performed 

for both the probeset error term t-test as well as the array error term t-test. 
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All R and SAS scripts, raw GeneChip data, sequences for validation set probes, 

and lists of identified SFPs are available upon request. Raw GeneChip data will also 

be deposited in PLEXdb (Plant Expression Database; http://plexdb.org/).  

 

RESULTS 

Probe Performance 

More than 14,000 perfect match (PM) probe sequences on the Affymetrix 

GeneChip Maize Genome Array (“Maize GeneChip”) are an exact match to at least 

one of the three maize inbred line sequences in the Panzea database. In these cases, we 

expect PM probe signal intensity to be greater than that of the mismatch (MM) probe. 

However, there are many instances where the MM probe has higher signal intensity 

than the PM probe (MM>PM) in spite of the fact that the PM probe is known to be a 

perfect match for the target. Figure 2.1 shows the distribution of PM probe signal 

intensities and indicates the portion for which the MM signal exceeds the PM signal. 

PM signal on AFLP and mRNA GeneChips is strongly skewed toward the lower end 

of the log2PM intensity range, while CF and MF exhibit a more normal distribution. 

As the signal intensity of PM probes on mRNA GeneChips increases, the proportion 

of MM>PM probe pairs drastically diminishes. In comparison, the proportion of probe 

pairs on MF and CF GeneChips where the MM probe signal intensity is greater than 

the PM probe is more uniform across the log2PM signal intensity range. 

Analysis of PM and MM probe signal intensity data from mRNA GeneChips 

confirms that when gene expression levels are high, signal from target sequence 

overwhelms the noise from non-target sequences cross-hybridizing to probes. The 

main problem with mRNA samples is that they contain transcripts from genes with 

low levels of expression (i.e., signal near background levels) that in many cases makes 

SFP detection difficult. In contrast, CF and MF samples most likely contain low to 
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intermediate levels of repetitive DNAs that are spuriously annealing to probes across 

all PM intensity levels. On the other hand, the most important factor affecting AFLP 

samples is that they are not well represented by GeneChip probes.  

 

Array Coverage of Gene Enrichment Methods 

Because of the significant number of identified MM>PM probe pairs, we used 

the Affymetrix Microarray Suite version 5 (MAS5) algorithm to filter hybridization 

data so that data for probesets unreliably detected could be eliminated. The MAS5 

algorithm uses probe pair data in a Wilcoxon signed rank test to determine whether 

PM probes have a higher hybridization intensity signal than their analogous MM 

probes (Liu et al., 2002). Depending on the outcome of this test, one of three detection 

calls (Present, Absent, or Marginal) is assigned to each probeset. We performed a 

separate MAS5 analysis on each GeneChip. Hybridization data were maintained if 

probesets were called Present for each GeneChip in a target preparation method set, 

while data from probesets called Marginal or Absent were removed from further 

analyses. 
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Figure 2.1. Frequency distribution of perfect match (PM) and mismatch (MM) probe 
pair signal intensity ratios. Probe pair signal intensity ratios are shown according to 
log2PM range for AFLP, Cot filtration (CF), methyl filtration (MF), and mRNA. 

 

Although the primary purpose for employing the MAS5 algorithm was to 

increase the ratio of true positive to false positive SFPs (i.e., decrease Type I error 

rate), this analysis also allowed us to calculate the total number of probesets called 

Present for GeneChips of each target preparation method. Because probes are 

designed from the sequence of expressed maize genes, the number of probesets called 

Present serves as a direct indicator of how well each method provides sequences 

complementary to probes on the Maize GeneChip. The number of probesets called 

Present by MAS5 differs substantially by target preparation procedure: AFLP, 646 

(4%); mRNA, 9,661 (55%); MF, 12,975 (74%); and CF, 14,895 (85%). CF and MF 

provide for a greater representation of complementary gene sequences than mRNA 
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fractions isolated from a single tissue type (leaf) and specific developmental stage 

(V4-5). A larger portion of the maize gene space is sampled by CF and MF, while 

transcript presence and location are dependent on the temporal and spatial pattern of 

gene expression. AFLP has more than 10-fold fewer Present calls, suggesting that the 

selected restriction enzymes (TaqI and MseI) and amplification protocol substantially 

reduce maize genome complexity without highly enriching for gene fragments 

complementary to array probes. 

 

Assessment of Power to Detect SFPs 

In order to estimate SFP detection power afforded by CF, MF, mRNA, and 

AFLP, we first constructed a primary SFP validation dataset containing all B73, 

Mo17, and CML69 sequences from the Panzea database that matched to a PM probe 

sequence (see detailed description in Materials and Methods under Maize Sequence 

Validation Dataset). We determined that 1,620 out of the 14,651 validation dataset 

probes should detect one to four SNPs (SNP probes) in at least one inbred line. The 

other 13,031 probes in the SFP validation dataset should not detect any SNPs when 

hybridized to target sequences from any of the three inbred lines (non-SNP probes). 

Of the possible 32,511 pairwise probe comparisons between B73, Mo17, and CML69, 

there are 2,677 comparisons that could potentially detect an SFP. The number of SNP 

and non-SNP validation dataset probes contained within probesets called Present by 

MAS5 was determined for each target preparation method (Table 2.1). The number of 

detected SNP and non-SNP probes shared with the primary SFP validation dataset is 

highest for CF and MF, which is reflective of their overall success in enriching for 

genes represented as probes on the array. Subsequently, we calculated the total 

number of potential SFPs that could be identified through pairwise probe comparisons 

of all three lines with MAS5 detected SNP and non-SNP probes (Table 2.1). CF and 
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MF provide for a greater representation of probes on the GeneChip and in the SFP 

validation dataset, and as such, have the potential to provide more opportunities to 

detect SFPs. 

 

Table 2.1.  SFP detection potential of target preparation methods.  
Method† Non-SNP Probes‡ SNP  Probes§ SFPs¶ 

 No. Probes# %†† No. Probes % No. SFPs‡‡ %§§ 
CF 12197 94 1430 88 2429 91 
MF 10851 83 1202 74 2009 75 

mRNA 9285 71 1019 63 1707 64 
AFLP 229 2 26 2 38 1 
Total 13031 100 1620 100 2,677 100 

† CF, Cot filtration; and MF, Methyl Filtration. 
‡ non-SNP Probes, primary validation dataset probes that should not detect a single nucleotide 
polymorphism (SNP) in B73, Mo17, and CML69.   
§ SNP Probes, primary validation dataset probes that should detect anywhere from 1 to 4 SNPs in B73, 
Mo17, and/or CML69 (not all three).    
¶ SFPs, individual probes that should detect at least 1 SNP in B73, Mo17, and/or CML69 (not all three), 
and therefore, have potential for being detected as polymorphic markers or single feature 
polymorphisms (SFPs) in pairwise probe comparisons.  
# Number of validation non-SNP and SNP probes that are contained within a probeset called Present by 
MAS5.    
†† Percentage of all non-SNP or SNP probes in the primary validation dataset that are members of 
probesets called Present by MAS5 on arrays of each target preparation method.   
‡‡ Number of pairwise probe comparisons that could potentially detect an SFP.  These calculated 
numbers are based on the specific MAS5 detected non-SNP and SNP probes for each target preparation 
method and are cumulative across the three inbred lines (i.e., B73 vs. Mo17; B73 vs. CML69; or Mo17 
vs. CML69).  Not all inbred line pairwise comparisons were possible for some probes, because 
sequence information was missing for one of the lines. 
§§ Percentage of all SFPs represented in the primary validation dataset that are detectable on arrays of 
each target preparation method.   

 

We applied a mixed model to background, normalized probe intensity data 

from all probes of probesets called Present that share at least one probe sequence in 

common with the SFP validation dataset. The mixed model accounts for line, probe, 

and probe-by-line effects, which are sources of variation in probe intensities and 

probeset signal estimates (Kirst et al., 2006). A significant negative interaction 

between a probe and one or more inbred lines suggests that at least one DNA sequence 

polymorphism is reducing the signal intensity of the probe. Significant probe-by-line 
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effects were detected using pairwise comparisons of individual probe intensity 

estimates between inbred lines, and SFP detection power was calculated at 5, 10, 20, 

30, and 40% false discovery rates (FDRs) for each target preparation method (Table 

2.2). 

 

Table 2.2.  Mixed model analysis of SFP detection power. 
FDR† CF‡ MF‡ mRNA§ AFLP‡ 

 Power 
(%) No. SFP# Power 

(%) 
No. 
SFP 

Power 
(%) 

No. 
SFP 

Power 
(%) 

No.  
SFP 

5%†† 1 26 1 20 - - 45‡‡ 17 
10% 3 78 14 284 2 29 45 17 
20% 30 734 26 514 26 447 45 17 
30% 41 1002 37 736 34 573 45 17 
40% 49 1179 43 869 39 662 45 17 

† FDR, false discovery rate.  
‡ Array error term t-test.   
§ Probeset error term t-test. 
¶ SFP detection power was calculated as the proportion of detected true positive SFPs to the total 
number of potential SFPs at an empirically determined FDR using the primary SFP validation dataset.  
Details as to how empirical FDRs were determined are provided in the Materials and Methods under 
Detecting SFPs in Hybridization Data. 
# Number of SFP detected at an empirically determined FDR. 
†† Power estimates at 5% FDR are less statistically reliable due to the lower number of detected SFPs. 
‡‡ All power estimates for AFLP were based on a low number of observations and are therefore less 
statistically reliable than those for the other methods. 

 

Power to detect SFPs was calculated as the proportion of detected true positive 

SFPs (sequence confirmed) to the total number of expected SFPs (Table 2.1) at an 

empirically determined FDR. SFP detection power for mRNA was calculated using 

the probeset error term and for the other three methods was calculated using the array 

error term. SFP detection power at 5% FDR is almost negligible (1%) for both MF and 

CF. MF does detect 284 confirmed SFPs at 10% FDR, while the number of confirmed 

SFPs detected by CF at higher FDRs exceeds all other methods. SFP detection power 

of mRNA and MF are almost equivalent at FDRs of 20% and higher, but more SFPs 

are detected using MF by virtue of its greater probe coverage. AFLP scores SFPs with 
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more accuracy than the other target preparation methods, but the numbers of detected 

SFPs are far lower due to AFLP’s inferior SFP detection potential with this particular 

GeneChip design. This low potential directly results from the primary amplification of 

non-genic random sequences. Interestingly, no additional SFP detection power is 

gained until 60% FDR with AFLP, as power is static at 45% from 5 to 40% FDRs. A 

likely explanation is that AFLP accurately scores all the SFPs for the few genes that it 

can at 5% FDR with limited cross-hybridization from other amplified targets. 

The mixed model was also applied to a subset of the probe intensity data that 

consists of 1,440 probesets called Present on all CF, MF, and mRNA GeneChips. All 

of the parsed probesets have one or more probe sequences in common with the 

secondary SFP validation dataset (see detailed description in Materials and Methods 

under Maize Sequence Validation Dataset). The secondary validation dataset of shared 

probes contains 8,204 non-SNP probes and 835 SNP probes (9,039 total probes). Of 

the 20,666 possible pairwise probe comparisons, there is potential to detect 1,409 

SFPs. Analysis of the shared probes dataset enabled us to compare the SFP detection 

power of each method without any probeset biases, because all of the analyzed 

validation probesets had signal intensities greater than background on all CF, MF, and 

mRNA GeneChips. AFLP was not included in the shared probes analysis due to the 

low number of validation probes shared with the other three methods. The results of 

the shared probes analysis (Table 2.3) are similar to those of the initial complete 

datasets (Table 2.2), with the exception that a reduction in probe numbers eliminated 

SFP detection power at 5% FDR for CF. In addition, based on results presented in 

Tables 2.2 and 2.3, SFP detection power is reduced 10% at 10% FDR for MF in the 

shared probeset analysis. These observed losses of power are mainly due to the 

removal of probes from the complete validation dataset that detected true positive 

SFPs (5 to 10% FDR) on CF and/or MF GeneChips. 
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Table 2.3.  Mixed model analysis of SFP detection power with shared probes. 
FDR CF† MF† mRNA‡ 

 Power (%)§ No. SFP Power (%) No. SFP Power (%) No. SFP 
5%¶ - - 1 21 - - 
10%¶ 3 36 4 53 1 9 
20% 34 475 23 330 24 337 
30% 42 598 35 498 33 462 
40% 48 680 43 603 38 536 

† Array error term t-test. 
‡ Probeset error term t-test. 
§ SFP detection power was calculated as the proportion of detected true positive SFPs to the total 
number of potential SFPs at an empirically determined FDR using the secondary SFP validation dataset.  
Details as to how empirical FDRs were determined are provided in the Materials and Methods under 
Detecting SFPs in Hybridization Data. 
¶ Power estimates at 5 and 10% FDRs are less statistically reliable due to the lower number of detected 
SFPs. 

 

SNP Position Effect 

Results of SFP detection power reported in Table 2.2 indicate that with any 

one of the target preparation methods a large proportion (51 to 61%) of potential SFPs 

resulting from SNPs remain undetected. The location of a SNP within the 25 bp probe 

affects target binding efficiency and in so doing also affects PM probe signal intensity. 

SNP position is defined as the position from the edge of the probe. Position 1 is the 

first base at either end, and position 13 is the center of the probe. SNPs within the 

internal 15 bases (positions 6 to 20) have been found to reduce hybridization much 

more than nucleotide mismatches within the external 5 bases (positions 1 to 5 and 21 

to 25) (Kirst et al., 2006; Ronald et al., 2005; Rostoks et al., 2005). 

We investigated the impact of SNP position on SFP detection for 984 probes 

that recognize only a single SNP upon hybridizing to the B73, Mo17, and/or CML69 

target sequence on CF, MF, and mRNA GeneChips. Of the 984 probes in the probeset 

dataset, 38% (376) and 62% (608) detect an edge SNP and internal SNP, respectively. 

The percentage of detected and undetected SFPs resulting from either edge or internal 

SNPs was calculated (Table 2.4). Detected SFPs (78 to 85%) are primarily the result 



 

 
36

of internal SNPs, whereas undetected SFPs represent an approximate 1:1 ratio of edge-

to-internal SNPs. Thus, as expected, the data summarized in Table 2.4 show that SFPs 

are called more often if the SNP occurs in the internal region. Also, the percentage of 

detected SFPs resulting from an edge SNP increases as FDR approaches 40%. SNP 

position effects are similar for CF, MF, and mRNA. We also examined whether 

probes detecting multiple SNPs (2, 3, or 4 SNPs) are detected at the same rates as 

probes detecting a single SNP. Based on analyzed SFP data, the former are called as 

SFPs no more or less frequently than the latter (data not shown). 

 

Table 2.4. The distribution of SNP position in probes that detect a single SNP.  
FDR Position† CF MF mRNA 

  No. Probe % No. Probe % No. Probe % 

5% 
Edge 0 0 1 8 0 0 

Internal 0 0 12 92 0 0 

10% 
Edge 0 0 4 17 0 0 

Internal 16 100 19 83 2 100 

20% 
Edge 61 19 30 16 23 10 

Internal 258 81 152 84 203 90 

30% 
Edge 22 24 32 24 16 18 

Internal 69 76 101 76 72 82 

40% 
Edge 19 32 28 37 17 27 

Internal 41 68 47 63 46 73 

Total‡ Detected 
Edge 102 21 95 22 56 15 

Internal 384 79 331 78 323 85 

Total Not 
Detected 

Edge 274 55 281 50 320 53 
Internal 224 45 277 50 285 47 

† Edge: 1 to 5 bp or 21 to 25 bp SNP position within probe.  Internal: 6 to 20 bp SNP position within 
probe. 
‡ Probe position distribution for combined total detected and not detected dataset: Edge 38% (376) and 
Internal 62% (608). 

 

Detection Rate of Polymorphic Probesets 

Alternatively, we examined whether it is more effective to identify probesets 

(probeset level analysis) that contain one or more polymorphic probes rather than 
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individual SFPs (probe level analysis). One rationale for this analysis is that as the 

number of polymorphic probes in a probeset increases, so does the difficulty of 

identifying specific SFPs. This difficulty stems from the fact that a target binds weakly 

when not identical to the probe. As a result, polymorphic probes do not provide an 

unbiased estimate of DNA (CF, MF, and AFLP) or gene expression levels (mRNA). 

And yet an accurate estimate of DNA or gene expression levels is required to 

determine which probes are polymorphic. In addition, a single probe comparison 

between two lines involves six data points, whereas a probeset comparison involves 90 

data points. For these reasons, we hypothesized that a probeset analysis would be far 

more powerful than the analysis of individual probes. 

To estimate the power to detect polymorphic probesets for CF, MF, and 

mRNA, we constructed a validation set of 289 probesets containing 8 to 15 probes 

with matching Panzea sequence, of which 109 (38%) contained at least one 

polymorphic probe (see detailed description in Materials and Methods under Maize 

Sequence Validation Dataset). AFLP was not included in the probeset level analysis 

due to the low number of AFLP probesets called Present and shared in common with 

the other three method’s arrays. The intensity data for probes within these probesets 

were analyzed using the mixed model. The p-value from the F-test of probe by line 

interaction was recorded for each probeset and used to rank them in ascending order. 

Power to detect polymorphic probesets for the three target methods was calculated and 

summarized in Table 2.5. Irrespective of target preparation method, in this study 

Maize GeneChips are more effective in identifying polymorphic probesets than they 

are in detecting SFPs (Table 2.5). Compared to mRNA (19 to 68%), gain in power 

over SFP detection with CF (35 to 38%) and MF (22 to 43%) is not as dramatic, 

because DNA-based preparation methods should result in more normalized target 

copy number ratios. Even though the impact of poor DNA or gene expression level 
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estimates is minimized when detecting polymorphic probesets, one significant 

downside is that individual polymorphic probes are not identified as markers. 

Table 2.5.  Mixed model analysis of polymorphic probeset detection power. 
FDR CF MF mRNA 

 No. 
PP† 

Power 
(%)‡ 

Power 
Gain 
 (%)§  

No. 
PP 

Power 
(%) 

Power 
Gain 
(%) 

No.  
PP 

Power 
(%) 

Power 
Gain 
(%) 

5%¶ - - - - - - 21 19 19 
10% 40 37 34 39 36 22 76 70 68 
20% 72 66 36 56 51 25 82 75 49 
30% 84 77 35 72 66 29 88 81 47 
40% 95 87 38 94 86 43 90 83 44 

† No. PP, Number of detected polymorphic probesets at an empirically determined FDR. 
‡ Polymorphic probeset detection power was calculated as the proportion of detected true positive 
SFPs to the total number of potential SFPs at an empirically determined FDR.  Details as to how 
empirical FDRs were determined are provided in the Materials and Methods under Detecting SFPs in 
Hybridization Data. 
§ Power Gain, The percent gain in detection power was calculated as polymorphic probeset detection 
power (%) minus SFP detection power (%) in Table 2 at an empirically determined FDR. 
¶ Power estimates at 5% FDR are less statistically reliable due to the lower number of detected 
polymorphic probesets. 

 

DISCUSSION 

Conventional methods for SNP discovery in large-scale association mapping 

studies rely on resequencing candidate gene alleles across distinct individuals of a test 

population, followed by scoring known SNPs on individuals using one of several 

array-based SNP genotyping technologies (reviewed in Syvänen, 2005). Expression 

arrays, however, may offer a more rapid and cost-effective approach. Affymetrix 

GeneChip expression arrays hybridized with total genomic DNA have successfully 

functioned as both a polymorphism discovery and genotyping system in Arabidopsis 

and yeast (Hazen and Kay, 2003). Here, we tested whether the Affymetrix GeneChip 

is appropriate for highly parallel genotyping of larger, more complex genomes such as 

maize. The Maize GeneChip was evaluated as a high-density platform to detect SFPs 
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in cRNA or DNA hybridization data from three diverse maize inbred lines (B73, 

Mo17, and CML69). 

Targets enriched for gene-content and/or reduced in genome complexity were 

generated by MF, CF, mRNA, and AFLP as a means to score SFPs across the 

retrotransposon-rich maize genome, but only modest SFP detection power was 

achieved when these targets were hybridized to the Maize GeneChip. For example, 

only 39% of expected SFPs were scored with cRNA at 40% FDR--far fewer than the 

previously reported ~70-80% of known sequence polymorphisms scored as SFPs 

using maize or barley cRNA (Cui et al., 2005; Kirst et al., 2006; Rostoks et al., 2005). 

The extent of GeneChip replication (Kirst et al., 2006; Rostoks et al., 2005), sampling 

of multiple tissues (Rostoks et al., 2005), and conservative five percentile cutoff (Cui 

et al., 2005) are the major experimental and data analysis demarcations leading to 

higher sensitivity in these other cRNA-based SFP studies. In the seminal Arabidopsis 

SFP work of Borevitz et al. (2003), at least 57% of known polymorphisms were 

detected at 13% FDR with labeled total genomic DNA as the target. Of the DNA-

based methods evaluated here, MF, CF, and AFLP detected anywhere from 26 to 45% 

of SFPs at 20% FDR. 

What factors are responsible for reducing SFP detection power in this study? 

Sequencing errors in the Panzea database may be one such factor, if such errors 

reduced overall detection power by generating undetectable false SFPs. Every effort, 

however, was made to filter out such sequencing errors before assessing power. As 

noted in previous SFP studies (Kirst et al., 2006; Ronald et al., 2005; Rostoks et al., 

2005), we found that SFPs are detected more robustly if a nucleotide polymorphism in 

a target sequence binds within the internal 15 bases of the complementary PM probe, 

whereas edge SNPs are less frequently detected below 40% FDR. The actual 

minimization of power by this SNP position phenomenon was not quantified in this 
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study. The binding of spurious non-target repeat DNAs and multigene family member 

sequences to probes represents another potential source of genotyping error, 

compromising power and FDR. In addition, increasing the number of GeneChip 

replicates has been shown to improve power and FDR (Borevitz et al., 2003; Rostoks 

et al., 2005), and no doubt this study would have benefited from the same. 

Despite the modest detection sensitivity when compared to SFP experiments 

using smaller genome species, this study marks the first report of using genome-

filtered DNA targets to reliably identify more than 10,000 SFPs in a plant genome that 

contains at least 75% LTR-retrotransposons (San Miguel et al., 1996) and is 20X the 

size of Arabidopsis. Based on SNP diversity of maize sequences in the primary SFP 

validation dataset, we determined that 8.2% (2,677/32,511) of all pairwise probe 

comparisons involve a SNP probe (SFP diversity). Using the power results presented 

in Table 2.2 and measure of SFP diversity (0.082), we estimated the number of probes 

from probesets called Present (MAS5) that would be correctly identified as true SFPs 

on the Maize GeneChip (Table 2.6). We then analyzed probe intensity data from 

Present probesets with the mixed model to determine the observed number of SFPs 

detected on entire GeneChips. The p-value cutoffs from the primary SFP validation 

dataset were used to determine the number of detected SFPs at each FDR. The number 

of observed true SFPs was in turn calculated by multiplying the number of SFP 

detected by (1-FDR). The difference between the estimated and observed number of 

SFPs can be accounted for by the fact that the estimate of SFPs is founded on SNP 

diversity and does not include indel diversity, whereas observed SFP numbers account 

for indels. Kirst et al. (2006) reported that indels represent 40% of all polymorphisms 

occurring between PM probe and maize target gene sequences. 
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Table 2.6.  Estimated and observed number of true SFPs that were identified on the 
whole Maize GeneChip. 

 CF MF mRNA AFLP 
 No. SFP No. SFP No. SFP No. SFP 
FDR Est.† Obs.‡ Est. Obs. Est. Obs. Est.§ Obs.§ 
5%¶ 549 1385 478 992 - - 1072 918 
10% 1647 3046 6698 10248 712 661 1072 1130 
20% 16474 26646 12439 18454 9259 12702 1072 1056 
30% 22515 35422 17701 25392 12108 15982 1072 1448 
40% 26908 40729 20572 29726 13889 17054 1072 1493 

† The estimated (Est.) number of true SFPs detected on the whole array was calculated by multiplying 
the probability (0.082) that a pairwise probe comparison involves a SNP probe, the power results shown 
in Table 2, and number of probes from probesets called Present by MAS5 for each target preparation 
method.  The estimated number of true SFPs for the entire array is less than observed, because 
insertions/deletions (indels) and gene copy number differences are not taken into account.   
‡ The observed (Obs.) number of true SFPs was determined for each target preparation method by 
analyzing probe intensity data from probesets called Present (MAS5) using the mixed model.  The p-
value cutoffs from the primary SFP validation dataset were used to determine the total number of 
detected SFPs on the entire array at each FDR.  The number of observed true SFPs was in turn 
calculated by multiplying the number of SFP detected by (1-FDR). 
§ Estimated number of SFPs for AFLP was based on a low number of observations and is therefore less 
statistically reliable than those for the other methods.  
¶ The estimated number of detected SFPs at 5% FDR is less statistically reliable based on the SFP 
detection power results shown in Table 2.2. 

 

In most cases, a 10% or lower FDR is acceptable when array genotyping 

individuals for an association study, but this is highly dependent on sample size, 

marker density, and levels of genome-wide LD. For example, MF is estimated to 

identify over 6,000 SFPs between the three maize inbred lines at 10% FDR, which 

results in a cost of ~$0.38 per SFP ($2250/9 arrays). After the initial investment to 

identify SFPs, the cost per SFP dramatically lowers to ~$0.04 because subsequent 

genotyping requires only one array per individual (Borevitz et al., 2003). These 

estimated costs per SFP are very competitive to those reported for the ATH1 

GeneChip (~$0.30 per SFP and ~$0.05 per SFP) in 2003 by Borevitz and colleagues. 

At 20% and higher FDRs, CF detects 1.3X more SFP than MF; however, these more 

liberal error rates are undesirable for most marker applications.  

Although AFLP has far greater detection power from 5 to 20% FDRs, the 
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AFLP design tested here has inferior SFP detection potential and thus does not 

constitute an economical means of scoring SFPs on the Maize GeneChip. Even though 

the amplified target fraction contains about 5% of the maize genome (125 Mb/ 

2500Mb), most amplicons are non-genic, random sequences which result in 4% of 

probesets called Present. On the other hand, CF and MF are highly preferable to 

labeling total genomic DNA for a large genome plant species (Rostoks et al., 2005; 

Buckler and Kirst, unpublished data, 2004) and are recommended for scoring SFPs 

when utilizing the Maize GeneChip. Compared to the other two methods, CF and MF 

not only provide for the highest coverage of array probes, but also account for the 

highest numbers of detected SFPs. The bias towards a specific fraction of expressed 

genes in maize is far less for MF and CF than for mRNA, because 95% of maize 

exons are unmethylated (Rabinowicz et al., 2003) and CF gene enrichment is 

independent of methylation and gene expression patterns (Peterson et al., 2002b). 

Even when the cRNA or DNA target sequence was identical to the PM probe 

sequence, we observed instances where the MM probe had higher signal intensity. 

Possible explanations for this unexpected outcome are as follows: First, the quantity of 

hybridized target sequence may be low, resulting in a PM probe intensity that is 

difficult to separate from the overall background noise. Most PM probes ineffective 

for SFP genotyping with mRNA-derived cRNA are hindered by low gene expression 

levels. Second, spurious hybridization of sequences with high similarity to the MM 

probe could have masked the true target signal. Compared to GeneChips hybridized 

with cRNA, all genomic DNA target fractions presumably have higher amounts of 

spurious repetitive DNAs diluting the PM signal. Based on a previously published 

repeat analysis of CF and MF maize genome sequencing data, the total number of 

repeat sequences in MF and CF libraries was 33% (17,419/52,649) and 14% 

(10,154/71,492), respectively (Whitelaw et al., 2003). While our CF and MF libraries 
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did not meet the exact specifications of those analyzed in the above study, these 

findings indicate that residual repetitive DNAs are almost certainly co-hybridized to 

CF and MF arrays. In particular, a higher percentage of array probes hybridized with 

AFLP samples is clearly not useful for scoring SFPs. This is not an unexpected 

outcome given that the 125 Mb AFLP target fraction has a low percentage of 

amplified sequences complementary to probe sequences. Whatever the cause, probe 

pairs for which the target is known to be an exact match to the PM probe and of those 

that have a large MM/PM signal ratio are most likely ineffective for detecting 

sequence polymorphisms.  

As shown in Table 2.5, another point of interest lies in the fact that the power 

to detect polymorphic probesets was much greater than the power to detect individual 

probes at comparable false discovery rates. At least two factors contribute to this 

difference: First and foremost is the large amount of data available to test probe by 

line interaction in a probeset. All 135 data points from fifteen probes on nine arrays 

can be used, whereas a comparison of two lines at a single probe involves only six 

data points. This discrepancy, however, cannot explain why the gain in power was 

much greater for the mRNA method than for the DNA methods. A likely explanation 

is that differences in gene expression levels interfere with the ability to detect probe by 

line interaction with the mRNA method but not with the DNA methods. We did not 

take into account varying DNA and gene expression levels when calculating probe 

intensity differences between lines because we found that doing so resulted in lower 

power for all methods, even the mRNA method (data not shown). 

While CF is broadly applicable to both plants and animals, it is technically 

challenging to generate reproducible libraries from multiple diverse genotypes and to 

optimize the method for high-throughput applications. MF, on the other hand, is 

specific to plants and the level of gene-enrichment is species dependent (Rabinowicz 
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et al., 2005). Gel purification of the unmethylated gene-rich fraction of plant genomes 

is also not highly amenable to rapid processing, and cytosine methylation differences 

between genotypes are known to create non-SNP polymorphisms (Cervera et al., 

2002). Moreover, residual genome complexity consisting of repetitive DNA in both 

CF and MF samples is believed to have complicated SFP detection in this study. 

As discussed above, the target preparation methods evaluated in this study 

offered only modest power to detect SFPs with the Maize GeneChip. The effective use 

of such arrays for genotyping complex plant genomes would require several 

improvements, including custom array designs with additional replication and tiling of 

probes and more aggressive reduction of genomic complexity than can be 

accomplished via standard MF and CF approaches (e.g., MF, followed by HC). AFLP 

is expected to be a more powerful method in such cases, provided that probes are 

selected from sequences represented in the AFLP sample used for hybridization. By 

using an AFLP design similar to whole-genome sampling analysis (WGSA) in 

humans (Kennedy et al., 2003), it may be possible to selectively SNP genotype 

amplified gene fragments and promote reduction of genome complexity to the desired 

level. 
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CHAPTER 3 

LARGE-SCALE ENRICHMENT AND DISCOVERY OF GENE-ENRICHED 

SNPS3 

 

ABSTRACT 

Whole-genome association studies of complex traits in higher eukaryotes 

require a high density of single nucleotide polymorphism (SNP) markers at genome-

wide coverage. To design high-throughput, multiplexed SNP genotyping assays, 

researchers must first discover large numbers of SNPs by extensively resequencing 

multiple individuals or lines. For SNP discovery approaches using short read lengths 

that next-generation DNA sequencing technologies offer, the highly repetitive and 

duplicated nature of large plant genomes presents additional challenges. Here, we 

describe a genomic library construction procedure that facilitates pyrosequencing of 

genic and low-copy regions in plant genomes, and a customized computational 

pipeline to analyze and assemble short reads (100-200 bp), identify allelic reference 

sequence comparisons, and call SNPs with a high degree of accuracy. With maize 

(Zea mays L.) as the test organism in a pilot experiment, the implementation of these 

methods resulted in the identification of 126,683 putative SNPs between two maize 

inbred lines at an estimated false discovery rate (FDR) of 15.1%. We estimated rates 

of false SNP discovery using an internal control, and we validated these FDR rates 

with an external SNP dataset that was generated using locus specific PCR 

amplification and Sanger sequencing. These results show that this approach has wide 

applicability for efficiently and accurately detecting gene-enriched SNPs in large, 
                                                
3 M. A. Gore, M. H. Wright, E. S. Ersoz, P. Bouffard, E. S. Szekeres, T. P. Jarvie, B. L. Hurwitz, A. 
Narechania, T. T. Harkins, G. S. Grills, D. H. Ware, E. S. Buckler. 2009. Large-scale enrichment and 
discovery of gene-enriched SNPs. The Plant Genome. In press 
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complex plant genomes. 

 

INTRODUCTION 

The average nucleotide diversity of coding regions between any two maize 

lines (π=1-1.4%) is 2- to 5-fold higher than other domesticated grass crops (Buckler et 

al., 2001; Tenaillon et al., 2001; Wright et al., 2005). Moreover, it is not uncommon to 

find maize haplotypes more than 2% diverged from one another (Tenaillon et al., 

2001; Wright et al., 2005) and even as high as 5% (Henry and Damerval, 1997). 

Intragenic linkage disequilibrium (LD) rates rapidly decline to nominal levels within 2 

kb in a population of diverse maize inbred lines (Remington et al., 2001). Of the 

~2500 Mb that constitutes the maize genome, less than 25% is genic or low-copy-

number sequence, with large blocks of highly repetitive DNA such as retrotransposons 

intermixed throughout (Hake and Walbot, 1980; Meyers et al., 2001; SanMiguel et al., 

1996). Retrotransposons are generally recombinationally inert, and most meiotic 

recombination in the maize genome is restricted to gene-rich regions (Fu et al., 2002; 

Fu et al., 2001; Yao et al., 2002). Association mapping strategies, which rely on 

ancient recombination for dissecting complex traits, require that SNPs within these 

recombinationally active gene regions be identified and genotyped in phenotypically 

diverse populations (Reviewed by Zhu et al., 2008). Because of the rapid decay of 

intragenic LD in a highly diverse genome with an estimated 59,000 genes (Messing et 

al., 2004), several million gene-enriched SNP markers may be necessary for whole-

genome association studies in diverse maize (E. Buckler, unpublished). 

Retrotransposons contain a higher density of methylation in the form of 5-

methylcytosine relative to genic sequences—a property unique to plant genomes 

(Rabinowicz et al., 2003; Rabinowicz et al., 2005). HypoMethylated Partial 

Restriction (HMPR) is a library construction method that exploits this property to 
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facilitate the efficient sequencing of gene rich regions in large, highly repetitive plant 

genomes (Emberton et al., 2005). The principle underlying HMPR is that the complete 

digestion of plant genomic DNA with a 5-methylcytosine-sensitive (MCS) restriction 

enzyme that has a 4 bp recognition sequence permits the fractionation of genic and 

repetitive DNA by gel electrophoresis. Large restriction fragments (20-150 kb) contain 

blocks of highly methylated retrotransposons, while much smaller fragments (<1000 

bp) comprise a fraction that is gene-enriched (Bennetzen et al., 1994; Yuan et al., 

2002). Emberton et al. (2005) used a partial digestion of maize genomic DNA with a 

MCS 4 bp cutter, followed by gel-purification and cloning procedures to construct 

maize HMPR libraries that contained larger (1-4 kb), overlapping gene fragments 

more suitable for Sanger sequencing read lengths (800-1200 bases). These maize 

HMPR libraries showed more than 6-fold enrichment for genes compared to control 

libraries. This level of gene enrichment was comparable to that achieved by other non-

transcriptome-based gene-enrichment sequencing technologies tested on maize (Gore 

et al., 2007; Palmer et al., 2003; Rabinowicz et al., 1999; Whitelaw et al., 2003; Yuan 

et al., 2003), but maize HMPR libraries were superior for repeat elimination and 

enrichment of low-copy, non-coding sequences. 

With the recent emergence of ‘next-generation’ DNA sequencing technologies 

it is technically feasible to economically and rapidly resequence hundreds of millions 

of bases (Reviewed by Mardis, 2008). Using these high-throughput sequencing-by-

synthesis (Bennett, 2004; Margulies et al., 2005) or sequencing-by-ligation (Shendure 

et al., 2005) technologies in a read-to-reference based SNP discovery approach 

presents computational challenges because the length and quality of obtained 

individual reads are shorter and potentially of lower fidelity than single-pass Sanger 

sequencing reads. Furthermore, the maize genome is the product of ancient and 

perhaps more recent tetraploidization and rearrangement events (Gaut and Doebley, 
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1997; Swigoňová et al., 2004; Wei et al., 2007), and as a result contains a high 

proportion of duplicated genes (Blanc and Wolfe, 2004; Emrich et al., 2007; Messing 

et al., 2004). This confounds the unique mapping of short reads if duplicated genes 

(i.e., paralogs) are recently diverged and thus nearly identical in nucleotide sequence. 

Recently, a computational SNP calling pipeline built on the POLYBAYES 

polymorphism detection software (Marth et al., 1999) and “monoallelism” rules was 

developed and used to analyze expressed sequence tags (ESTs) that were obtained by 

454 pyrosequencing of cDNAs prepared from two maize inbred lines (Barbazuk et al., 

2007). This pipeline reduced the number of false positive SNPs that resulted from 

sequencing errors and alignment of paralogous sequences, which facilitated the 

identification of more than 7,000 putative SNPs in expressed genes. 

Nonetheless, if the discovery of maize SNP markers on the order of millions is 

to be economically viable, the use of low cost, next-generation DNA sequencing 

technologies is clearly required. These high-throughput DNA sequencing technologies 

can be more efficiently used in the large-scale discovery of SNPs for maize 

association mapping studies if resequencing is concentrated within the 

recombinationally active gene regions of the vastly repetitive maize genome. The 

objectives of this study were (i) to adapt HMPR gene-enrichment sequencing to a 

massively parallel pyrosequencing platform and (ii) to develop a read-to-reference 

based SNP calling pipeline for short reads (100-200 bp) that maximizes SNP detection 

power, while controlling the number of detected false positive SNPs resulting from 

sequencing errors and the alignment of paralogous sequences. 

 

MATERIALS AND METHODS 

DNA Isolation from Maize 

We extracted nuclear DNA from nuclei prepared from etiolated (pale green), 
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inner husk leaves (100 g) of field-grown maize inbred line B73 as previously 

described by Rabinowicz (2003). 

A more specialized cultivation technique was required to obtain genomic DNA 

from maize root tissue. Kernels from maize inbred lines B73 and Mo17 were surface 

sterilized in a 10% (vol/vol) bleach solution (5.25% Sodium Hypochlorite) by gently 

rocking for 30 min, followed by 3X 10 min rinses with sterile water. The kernels were 

left to imbibe overnight in sterile water at room temperature with gentle rocking. Ten 

kernels were placed in a vertically orientated seed germination pouch (Mega 

International, West St. Paul, MN) and germinated in a dark growth chamber held at 

28°C. Roots of 1-wk-old maize seedlings were bulk harvested and immediately frozen 

in liquid N2 prior to storage at –80°C. Total genomic DNA was isolated from 

homogenized frozen 1-week-old root tissue using the DNeasy Plant Maxi Kit 

(QIAGEN, Valencia, CA) according to the manufacturer’s protocol. 

 

Modified HMPR Library Construction 

Complete digestions of 5 µg of maize husk nuclear DNA (B73) and seedling 

root total genomic DNA (B73 and Mo17) were individually performed in 100 µL 

volumes with 50 U of HpaII (New England Biolabs, Ipswich, MA) at 37ºC for 16 h, 

followed by heat inactivation of the enzyme at 65ºC for 20 min. HpaII fragments 

ranging in size from >10 kb to less than 100 bp (data not shown) were separated on a 

low melting 0.8% SeaPlaque agarose gel (Cambrex Bio Science Rockland, Inc., 

Rockland, ME). Restriction fragments ranging in size from 100–600 bp were excised 

from the gel and purified using the QIAquick Gel Extraction kit (QIAGEN, Valencia, 

CA), according to the manufacturer’s protocol. Gel-isolated HpaII fragments were 

randomly ligated to each other with 1 µL of highly concentrated T4 DNA ligase (20 

U/µL) (New England Biolabs, Ipswich, MA) in a total reaction volume of 20 µl at 
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16ºC for 16 h, followed by heat inactivation of the enzyme at 65ºC for 20 min. 

Several micrograms of concatenated HpaII fragments were needed for the 

downstream nebulization procedure (see 454 sequencing and data processing section). 

However, this would typically require low-throughput, large-scale DNA extractions 

and gel isolations, because an estimated 95% of the maize genome was intentionally 

discarded. Alternatively, we found it more efficient to generate microgram quantities 

of concatenated HpaII fragments using Phi29-based isothermal amplification of long 

concatemer templates in a nanogram-scale reaction. Briefly, the GenomiPhi V2 DNA 

Amplification Kit (GE Healthcare, Piscataway, NJ) was used to amplify 1 µL of the 

10 ng/µL ligation reaction per the manufacturer’s instructions. This kit uses the high 

fidelity Phi29 (φ29) DNA polymerase, dNTPs, and random hexamers to replicate 

linear genomic DNA by multiple displacement amplification. Several independent 

GenomiPhi amplification reactions were performed and pooled for each library to 

ensure a low level of amplification-induced bias. The GenomiPhi reaction was 

separated on a low melting 0.8% SeaPlaque Agarose gel, and amplification products 

ranging in size from 3-10 kb were isolated from the gel with the QIAquick Gel 

Extraction kit and used in the downstream 454 sample preparation procedure. 

 

454 Sequencing and Data Processing 

Sequence sample preparation and data generation were performed with the 

Phi29 amplified HpaII concatemer DNA of two B73 HMPR libraries (husk and root) 

and one Mo17 HMPR library (root) using the 454 GS FLX platform at 454 Life 

Sciences (Branford, CT). In addition, total genomic DNA isolated from the same 

seedling root tissue of B73 was sequenced on the same 454 platform, which served as 

an unfiltered (UF) genomic control to assess the level of gene-enrichment in modified 

HMPR libraries. Approximately 5 µg of high molecular weight DNA was fragmented 
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by nebulization to a size range of 300–500 bp. Preparation of 454 libraries, emulsion-

based clonal amplification, library sequencing on the Genome Sequencer FLX System 

as well as signal processing and data analysis were performed as previously described 

by Margulies et al. (2005). Also, the 454 base-calling software (version 1.1.03.24) 

provided error estimates (Q values) for each base, none of which exceeded a value of 

40. 

The expected yield per run of the 454 GS FLX is approximately 100 Mb, 

potentially more under ideal conditions. However, sequencing the B73 husk library 

with a single instrument run produced only 65.6 Mb of sequence because a less than 

optimal DNA copy per bead ratio was used for emulsion PCR. A more optimal DNA 

copy per bead ratio was used for the B73 root library, improving sequence yield to 

101.3 Mb in a single run. The Mo17 root library was sequenced with four runs that in 

total yielded 236.7 Mb of sequence. This total sequence yield for the Mo17 root 

library was 41% lower than expected, indicating that further optimization was still 

needed. In addition, we sequenced (1 run; 130.9 Mb) randomly sheared B73 total 

genomic DNA, which served as the UF library. 

The raw 454 sequencing data are available in the NCBI Short Read Archive 

(http://www.ncbi.nlm.nih.gov/Traces/sra/sra.cgi). 

 

Screening and Filtering of 454 Sequences 

Because modified HMPR libraries contained HpaII concatemers, 454 reads 

generated from sequencing these libraries were digested in silico at HpaII recognition 

sites (5'–C/CGG–3'). This was done to produce independent, non-chimeric HpaII 

fragment sequences. All 454 reads from the UF control library and HpaII fragment 

sequences less than 40 bp in length were discarded. HpaII fragment sequences and UF 

sequences (≥ 40 bp) were searched using BLAT (Kent, 2002) against The Institute for 
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Genomic Research (TIGR) maize repeat database Version 4.0 

(http://maize.tigr.org/repeat_db.shtml) to identify repetitive sequences. Also, 

sequences were searched against mitochondrial (GenBank accession no. 

NC_007982.1) and chloroplast (GenBank accession no. NC_001666.2) genome 

sequences of maize. We performed BLAT searches with default parameters, except for 

a tile size of 16. We considered BLAT similarities significant if the expectation value 

was less than 10-5 and the local alignment length was 40 bp or longer. Sequences that 

had a significant match to a repeat sequence or an organellar genome were discarded. 

Remaining sequences were similarly searched with BLAT against the Maize 

Assembled Genome Island Version 4.0 Contigs and Singletons (MAGIv4.0 C&G) 

database (http://magi.plantgenomics.iastate.edu/). Because a large number of 

sequences did not match any sequences in the MAGIv4.0 C&G database, these 

unmatched HpaII fragment and UF sequences were also searched against the complete 

genome sequences of japonica rice (Oryza sativa L.) 

(http://rice.plantbiology.msu.edu/) and sorghum (Sorghum bicolor L.) 

(http://www.phytozome.net/) as well as maize expressed sequence tag (EST) 

sequences within the Dana-Farber Cancer Institute (DFCI) maize gene index release 

17.0 (http://compbio.dfci.harvard.edu/tgi/). Sequences that did not have a significant 

match in any of these additionally searched databases were considered contaminant 

(non-maize) sequence and discarded. Summary statistics and source information for 

all databases are found in Table 3.1. 
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Table 3.1. Statistics of databases and genome sequences used in this study.  
Name Source Sequences Mb 

Screening Databases 
Maize Chloroplast Genome GenBank acc. no. NC_001666.2 1 0.140 
Maize Mitochondrial Genome GenBank acc. no. NC_007982.1 1 0.569 
TIGR Maize Repeatv4.0 http://maize.tigr.org/repeat_db.shtml 26,791 19.6 
Rice http://rice.plantbiology.msu.edu/  12 372.1 
Sorghum http://www.phytozome.net/ 10 697.6 
DFCI Maize Gene Index  
release 17.0 http://compbio.dfci.harvard.edu/tgi/ 115,744 86.3 

Reference Database 
MAGIv4.0 Contigs and 
Singletons http://magi.plantgenomics.iastate.edu/ 727,781 675.2 

 

Assembly of 454 Sequences 

We assembled the retained non-repeat HpaII fragment sequences into multiple 

sequence alignments using the CAP3 sequence assembly program (Huang and Madan, 

1999). The following CAP3 assembly options were used: -p 99 (overlaps must be 

>99% identity), -s 401 (alignment score must be >400, minimum value allowed), -h 3 

(maximum overhang of 3%), and alignment scoring options (-m 20, -n 40, and -g 21) 

that allowed a perfect match overlap of 40 bp to satisfy the minimum alignment score 

for assembly. Additionally, CAP3 computed a Q value for each base of the consensus 

sequence. Assemblies were performed separately for B73 (husk and root) and Mo17 

(root) non-repeat HpaII fragment sequences. We did not assemble UF sequences, as 

they were only used to measure the level of gene-enrichment and repeat depletion in 

modified HMPR libraries. 

Because CAP3 could not execute with all sequences input at once, we 

performed a preliminary clustering of sequences into a collection of disjoint groups 

with no inter-group homology. Clustering was performed by a custom program in a 

manner equivalent to NCBI BLASTClust (available at 

http://www.ncbi.nlm.nih.gov/BLAST/docs/blastclust.html). We did not use 

BLASTClust because it could not run on our systems with the amount of input data 
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supplied. CAP3 was then executed on each cluster separately. The preliminary 

clustering revealed that about 5% of sequences were still chimeric because of an HpaII 

site that was eliminated by a sequencing error or erroneous end-joining ligation. A 

simple modification to the clustering algorithm allowed almost all chimeras to be 

detected and split before CAP3 assembly. 

We developed a custom program to analyze the CAP3 assembly output and 

extract a consensus sequence and associated CAP3-based Q values from each multiple 

sequence assembly as well as the number of sequences concordant with each 

consensus base (coverage depth). Because of partial overlaps and potential 

disagreements among assembled reads, coverage depth as defined here is not the same 

as the total number of reads aligned in the multiple sequence assembly but as the 

number of reads with an aligned base that supports the consensus base call. HpaII 

fragment sequences that did not assemble into multiple sequence alignments (i.e., 

singletons) were used directly as consensus sequences as well as the Q values 

calculated by Roche-454’s base-calling software. 

 

Construction of the Paralog Distinguishing List (PDL) 

To facilitate the identification of paralogous regions, the MAGIv4.0 C&G 

database of B73 reference sequences was searched and aligned against itself using 

BLAT, as described above. All match pairs (not the alignment) with at least 90% 

identity and a length of 50 bp or longer were used as input for a custom polymorphism 

detection program. The custom polymorphism detection program performed a Smith-

Waterman (Smith and Waterman, 1981) local alignment between match pairs 

identified by BLAT to obtain a full representation of the alignment “in memory.” This 

allowed alignments to be quickly scanned for single base mismatches and single base 

insertions/deletions (in/dels). Single base mismatches and single base in/dels were 
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identified in the Smith-Waterman local alignments and “context sequences” were 

extracted: the 16 bp 5' and 16 bp 3' flanking the mismatch or in/del. All such putative 

non-allelic differences were extracted as context sequences from all pairwise matches 

satisfying the 90% identity minimum and 50 bp minimum. These context sequences 

form the PDL and represent the putative fixed differences that distinguish paralogs. 

The PDL was used in further analysis to search for paralogous regions, as described 

below. 

 

Polymorphism Detection 

Consensus sequences of B73 and Mo17 HpaII fragments were searched 

against B73 reference sequences (MAGIv4.0 C&G database) using BLAT. Match 

pairs (not the alignments) were used as input for the custom polymorphism detection 

program, as described above. Similarly, the polymorphism detection program 

performed a Smith-Waterman local alignment between the HpaII consensus sequence 

and the MAGIv4.0 C&G reference sequence (i.e., match pairs) identified by BLAT to 

obtain a full representation of the alignment “in memory.” For each single base 

mismatch or in/del identified by the program, context sequences for B73 and Mo17 

HpaII fragment sequences were extracted: the 16 bp 5' and 16 bp 3' flanking the 

mismatch or in/del. Single base mismatches or in/dels within 16 bp of either end of the 

local alignment were not considered.  

 

Implementation of the Paralog Distinguishing List (PDL) and SNP Calling 

With the same custom polymorphism detection program, all context sequences 

for B73 or Mo17 HpaII fragment sequences were searched against the PDL. Any 

match to the PDL was considered a paralogous alignment and the entire alignment and 

all potential SNPs within it were discarded. Otherwise, if no PDL matches were found, 
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all in/del contexts were discarded (not called as SNPs) and the remaining single base 

mismatch contexts were scanned against a list of SNPs already called. If a single 

duplicate context was identified in an alignment, only that context was discarded, but 

if two or more duplicates were identified, the entire alignment was discarded, along 

with all potential SNPs, even if these SNPs were novel. Provided neither the PDL nor 

the duplicate alignment check resulted in discarding all potential SNPs, the remaining 

single base mismatches were called SNPs and no further alignments for the current 

HpaII consensus sequence were considered. Otherwise, if the alignment was 

discarded, the next strongest BLAT match was considered, continuing until an 

alignment was accepted, or until the next strongest BLAT match was less than 95% 

identity. This preset 5% maximum was not restrictive for identifying allelic variation, 

as it is well above the average nucleotide diversity of coding regions between any two 

maize lines (π=1−1.4%) (Tenaillon et al., 2001; Wright et al., 2005), but still allows 

the evaluation of haplotypes that are 5% diverged from one another (Henry and 

Damerval, 1997). Moreover, the 5% maximum allowed us to use a smaller PDL by 

avoiding paralogous alignments that were more diverged and easily distinguished 

from previously reported allelic variation levels. Identified B73/Mo17 putative SNPs 

and the PDL are available for download from Panzea (http://www.panzea.org). 

 

Panzea SNP Comparison 

We extracted 6,094 B73 and 6,200 Mo17 sequences from the Panzea database 

(Zhao et al., 2006) that were generated by PCR-directed Sanger sequencing of 

candidate gene loci. Overlapping sequences that were amplified from the same 

candidate gene locus were assembled using the procedure described above, except that 

sequences were clustered based on a common Panzea locus ID. For many of the 

candidate gene loci, there were two independent amplifications and sequencings of 
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B73 and Mo17 for quality control. This resulted in 3,683 (1.57 Mb) and 3,696 (1.57 

Mb) assemblies for B73 and Mo17, respectively. We called SNPs from these 

sequences using the program already described, except allelic B73 and Mo17 

consensus sequences were paired on the basis of common Panzea locus ID. The PDL 

was not used to call SNPs with Panzea sequences, because it was assumed that all 

Mo17/B73 pairings were allelic on the basis of single locus PCR amplification. 

Identified Panzea SNPs were mapped to Mo17 454 consensus sequences on the basis 

of the 16 bp 5' and 16 bp 3' context sequences, and vice versa, to identify which SNPs 

from each dataset were called from sequence in common to both datasets. We 

separately looked at the intersection of Panzea SNPs and B73/Mo17 HpaII SNPs 

called with (126,683 SNPs; no thresholds) and without (174,476 SNPs; no thresholds) 

the PDL. We then compared SNPs that mapped to both datasets to estimate the rate of 

false SNP discovery and power, assuming that all true Mo17/B73 SNPs were 

discovered in the Panzea dataset and no false SNPs were discovered. 

All custom code and scripts used in this study are available upon request from 

M. H. Wright (mhw6@cornell.edu). 

 

RESULTS 

Construction of Modified HMPR Libraries 

We modified the previously described HMPR library construction method 

(Emberton et al., 2005) to allow high-throughput gene-enrichment sequencing of the 

maize genome using the 454 Genome Sequencer FLX (GS FLX) pyrosequencing 

instrument (see “Materials and Methods”). HpaII, a MCS 4 bp cutter (5'–C/CGG–3'), 

was selected to construct modified HMPR libraries, because of its strong bias for 

cleaving within unmethylated genic and low-copy regions of the maize genome 

(Antequera and Bird, 1988; Emberton et al., 2005; Yuan et al., 2002). The first of the 
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two major modifications to the HMPR method was to allow maize genomic DNA to 

be completely digested with HpaII rather than partially digested. This was done to 

produce a more repeatable HpaII restriction pattern and, as a result, consistently enrich 

for gene fragments mostly smaller than 600 bp. Second, HpaII fragments between the 

sizes of 100−600 bp were gel-isolated and converted via random ligation into 

concatemers of longer lengths more suitable for nebulization (i.e., fragmentation). At 

the time of this experiment, it was not possible for us to execute paired-end read 

sequencing and to routinely obtain read lengths longer than 250 bases on the 454 GS 

FLX instrument; thus, we used ligation and nebulization in combination to construct 

and randomly break HpaII concatemers in order to completely sequence larger HpaII 

fragments. 

To test and optimize our library construction method, we constructed modified 

HMPR libraries for maize inbred lines B73 (husk and root) and Mo17 (root). One 

concern with modified HMPR and its predecessor is the potential enrichment of 

organellar genome fragments in constructed libraries (Emberton et al., 2005), as these 

genomes are unmethylated (Palmer et al., 2003) and, depending on the tissue type, 

may be present at a very high copy number (Li et al., 2006). Thus, we evaluated as 

sources of genomic DNA two etiolated tissue types that were expected to have a 

relatively low abundance of chloroplasts: inner husk leaves (pale green) and dark-

grown seedling roots (white). For inner husk leaves, purification of nuclei prior to 

genomic DNA extraction was used to further limit the amount of co-isolated 

chloroplast DNA. For dark-grown seedling roots, we used a higher yielding and less 

laborious total genomic DNA extraction procedure that lacked a nuclei purification 

step, because dark-grown seedling roots were expected to be highly deficient in 

chloroplasts and other types of plastids (Reviewed by Possingham, 1980). 
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Compositional Analysis of Modified HMPR Libraries 

Modified HMPR libraries and an unfiltered (UF) B73 library were sequenced 

on the 454 GS FLX instrument (see “Materials and Methods”). Because the modified 

HMPR libraries were comprised of randomly concatenated HpaII fragments (see 

previous section), prior to analysis 454 reads pertaining to these libraries were in silico 

digested with HpaII to produce independent, non-chimeric sequences. To examine the 

sequence composition of modified HMPR and UF libraries, HpaII fragment and UF 

sequences were searched against several plant nucleotide databases and genome 

sequences (see “Materials and Methods”). The distribution of sequence among these 

categories is shown in Table 3.2. A higher level of organellar contamination was 

found in root libraries, but this was offset by their lower level of repeats. B73 and 

Mo17 root libraries were 7- to 8-fold lower in repeats relative to the B73 husk library, 

and 14- to 16-fold lower in repeats relative to the UF library. The very low repeat 

content of root libraries is comparable to that previously reported in maize HMPR 

libraries (Emberton et al., 2005) and superior to other non-transcriptome-based gene-

enrichment sequencing technologies tested on maize (Gore et al., 2007; Palmer et al., 

2003; Rabinowicz et al., 1999; Whitelaw et al., 2003; Yuan et al., 2003). Even though 

the amount of repeat sequences within modified HMPR libraries varied substantially 

between tissue types (e.g., B73 husk vs. B73 root), additional biological and technical 

replications are needed to determine if these differences are attributed to tissue-

specific differential methylation of genes and repeats. 

 



 

 
 
 
Table 3.2. Sequence composition of modified HMPR and UF libraries. 

  Modified HMPR   
Libraries B73 Husk B73 Root Mo17 Root UF 

 No. Mb %† No. Mb % No. Mb % No. Mb % 
454 reads‡ 391,778 65.6 - 470,918 101.2 - 1,284,692 236.7 - 543,385 130.9 - 
Total§ 479,565 63.6 100 771,557 97.6 100 1,937,032 225.5 100 543,350 130.9 100 
Chloroplast 3,771 0.6 0.8 5,567 0.9 0.7 30,835 4.1 1.6 3,118 0.8 0.6 
Mitochondrial 1,319 0.2 0.3 20,332 3.0 2.6 224,593 29.7 11.6 5,493 1.4 1.0 
Non-maize¶ 6,829 0.9 1.4 530,876 67.4 68.8 454,413 49.1 23.5 41,149 9.8 7.6 
Repeats# 150,786 21.7 31.4 34,378 5.2 4.5 75,225 9.3 3.9 343,072 83.8 63.1 
Non-repeats†† 316,860 40.2 66.1 180,404 21.1 23.4 1,151,966 133.3 59.5 150,518 35.1 27.7 

†The number of sequences in each category expressed as a percentage of the total number of sequences.  
‡Sequencing reads generated on the 454 GS FLX. 
§454 reads from modified HMPR libraries were in silico digested with HpaII, and only sequences ≥ 40 bp were kept and BLAT searched against nucleotide 
databases.  454 reads from the UF library were not in silico digested with HpaII, and only sequences ≥ 40 bp were kept and BLAT searched against 
nucleotide databases. 
¶Sequences that did not significantly match any of the screened plant nucleotide, organellar, or repeat databases.  All of these sequences were classified as 
putatively non-maize with the majority of unknown or bacterial origin. 
#Sequences from the maize nuclear genome that significantly matched to The Institute for Genomic Research (TIGR) Maize Repeat version 4 database, which 
consists of characterized, uncharacterized, and predicted repeats. 
††Sequences from putatively non-repetitive regions of the maize genome with significant matches to the Maize Assembled Gene Islands Version 4.0 Contigs 
and Singletons (MAGIv4.0 C&S) database, sorghum or rice genome sequences, or the Dana-Farber Cancer Institute (DFCI) maize gene index. 
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The desired enrichment for the genic fraction of the maize genome in root 

libraries was compromised by an abundance of sequences that did not significantly 

match any of the screened plant nucleotide databases or genome sequences. These 

unknown contaminant sequences were most prevalent in the B73 root library, 

comprising 68.8% of the HpaII fragment sequences. We randomly sampled 1,000 of 

these putative non-maize sequences from each root library and searched them with 

BLAST (Altschul et al., 1997) against NCBI’s non-redundant nucleotide database. On 

average, 65% of these sampled sequences had no significant similarity (cutoff E-value 

of 10-5) to any sequence with another 30% showing different degrees of similarity to 

bacterial sequences (results not shown). We suspect that bacterial endo- or exo-

symbionts of maize roots were living beneath the seed pericarp layer and subsequently 

proliferated on seedling roots. Neither the seed surface sterilization procedure nor the 

sterile seedling growth conditions used in this study would have eliminated any type 

of bacterial symbiont from seedling roots, thus allowing the co-isolation of bacterial 

genomic DNA and its enrichment in modified HMPR root libraries. Regardless of the 

source or identity of these sequences, these putatively non-maize sequences as well as 

the maize repeat and organellar sequences were excluded from further analyses. 

To assess the degree to which modified HMPR libraries were enriched with 

genic sequences, we searched non-repetitive, maize HpaII sequences against the 

Maize Assembled Genome Island version 4.0 Contigs and Singletons (MAGIv4.0 

C&S) database (http://magi.plantgenomics.iastate.edu/). The MAGIv4.0 C&S 

database is a partial genome assembly of Sanger-based BAC end and shotgun 

sequences, gene-enriched genome survey sequences as well as whole-genome shotgun 

sequences from maize inbred line B73 (Kalyanaraman et al., 2007). In addition, the 

MAGIv4.0 C&S database represents the most comprehensive maize genomic database 
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in advance of the pending draft maize genome sequence.4  The search results revealed 

an intermediate to high intersection (52.2–67.0%) between the MAGIv4.0 C&S 

database and non-repetitive HpaII fragment sequences contained within modified 

HMPR libraries (Table 3.3). Moreover, alignment to computationally predicted genes 

from MAGIv4.0 Contig sequences and the Dana-Farber Cancer Institute (DFCI) maize 

gene index (http://compbio.dfci.harvard.edu/tgi/) showed that modified HMPR 

libraries were 4- to 5-fold enriched for genes relative to the UF library (Table 3.3). 

This level of gene-enrichment in modified HMPR libraries was similar to that 

obtained with the original HMPR method (Emberton et al., 2005) and other non-EST-

based gene-enrichment sequencing technologies tested on maize (Gore et al., 2007; 

Palmer et al., 2003; Rabinowicz et al., 1999; Whitelaw et al., 2003; Yuan et al., 2003). 

 

Sequence Assembly and Construction of a Paralog Distinguishing List (PDL) 

Why is it challenging to identify SNPs in maize using next generation 

sequencing technologies? Maize is hypothesized to be an ancient tetraploid (Gaut and 

Doebley, 1997; Swigoňová et al., 2004; Wei et al., 2007), but its genome has lost a 

substantial number of unlinked duplicated genes (Lai et al., 2004). However, nearly 

one-third of all maize genes still have a paralog (Blanc and Wolfe, 2004), and many of 

these paralogs are tandemly arrayed (Messing et al., 2004). It is estimated, based on 

ESTs, that maize paralogs resulting from an ancient tetraploid event have diverged a 

minimum of 10% over time (Blanc and Wolfe, 2004), but recent evidence 

conservatively suggests that nearly identical paralogs (≥98% identity) are almost 13-

fold more frequent in the maize genome than that of Arabidopsis (Emrich et al., 2007). 

With long enough sequencing reads, unique flanking sequence can be found to  
                                                
4 The unassembled, draft maize B73 genome sequence is a superior reference sequence, but its use in 
this study was restricted by the Ft. Lauderdale agreement governing the pre-publication use of large 
genomic datasets. 
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Table 3.3 Gene Enrichment Analysis of modified HMPR and UF libraries. 

 Modified HMPR  
 B73 Husk B73 Root Mo17 Root UF 
Databases No. %† No. % No. % No. % 
MAGIv4.0 contigs and singletons‡ 244,189 52.2 131,398 61.2 822,117 67.0 124,323 25.2 

MAGIv4.0 contigs§ 207,576 44.4 118,367 55.1 784,094 61.0 87,387 17.7 

MAGIv4.0 contigs genes¶ 129,095 27.6 75,453 35.1 501,116 40.8 41,004 8.3 

DFCI maize gene index# 75,027 16.0 44,454 20.7 317,016 25.8 23,124 4.7 

Total maize nuclear 467,646 100.0 214,782 100.0 1,227,191 100.0 493,590 100.0 
†The total number of sequences in each category expressed as a percentage of the total of maize nuclear (repeat + non-repeat) sequences.  A sequence was 
defined as having a significant match to a sequence in one of the databases if identity was greater than 95% over a length of at least 40 bp with an expect 
value less than or equal to 10-10 using BLAT. 
‡Maize Assembled Genome Island Version 4.0 (MAGIv4.0) contigs and singletons database is a partial maize genome assembly of B73 genomic sequences 
(Kalyanaraman et al. 2007) (http://magi.plantgenomics.iastate.edu/). 
§MAGIv4.0 contigs database differs from the MAGIv4.0 contigs and singletons database in that it only contains consensus sequences derived from two or 
more overlapping reads. 
¶MAGIv4.0 contigs genes database consists of 61,428 pre-mature mRNA gene structures that were predicted via running FGENESH v2.6 on the 163,390 
MAGIv4.0 contig sequences.  Gene structures consist of predicted UTRs, exons, and introns.  In addition, the predicted gene structures are bordered by 300 
bases upstream and downstream of the predicted transcription initiation and termination sites, respectively (http://magi.plantgenomics.iastate.edu/). 
#The DFCI maize gene index (ZMGI release 17.0) consists of 115,744 unique expressed maize transcript sequences (http://compbio.dfci.harvard.edu). 
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distinguish recently diverged paralogs. However, it is unlikely that HpaII fragment 

sequences, with an average length of 120 bases after in silico digestion and a higher 

single-read error rate than that of Sanger sequencing, will contain sufficient and 

accurate information to distinguish between highly similar paralogs in the maize 

genome. In addition, if recently duplicated genes have diverged within the range of 

previously reported maize nucleotide diversity levels (π=1-5%) (Henry and Damerval, 

1997; Tenaillon et al., 2001; Wright et al., 2005), it will be difficult, if not impossible, 

to reliably distinguish paralogs based on the best reference match, reciprocal best 

match, or a conservative maximum allelic diversity threshold. Finally, the MAGIv4.0 

C&S reference database used for SNP calling in this study is a partial genome 

assembly, thus the true allelic copy for an HpaII fragment sequence may not even be 

present in this reference database. 

A two-pronged strategy was developed to deal with some of these challenges. 

First, the redundant and overlapping non-repeat B73 (husk and root: 61.3 Mb) and 

Mo17 (root: 133.3 Mb) HpaII fragment sequences (Table 3.2) were assembled into 

multiple sequence alignments and a consensus sequence representing each alignment 

was derived. Assembly of these sequences resulted in the derivation of 339,730 (42.6 

Mb) and 586,237 (70.7 Mb) non-redundant HpaII consensus sequences from B73 and 

Mo17, respectively (Table 3.4). In addition to providing a longer assembled sequence 

to help accurately align HpaII fragments to allelic B73 reference sequences contained 

within the MAGIv4.0 C&S database (i.e., distinguish between highly similar 

paralogs), the assembly permitted a calculation of the per-base coverage depth, or the 

frequency with which any consensus base was observed in the raw data. Importantly, 

this metric can serve as a measure of confidence in the accuracy of consensus bases, as 

putative SNPs with a high coverage depth are more likely to be valid (Barbazuk et al., 
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2007). In addition, the assembly of cognate HpaII fragment sequences reduced the 

computational requirements for the alignment and SNP calling process, as only unique 

sequences were used. 

 
Table 3.4. Summary of the assembly process. 

 B73 Husk and Root Mo17 Root 

Coverage 
Depth† No.‡ Mb§ %¶ No. Mb % 

1 263,952 31.1 77.7 415,411 42.5 70.9 
2 44,088 6.1 13.0 65,846 9.1 11.2 
3 15,188 2.3 4.5 31,473 4.8 5.4 
4 6,745 1.1 2.0 20,564 3.4 3.5 

5+ 9,757 2.0 2.9 52,943 10.9 9.0 
Total 339,730 42.6 100.0 586,237 70.7 100.0 

†Number of 454 sequences contained in each assembly. 
‡Number of consensus sequences extracted from assemblies at each coverage depth. 
§Number of consensus sequence bases at each coverage depth.  
¶Percentage of the total number of consensus sequences at each coverage depth. 

 

Second, we developed a computational approach to minimize the number of 

SNPs called from alignments of paralogous sequences, which is similar in objective to 

the paralog identification method used by the SNP calling software POLYBAYES 

(Marth et al., 1999) and to the “monoallelism” rules used by Barbazuk et al. (2007). 

Our approach assumes that it is possible to discover fixed differences among paralogs 

by comparing a reference sequence database or genome against itself, where almost all 

sequence differences observed in non-self paralogous alignments are non-allelic 

(Figure 3.1 A and B). Although some non-allelic differences may actually be 

polymorphisms at one or both of the loci, it is assumed that the majority of these 

identified differences are expected to be fixed differences that distinguish paralogs. 

Following this argument, a search of the MAGIv4.0 C&S database against itself was 

performed to identify all such single nucleotide differences that distinguish paralogs in 

the maize B73 genome. Putative non-allelic fixed differences that were identified from 

unique paralogous alignments were catalogued into a “paralog distinguishing list”  
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 in SNP detection power. 

 

 

 

 

 

 

 

 

 
Figure 3.1. Illustration of a recent single gene duplication event that results in highly 
similar paralogs, and how the paralog distinguishing list (PDL) distinguishes alleles 
from paralogs when calling SNPs. (A) The PDL method is based on the assumption 
that a pair of duplicated genes that are fixed in the extant maize population likely 
originated from a single duplication event, which in many cases was the ancient 
tetraploidization event. If the duplication event is sufficiently old, virtually all 
differences among paralogs are because of mutations that have occurred since the 
genome duplication event, and distinguishing paralogs is easy. However, if the 
duplication was recent and the ancestral gene was polymorphic, alternative alleles at 
the paralogous loci may become fixed in the population, and the number of fixed 
differences between the donor and derived loci may be similar to the average allelic 
pairwise difference observed in maize. It is these cases for which it is very difficult to 
distinguish alleles from paralogs based only on alignment scores. (B) An intra-
reference alignment of B73 reference sequences discovers putative fixed differences 
(T/A and G/A) that differentiate paralogs (B73 A and B73 B), which are recorded as 
context sequences in the paralog distinguishing list (PDL). Next, HpaII consensus 
sequences of Mo17 are aligned to B73 references sequences. Both the correct allelic 
(B73 B vs. Mo17 B) and erroneous paralogous (B73 B vs. Mo17 A) alignments detect 
a single nucleotide mismatch, and thus, cannot be distinguished from each other based 
solely on alignment scores. The context sequences of both single nucleotide 
mismatches (A/G and C/G) are searched against the PDL. The context sequence of the 
A/G mismatch matches a context sequence in the PDL; thus, the mismatch is correctly 
recognized as a putative fixed difference and not called a SNP. However, the context 
sequence of the C/G mismatch does not match any context sequence in the PDL and is 
therefore correctly called a SNP. When B73 carries a derived allele (B73A), the 
context sequence of the T/A mismatch in the allelic B73 A vs. Mo17 A comparison is 
also detected in the PDL. Thus, this true SNP is not called because it is incorrectly 
scored as a putative fixed difference, which ultimately leads to a reduction in SNP 
detection power. 
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(PDL) as “context sequences” (i.e., the 16 bp 5' and 16 bp 3' flanking the single 

nucleotide difference). 

 
 
SNP Identification 

With the implementation of the PDL, HpaII consensus sequences from Mo17 

were aligned against the best reference match B73 sequence (MAGIv4.0 C&S; 675.2 

Mb) and all single nucleotide differences were identified and extracted as context 

sequences (see “Materials and Methods”). If the context sequence of any of these 

single nucleotide differences (Mo17 HpaII vs. B73 MAGIv4.0 C&S) matched a 

context sequence contained within the PDL, it was treated as an indication of a 

paralogous alignment and all SNP calls from such alignments were suppressed. In this 

case, the next strongest alignment for the same HpaII consensus sequence was 

considered, continuing in this fashion until an alignment with no match to a PDL 

context sequence was found, or the rate of mismatches in the successive alignments 

exceeded a preset maximum of 5%. Essentially, the PDL selected which alignments to 

use for SNP calling but not which single nucleotide differences to call as SNPs. The 

same procedure was performed with B73 HpaII consensus sequences, which served as 

an internal control to estimate the rate of false SNP discovery with and without 

implementation of the PDL. 

Use of the PDL proved to be highly effective at preventing false SNP calls 

because of paralogous alignments. The estimated false discovery rate (FDR) obtained 

by comparing the SNP call rate for B73 (control, all SNPs considered false) and Mo17 

HpaII consensus sequences at various coverage depths and base quality values (Q 

values) thresholds is shown in Table 3.5. If SNP calls were made using the PDL and 

not restricted to a specific coverage depth or Q value threshold, 126,683 putative SNPs 

between Mo17 and B73 (1 SNP/248 bp) were discovered at an estimated 15.1% FDR. 
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If SNP calls were made using only the most parsimonious alignment (i.e., without 

PDL), 174,476 putative B73/Mo17 SNPs (1 SNP/199 bp) were called at a dramatically 

increased FDR of 46.8%. Overall, use of the PDL effectively provided a 3-fold 

reduction in the rate of false SNP discovery at every evaluated coverage depth and Q 

value threshold relative to rates determined without use of the PDL. 

As shown in Table 3.5, we observed a polymorphism rate of 1 SNP every 216 

bp (86,830 SNPs/18,794,000 bp) at an estimated 11% FDR (Coverage Depth: ≥1X; Q-

score: ≥35). If we restricted SNP calling to a coverage depth of ≥2X (Q-score: all), 

then we observed a polymorphism rate of 1 SNP every 204 bp at a false SNP 

discovery rate of 8.4%. The SNP discovery rate for Mo17 HpaII consensus sequences 

at only 1X coverage (i.e., singletons) and all Q-scores was 1 SNP every 290 bp 

(calculated from Table 3.5) at an estimated 19.7% FDR, which suggests that at higher 

coverage depths and with higher quality sequence data more SNPs/kb were captured 

(i.e., higher SNP detection power). Although the FDR was reduced nearly 2-fold (15.1 

to 8.4%) when using the PDL and additionally restricting SNP calls to a coverage 

depth of ≥2X, the FDR remained relatively unchanged at progressively higher 

coverage depth thresholds. This suggests that deeper sequencing would provide 

limited improvement in the calling accuracy of SNPs already at a coverage depth of 

2X or higher, but this might not have been the case if the sequenced maize lines were 

highly heterozygous. The ability to reduce the number of false positive SNPs by 

restricting SNP calls to higher cover depths was also a key finding by Barbazuk et al. 

(2007), the first study that used pyrosequencing to identify SNPs within expressed 

maize genes. Additionally, it seems that Q values calculated by the 454 base calling 

software (single reads) or CAP3 program (multiple sequence alignments) are of



 

  

Table 3.5. Summary of putative SNPs and call rates at various coverage depths and quality value thresholds with and without 
implementation of the paralog distinguishing list (PDL). 
 

  With PDL Without PDL 

CD† Q‡ B73 Mo17 FDR¶ B73 Mo17 FDR 
SNPs Rate§ SNPs Rate SNPs Rate SNPs Rate 

≥1X 

All# 11,904 0.61 126,683 4.03 15.1% 50,936 2.35 174,476 5.02 46.8% 
≥20 10,701 0.58 119,294 4.02 14.4% 47,343 2.31 164,904 5.04 45.8% 
≥30 8,955 0.55 106,475 4.12 13.3% 39,910 2.23 147,335 5.16 43.2% 
≥35 5,703 0.51 86,830 4.62 11.0% 23,149 1.92 119,465 5.74 33.4% 
≥40 2,352 0.43 62,966 4.83 8.9% 10,378 1.78 85,547 5.92 30.1% 
≥50 1,609 0.37 57,205 4.93 7.5% 6,832 1.46 77,688 6.03 24.2% 
≥60 879 0.32 45,610 4.88 6.6% 3,724 1.26 61,991 5.97 21.1% 
≥70 634 0.30 39,787 4.88 6.1% 2,651 1.17 54,279 5.99 19.5% 

≥2X 

All 2,072 0.41 61,584 4.91 8.4% 9,048 1.66 83,547 6.00 27.7% 
≥20 2,057 0.41 61,527 4.91 8.4% 9,017 1.65 83,475 6.00 27.5% 
≥30 2,031 0.40 61,300 4.91 8.1% 8,910 1.64 83,173 6.00 27.3% 
≥40 1,953 0.40 60,573 4.91 8.1% 8,529 1.61 82,169 6.00 26.8% 
≥50 1,609 0.37 57,205 4.93 7.5% 6,832 1.46 77,688 6.03 24.2% 
≥60 879 0.32 45,610 4.88 6.6% 3,724 1.26 61,991 5.97 21.1% 
≥70 634 0.30 39,787 4.88 6.1% 2,651 1.17 54,279 5.99 19.5% 

≥3X 

All 702 0.33 37,980 4.88 6.8% 3,127 1.37 51,769 5.98 22.9% 
≥20 699 0.33 37,975 4.88 6.8% 3,124 1.37 51,763 5.98 22.9% 
≥30 697 0.33 37,966 4.88 6.8% 3,114 1.37 51,751 5.98 22.9% 
≥40 689 0.32 37,912 4.88 6.6% 3,088 1.36 51,681 5.98 22.7% 
≥50 679 0.32 37,833 4.88 6.6% 3,047 1.35 51,572 5.98 22.6% 
≥60 649 0.32 37,448 4.87 6.6% 2,899 1.32 51,044 5.97 22.1% 
≥70 529 0.30 35,417 4.87 6.2% 2,299 1.21 48,339 5.97 20.3% 

≥4X 

All 322 0.31 24,454 4.81 6.4% 1,452 1.31 33,403 5.90 22.2% 
≥20 319 0.31 24,454 4.81 6.4% 1,449 1.30 33,402 5.90 22.0% 
≥30 318 0.31 24,454 4.81 6.4% 1,445 1.30 33,402 5.90 22.0% 
≥40 317 0.30 24,451 4.81 6.2% 1,443 1.30 33,399 5.90 22.0% 
≥50 316 0.30 24,443 4.81 6.2% 1,437 1.30 33,391 5.90 22.0% 
≥60 313 0.30 24,430 4.81 6.2% 1,426 1.29 33,368 5.90 21.9% 
≥70 311 0.30 24,356 4.81 6.2% 1,405 1.28 33,272 5.90 21.7% 
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TABLE 3.5 (Continued) 
†CD, coverage depth.  The number of reads with an aligned base that supported the consensus base call. 
‡Q, quality values. Quality values were computed using the 454 base-calling software (single reads) or the CAP3 assembly program 
(multiple sequence alignments). 
§The number of SNPs called per kb of HpaII consensus sequence (SNPs/kb). 
¶The percent false discovery rate (FDR) at each coverage depth was calculated by dividing the B73 call rate by the Mo17 call rate 
and multiplying by 100.  
#No filtering on Q values. 
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minimal value for eliminating false positive SNPs that result from sequencing errors 

when SNP calls are restricted to a coverage depth of 2X or higher. 

 

SNP Validation 

To independently cross-validate a subset of B73/Mo17 HpaII SNPs that were 

identified via 454 pyrosequencing, we extracted a collection of B73 and Mo17 

amplicon sequences from the Panzea database (http://www.panzea.org/) (Zhao et al., 

2006) that were generated with traditional Sanger sequencing chemistry. The extracted 

sequences were assembled and aligned according to unique Panzea locus identifiers, 

which permitted the identification of SNPs. It was assumed that all paired sequences 

were allelic and all true SNPs were identified (i.e., 0% FDR; 100% power). To 

estimate an FDR for HpaII SNPs, Panzea SNPs were mapped onto Mo17 HpaII 

consensus sequences, and vice versa. The mapping resulted in the identification of a 

subset of SNPs in each dataset that was derived from sequence common to both 

datasets (Table 3.6). 

 
Table 3.6. Summary of B73/Mo17 454 SNP validation. 

 With PDL Without PDL 
Panzea SNPs† 724 724 
HpaII SNPs 523‡ 720§ 

Shared SNPs¶ 449 586 
HpaII FDR# 14.1% 18.6% 

HpaII Power†† 62.0% 80.9% 
†The number of identified Panzea SNPs that mapped to Mo17 HpaII consensus sequences. 
‡The number of B73/Mo17 HpaII SNPs identified via 454 pyrosequencing that mapped to Panzea 
sequences.  These B73/Mo17 HpaII SNPs that mapped are a subset of the 126,683 putative SNPs (≥1X 
coverage depth; All Q values) that were called using the paralog distinguishing list (PDL).  
§The number of B73/Mo17 HpaII SNPs identified via 454 pyrosequencing that mapped to Panzea 
sequences.  These B73/Mo17 HpaII SNPs that mapped are a subset of the 174,476 putative SNPs (≥1X 
coverage depth; All Q values) that were called without using the paralog distinguishing list (PDL).  
¶SNPs that were identified in both the B73/Mo17 HpaII SNP and Panzea SNP datasets. 
#We assumed that all SNPs called from the Panzea sequence dataset were true SNPs.  The percent False 
Discovery Rate (FDR) was calculated as [1–(449/523)*100] and [1–(586/720)*100]. 
††We assumed that all SNPs in the Panzea sequence dataset were identified.  Power was calculated as 
[(449/724)*100] and [(586/724)*100]. 
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With the constructed SNP validation dataset, we found that 85.9% (449/523) of 

the PDL-based HpaII SNPs were concordant with Panzea SNPs. This resulted in an 

estimated FDR of 14.1%, which strongly agreed with the 15.1% (no thresholds; with 

PDL) that was estimated using the B73/Mo17 call rate comparison (Table 3.5). 

However, only 62.0% of SNPs identified in Panzea were also identified in the dataset 

of PDL identified B73/Mo17 HpaII SNPs, whereas it was 80.9% without the PDL. 

This signifies a weakness of the MAGIv4.0 C&S-based PDL, as true SNPs were 

incorrectly considered non-allelic by the PDL. 

 

DISCUSSION 

Next generation DNA sequencing technologies have made high-throughput 

resequencing efficient and affordable. However, the use of these technologies in a 

read-to-reference based SNP discovery approach at the level of a whole-genome has 

not come to fruition for agronomically important plant species. The primary reason is 

that many of these plant species have large, complex genomes and as a result do not 

have an available, accurate or complete genome sequence. In addition, the short read 

lengths produced by these high-throughput sequencing technologies are limited in 

ability to differentiate the large numbers of paralogs that are common to the genome 

of many angiosperm species (Blanc and Wolfe, 2004). Maize was chosen as the test 

organism for this pilot study because of three qualities of its nuclear genome: it is 

~2500 Mb in size; it consists of more than 75% highly repetitive DNA (Meyers et al., 

2001; SanMiguel et al., 1996); and at least one-third of its estimated 59,000 genes are 

duplicated (Blanc and Wolfe, 2004; Messing et al., 2004). Here, we tested a gene-

enrichment sequencing approach that is applicable to virtually any plant species and a 
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computational pipeline that enables the efficient and accurate discovery of a large 

number of SNPs using an incomplete and low-coverage reference sequence. 

We modified the previously described HMPR technique (Emberton et al., 

2005) to enable shotgun sequencing of 100-600 bp HpaII fragments in a manner that 

fully used the read length (potential of 200-300 bases) ability of the 454 GS FLX 

instrument. Of the two tissue types that were tested as sources of genomic DNA, 

seedling roots have a greater potential to enable the rapid construction of gene-

enriched, modified HMPR libraries that have low levels of repeats and organellar 

DNA contamination. However, improved seed sterilization procedures and/or sterile, 

antibiotic-treated growing conditions are necessary to prevent the proliferation of 

bacterial symbionts in seedling roots, and the cytosine methylation pattern of genes 

and repeats in seedling root tissue needs to be more fully investigated. Since 

performing this experiment, we have identified unfertilized, immature ear shoots as an 

excellent tissue for isolating total maize genomic DNA. B73 and Mo17 immature ear 

HpaII libraries constructed with modified HMPR technology were highly enriched (4–

5-fold) for genic sequences, while extremely depleted in repeat, organellar, and 

bacterial sequences (total: <10%) (M. Gore, R. Elshire, and E. Buckler, unpublished 

data). 

Although our modified HMPR technique facilitated high throughput gene-

enrichment sequencing of a large, complex plant genome, in general, the yield per run 

of modified HMPR libraries on the 454 GS FLX was lower than the expected 100 Mb. 

If the DNA copy per bead ratio is carefully optimized for modified HMPR libraries, it 

should be possible to routinely obtain 100 Mb of sequence data. In addition, the low 

sequencing yield may be because of less than optimal lengths (3-10 kb) of HpaII 

concatemers. If so, a 6 bp MCS restriction enzyme (Fellers, 2008) may help to 

produce much larger concatemers that are better suited for the downstream 454 sample 
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preparation, which is optimized for undigested total genomic DNA. Also, assembly of 

the larger restriction fragment sizes would produce larger consensus sequences for 

more accurate mapping. Alternatively, with the increased average read length (400 

bases) and paired-end read capability of the new GS FLX Titanium 

(http://www.454.com), it might be more efficient and as comprehensive to directly 

sequence restriction fragments instead of concatemers. 

We identified 126,683 putative B73/Mo17 SNPs, primarily in genic regions of 

the maize genome, using a computational pipeline for short read lengths that is 

applicable to any plant species with at least a large collection of genome survey 

sequences. A computational approach was developed to distinguish between allelic 

and paralogous HpaII consensus-MAGIv4.0 C&S reference alignments by searching 

identified putative single nucleotide differences against a Paralog Distinguishing List 

of putative fixed differences that distinguish paralogs from each other. The false SNP 

discovery rate with implementation of the PDL was estimated by two different 

approaches, and both were found to be at an acceptable level and highly concordant 

(15.1 vs. 14.1%). Detection of SNPs using the PDL was 3-fold more effective in 

controlling the FDR than a most parsimonious alignment strategy, and the FDR could 

be further reduced by filtering SNPs based on coverage depth and/or Q value 

thresholds (Table 3.5). The most likely sources of false positive SNPs are cloning 

artifacts (i.e., base substitution errors) contained within MAGIv4.0 C&S sequences 

(Fu et al. 2004) and paralogous alignments not identified by the PDL. Although very 

stringent parameters were used to assemble redundant, overlapping HpaII fragment 

sequences, it is possible that collapsed paralogs also contributed to the identification of 

false positive SNPs. The number of false positive SNPs that result from the FLX 

system are expected to be low (presumably less frequent at coverage depths of 2X and 

higher), as other studies have shown the GS FLX single-read error rate to be ~0.5% 
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(Droege and Hill, 2008) and substantially lower at higher coverage depths (Lynch et 

al., 2008; Smith et al., 2008). In addition, the rate of paralog collapse in the MAGI 

assemblies was estimated to be ~1% (Emrich et al., 2007); therefore, their contribution 

to the calling of false positive SNPs and inaccuracies in the PDL should be very 

minimal. 

The difference in FDR estimates between SNPs called with and without the 

PDL method is much less striking for the Panzea validation dataset (Table 3.6) than 

that observed for the B73/Mo17 call rate comparison (Table 3.5). This is most likely 

because Panzea sequences resulted from the preferential sequencing of putatively 

single-locus PCR products, as PCR reactions that appeared to amplify multiple loci 

were discarded prior to sequencing (E. Buckler, unpublished). Essentially, the 

amplicon-Sanger sequencing strategy acted as a PDL. Thus, the Panzea dataset is 

poorly suited to assess the ability of the PDL to detect paralogous alignments, because 

the Panzea database was constructed with a bias against paralogous sequences. All 

amplicon-Sanger sequencing strategies will have this same bias; therefore, the best 

external validation of the PDL is to sequence modified HMPR libraries of Mo17 on a 

different next-generation sequencing platform (e.g., Illumina sequencing). Currently, 

the B73 (internal control)/Mo17 call rate comparison is the best available method to 

estimate the ability of the PDL to reduce the number of false positive SNP calls from 

paralogous alignments (Table 3.5). Nevertheless, minor improvements in the FDR are 

still observed when the PDL is used on the Panzea dataset (Table 3.6). 

Transcriptome sequencing is useful when the aim is enrichment of tissue and 

developmental-stage specific genes; however, for high coverage of the gene space it is 

not very cost effective. Essentially, numerous cDNA libraries capturing multiple 

developmental stages and environmental stresses are needed to even approach high 

coverage of the gene space. Therefore, we sequenced modified HMPR genomic 
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libraries because it is expected to result in a more comprehensive sampling of genes 

than that of transcriptome sequencing (Emberton et al., 2005; Palmer et al., 2003), and 

it is also expected to provide access to the nucleotide diversity in introns, regulatory 

regions, and non-expressed genes. We used the Lander-Waterman model (Lander and 

Waterman, 1988) and the rate of contig formation as described in Whitelaw et al. 

(2003) to estimate the effective gene space size sampled by the modified HMPR 

method, which was 136.4 Mb (~27% of the ~500 Mb maize gene space; Palmer et al., 

2003) for the Mo17 root library. This estimate of the effective gene space size might 

be slightly overestimated due to the very stringent CAP3 assembly parameters that 

were used. Given that 70.7 Mb of HpaII consensus sequence data exists for Mo17 

(Table 3.4), it is estimated that the library was sequenced to only 0.52X coverage. If 

we were to sequence the Mo17 root library to 1X coverage, then the maximum 

number of putative SNPs called with the PDL would be ~200,000 at a rate of 4.03 

SNPs/kb. If several million SNPs are to be discovered, we will need to sequence 

additional maize inbred lines, possibly construct other modified HMPR libraries using 

different 4 bp cutter MCS restriction enzymes, and/or use the draft maize genome 

sequence to call SNPs. 

The PDL is only as high-quality as the completeness and accuracy of the 

reference sequence used to construct it, but despite the shortcomings of the MAGI 

assemblies (e.g., 1% collapsed paralogs, cloning artifacts, and partial genome 

assembly), a significant reduction (3-fold) in the number of false positive SNPs that 

resulted from paralogous alignments was still observed (Table 3.5). Moreover, these 

issues will be mostly resolved when the draft maize B73 genome sequence is available 

for constructing a PDL and calling SNPs. 

A more important limitation of the PDL, however, is that it reduced the power 

to detect true SNPs. Based on the observed SNP call rate (4.91 SNPs/kb; 1 SNP/204 
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bp) with the PDL at a coverage depth of ≥2X, we are under-estimating the expected 

SNP call rate (1 SNP/153 bp based on 1,095 genes) between any randomly chosen 

diverse, temperate maize inbred lines by ~25% (Yamasaki et al., 2005). If SNPs were 

called without the PDL at a coverage depth of ≥2X, the observed (6.00 SNPs/kb; 1 

SNP/167 bp) and expected (1 SNP/153 bp) SNP call rates are nearly identical. As 

shown in Table 3.6, based on the comparison of B73/Mo17 HpaII SNPs (no threshold) 

with the Panzea SNP dataset, there was an 18.9% loss in SNP detection power with 

implementation of the PDL. The reduction in power is attributed to true SNPs being 

incorrectly considered non-allelic by the PDL. We hypothesize that these true SNPs 

could not be distinguished from actual fixed differences among paralogs on the basis 

of the intra-reference sequence comparison alone, which would occur if the reference 

line (B73) used to construct the PDL carries a derived allele (Figure 1 A and B). This 

is a systematic bias that may affect both population genetics and association studies 

when the reference line alone carries an allele of interest. This problem is most severe 

when a single line is compared to the reference, but the expected rate of false 

negatives because of this effect decreases to 1/(n + 1) when n lines are compared to 

the reference. Further reduction may be possible if multiple non-reference lines are 

also compared to each other. 

Although the results obtained in this pilot study are very encouraging, there are 

several drawbacks to this approach that should be considered. First, the method of 

gene enrichment used here restricts SNP discovery to sites near HpaII restriction sites 

in unmethylated regions, which can be remedied by constructing additional modified 

HMPR libraries with different 4 bp cutter MCS restriction enzymes. We do not 

presume that all nucleotide variation in methylated regions of the maize genome is 

phenotypically irrelevant, so different methods are needed to discover SNPs from 

these regions. Additionally, genome wide methylation patterns and locus specific 
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methylation levels may vary across genetic backgrounds, tissue types, developmental 

stages, and even environmental conditions (Cervera et al., 2002; Finnegan et al., 2000; 

Lister et al., 2008; Rabinowicz et al., 1999; Vaughn et al., 2007). Thus, performing 

this technique across a panel of inbred lines may not result in representation of all 

lines at all loci. For marker discovery, this line-specific or locus-specific censoring 

effect may not be important overall, but population genetic studies may be adversely 

affected by non-random missing data. 

Regardless of these limitations, a considerable number of SNPs were 

discovered at an acceptably low FDR for the purpose of constructing high density 

multiplexed genotyping products, but sequencing of additional maize inbred lines is 

needed to construct a SNP dataset with low ascertainment bias that is appropriate for 

phylogenetics or population genetics studies. However, the SNPs identified in this 

study are immediately applicable for fine mapping of complex traits in the Intermated 

B73 x Mo17 (IBM) population, which is a widely used community resource for QTL 

mapping studies in maize (Lee et al., 2002). Most importantly, we estimate the cost of 

SNP discovery in this study at $0.38/SNP yet note that several aspects of the 

molecular methods used here can be optimized for much higher sequencing yield and 

broader genome coverage. Such optimization, combined with further advances in high 

throughput sequencing yield, longer read lengths, lower error rates, and cheaper run 

costs, can further reduce the cost of SNP discovery in diverse maize such that several 

million gene-enriched SNPs needed for comprehensive association studies is an 

immediate economic possibility. 
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CHAPTER 4 

A FIRST GENERATION HAPLOTYPE MAP OF THE WORLD’S MOST 

DIVERSE CROP: MAIZE 

 

ABSTRACT5 

Maize (Zea mays L.) is the number one production crop in the world and 

possesses more genetic diversity than any other major crop species. This standing 

genetic variation is central to modern maize improvement, but is likely millions of 

years old, reflecting the historical evolutionary forces of recombination and selection 

as well as past demographic events. By using low-copy-enrichment and rapid 

sequencing-by-synthesis (SBS) approaches, we simultaneously discovered and 

genotyped nearly 3 million non-redundant polymorphisms in a diverse panel of 27 

maize inbred lines. A substantial portion of the low-copy fraction in the maize genome 

was identified as being highly divergent or inserted relative to the reference genome 

sequence. We detected more than 20 massive regions (>800 Kb) of low diversity 

interspersed throughout the genome that are presumably the result of selection during 

maize evolution, which are substantially larger than known domestication loci. 

Genome-wide estimates of recombination rate based on sequence data (C) and a multi-

population genetic linkage map (R) were strongly correlated with nucleotide diversity 

(π), hinting at a possible role of selection, along with genome structure, in patterning 

polymorphism throughout the genome. Additionally, while most of the genome shows 

no genetic differentiation (FST) between temperate and tropical germplasm, nearly one 

hundred regions are highly differentiated, likely containing loci key to geographic 

adaptation. Because these diverse lines are the founders of the largest set of public 
                                                
5 M. A. Gore, J.-M. Chia, R. J. Elshire, J. Ross-Ibarra, Q. Sun, E. S. Ersoz, B. L. Hurwitz, J. A. Peiffer, 
G. S. Grills, D. H. Ware, E. S. Buckler. To be submitted to a journal with a high impact factor. 
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mapping populations for complex trait dissection—the maize Nested Association 

Mapping (NAM) population―this work also lays the foundation for truly Genome-

Wide Association Studies (GWAS) in maize.  

 

INTRODUCTION 

Maize (Zea mays L.) is both a model genetics system and crop with high 

economic and societal value. Already an important source of food, fuel, feed, and fiber 

in the world, maize stands to be further improved through plant breeding practices that 

exploit the maize genome’s genetic diversity. Maize has unparalleled genetic diversity 

for a model species, with the average nucleotide diversity of coding regions between 

any two maize lines (π=1-1.4%) (Tenaillon et al., 2001; Wright et al., 2005) similar to 

the divergence between humans and chimpanzees (The Chimpanzee Sequence and 

Analysis Consortium, 2005). Maize also has tremendous phenotypic and geographic 

diversity―varieties of maize express a plethora of stable and plastic phenotypes and 

have adapted to distinct environments such as lowland tropics, hot deserts, high 

altitude mountains, and very short growing seasons. 

Understanding the relationship between genetic and phenotypic variation is 

vital to manipulating and preserving maize diversity in this period of rapid climate 

change and increased global demands for water, land, energy, and food. Many 

important agronomic traits are genetically complex, however, and it has been difficult 

to connect phenotype to individual genes and alleles (Holland, 2007; Salvi and 

Tuberosa, 2005). Genome-Wide Association Studies (GWAS) using diverse maize 

germplasm offer the potential to rapidly resolve complex traits to a single gene or an 

individual polymorphism, but these studies require a high-density of genome-wide 

markers (Buckler et al., 2006; Yu and Buckler, 2006). To bolster maize as a model 

system for studying the genetic basis of complex traits, we have constructed a dataset 
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of 2.8 million polymorphism from a diverse panel of 27 inbred lines―founders of the 

maize Nested Association Mapping (NAM) population (Yu et al., 2008)―and have 

used this dataset to investigate the evolutionary forces shaping genetic diversity in 

maize. 

 

MATERIALS AND METHODS 

DNA isolation 

Immature, unfertilized ears were harvested from multiple field-grown plants of 

27 maize inbred lines: B73, B97, CML52-RIL, CML69, CML103, CML228, 

CML247, CML277, CML322, CML333, HP301, Il14H, Ki3, Ki11, Ky21, M37W, 

M162W, Mo17, Mo18W, MS71, NC350, NC358, Oh43, Oh7B, P39, Tx303, and 

Tzi8. The founder lines were chosen to maximize overall allelic richness, represent 

important public U.S. inbred lines, and permit the production of seeds in the U.S. 

summer (Yu et al., 2008). The CML52 line was not a pure genetic stock, as it was a 

recombinant inbred line (RIL) of mixed B73 and CML52 parentage. The CML52-RIL 

will be used to calibrate SNP scoring algorithms in the future. All collected ears were 

surface sterilized in a 10% (vol/vol) bleach solution (5.25% Sodium Hypochlorite) by 

gently rocking for 30 min, followed by 3X 10 min rinses with sterile water, and 

immediately frozen in liquid N2 prior to storage at –80ºC. Total genomic DNA was 

isolated from homogenized frozen ear tissue as previously described by Emberton et 

al. (2005). 

 

Construction of Genomic DNA Libraries 

Methylation-Filtration HpaII 

In plant genomes, retrotransposons and other types of repeats contain a higher 

density of methylation in the form of 5-methylcytosine relative to genic sequences, 
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which is a property unique to plants (Rabinowicz et al., 2003; Rabinowicz et al., 

2005). HpaII, a methylation-cytosine sensitive restriction enzyme, has been previously 

used to exploit this property for gene-enrichment sequencing via methylation-filtration 

(MF) of the maize genome (Emberton et al., 2005; Yuan et al., 2002). Complete 

digestions of 5 µg of high-molecular weight (HMW) total genomic DNA were 

performed in 200 µL volumes with 50 U of HpaII (New England Biolabs, Ipswich, 

MA) at 37ºC for 16 h, followed by heat inactivation of the enzyme at 65ºC for 20 min 

(Figure 4.1). Digestion reactions were performed in duplicate for each of the 27 lines, 

and duplicate reactions (i.e., identical genotype) were pooled following heat 

inactivation. All pooled samples were individually purified using the QIAquick PCR 

Purification Kit (QIAGEN, Valencia, CA), according to the manufacturer’s protocol, 

and separated on a low melting 2% SeaPlaque agarose gel (Cambrex Bio Science 

Rockland, Inc., Rockland, ME). The gel was stained with a DNA visualization dye 

(SYBR Safe, Invitrogen Corp., Eugene, OR) and viewed on a blue fluorescent light 

box (Dark Reader, Clare Chemical Research, Denver, CO).  

HpaII fragments ranging in size from 100–600 bp were excised from the 

agarose gel with a sterile scalpel. Gel-extracted fragments were purified and eluted 

with 40 µl of elution buffer using the QIAquick Gel Extraction Kit, according to the 

manufacturer’s protocol. For each sample, the elutant of DNA was divided into four 

equal aliquots, with each 10 µl DNA aliquot separately digested with one of four 

different restriction enzymes. Complete digestions of the 10 µl DNA aliquots were 

performed in 35 µl volumes using 20 U of AluI, HaeIII, MspI or RsaI (New England 

Biolabs, Ipswich, MA) at 37ºC for 16 h, followed by heat inactivation of the enzyme 

at 65ºC for 20 min. The four separate digestion reactions were pooled and purified 

using the QIAquick PCR Purification Kit. 
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Whole-Genome Amplification HpaII 

Differential methylation at HpaII recognition sites among inbred lines caused 

non-random missing sequence data from low-copy regions of the maize genome (data 

not shown). In an effort to sequence these differentially methylated, low-copy regions,  

 

 

 

 

 

 

 

 

 

 

 

 

 

 
Figure 4.1. Flowchart of how methylation-filtration (MF) HpaII, whole-genome 
amplification (WGA) HpaII, and BbvI genomic libraries were constructed. 

 

a whole-genome amplification (WGA) reaction was used to generate unmethylated 

genomic DNA. The GenomiPhi V2 DNA Amplification Kit (GE Healthcare, 

Piscataway, NJ) was used to amplify 1 µL of 50 ng/µL of total genomic DNA per the 

manufacturer’s instructions. This kit uses high fidelity Phi29 (φ29) DNA polymerase, 

dNTPs, and random hexamers to replicate linear genomic DNA by multiple 

displacement amplification. A single WGA reaction was performed for each inbred 
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line and individually purified using the QIAquick PCR Purification Kit. Next, the 

unmethylated genomic DNA samples were completely digested with HpaII as 

described above, but they were subsequently purified using the QIAquick PCR 

Purification Kit without any prior size selection on an agarose gel. 

Low-copy enriched BbvI 

The methylation-insensitive, Type IIS restriction enzyme BbvI has a 

recognition site that occurs at higher frequency within low-copy relative to repetitive 

regions of the maize genome (data not shown). By constructing BbvI libraries, we 

were able to sequence additional low-copy regions not captured in HpaII libraries, and 

thus, increase sequencing coverage across the genome. Complete digestions of 5 µg of 

HMW total genomic DNA were performed in 200 µL volumes with 10 U of BbvI 

(New England Biolabs, Ipswich, MA) at 37ºC for 16 h, followed by heat inactivation 

of the enzyme at 65ºC for 20 min. The digestion reactions were purified using the 

QIAquick PCR Purification Kit. 

 

Construction of Illumina SBS Libraries 

Generation of single-end Illumina sequencing-by-synthesis (SBS) libraries was 

carried out according to manufacturer’s instructions (Illumina, San Diego, CA), with 

minor modification. Briefly, a 3' adenosine overhang was added to polished DNA 

fragments using 1 µl of 1:5 diluted Klenow polymerase. Next, 1 µl of 1:10 diluted 

DNA oligonucleotide (oligo) adapters were ligated to DNA fragments of MF-HpaII 

libraries, whereas 1 µl of 1:5 diluted DNA oligo adapters were ligated to DNA 

fragments of WGA-HpaII and BbvI libraries. The adapter-ligated DNA was amplified 

using PCR primers 1.1 and 2.1 for 18 cycles, and purified using the QIAquick PCR 

Purification Kit. DNA fragments were quantified on a NanoDrop (NanoDrop 

Technologies, Wilmington, DE). In addition, an aliquot of the amplification reaction 
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was separated on a 1% agarose gel to calculate the mean size of amplicons. DNA was 

diluted to 10 nM using elution buffer (QIAGEN) supplemented with 0.1% Tween 20 

and stored at –20ºC. 

 

Illumina SBS Sequencing  

The Cluster Generation Kit was used to produce clusters on a Cluster Station 

per Illumina’s instructions. Before samples were sequenced a second time, we 

recalibrated the concentration of the denatured DNA solution based on initial cluster 

numbers to optimize the number of raw clusters per tile. With the 36 Cycle Solexa 

Sequencing Kit (Illumina), samples were sequenced on an Illumina Genome Analyzer. 

Over several months of generating sequence data, multiple versions of the Illumina 

Genome Analyzer data pipeline (0.2.2.6; 0.3; and 1.0) and flow cells (1 and 2) were 

used. The first 36 bases of runs were extracted and processed. The data quality of each 

run was assessed, and runs without errors due to equipment malfunction or poor flow 

cell performance were used for further analysis. All data from runs which we deemed 

poor quality were discarded. 

 

Mapping Reads to the Reference Genome Sequence 

The ELAND software (Illumina, San Diego, CA), a short read alignment 

algorithm, was used to map SBS reads to the maize B73 reference genome sequence 

[Bacterial Artificial Chromosome (BAC) release 3a50]. ELAND trimmed the last 4 

bases of reads, because the software only processes the first 32 bases. In addition, the 

3' terminal bases of SBS reads tend to be relatively lower quality. The alignment 

parameters of ELAND allowed a maximum of 2 mismatches and no indels. Reads that 

mapped to 4 or less locations on the reference genome sequence were used to identify 

polymorphisms. The stringent ELAND alignment parameters [allowing up to 2 
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mismatches] resulted in a significant number of unmapped reads. 

The Novoalign software (http://www.novocraft.com/), which has an alignment 

algorithm not limited to 2 mismatches, was used to align the unmapped reads. First, 

Novoalign finds possible alignment locations against an indexed reference sequence 

and proceeds to score the alignments using the Needleman-Wunsch algorithm with 

affine gap penalties. The reference genome sequence was indexed using a 14-mer seed 

length and a sliding window of 2 bp (-k 14, -s 2). Alignments were performed with a 

gap-opening penalty of 42, a gap-extension penalty of 4 and a maximum threshold of 

85 (-g 42, -x 4, -t 85). Novalign also used base quality scores to reduce misalignments. 

Only 3 bp indels could pass the filters given the length of reads and thresholds used 

for alignment. Also, reads that mapped to 4 or less positions were retained, but reads 

with 3 or more mismatches were discarded. 

 

Identification of Putative Polymorphisms 

ELAND and Novoalign alignment results were parsed and combined, and 

subsequently indexed on a per chromosome basis using a MySQL relational database 

and custom Perl scripts. Putative polymorphisms (SNPs and indels of 1-3 bp) were 

identified pairwise by collapsing mapped reads from each inbred line onto the 

reference genome sequence. In addition, read coverage depth of all genome bases 

(polymorphisms and non-polymorphisms) was determined. 

 

Scoring of Polymorphisms 

Putative polymorphisms were scored with a two-prong approach. First, a test 

of independence was used to identify a non-random association between alleles of a 

polymorphism among inbred lines. The null hypothesis is that the ratio of two alleles 

(read count of reference allele: read count of alternative allele) should be the same 



 

98  

among inbred lines in the absence of a segregating polymorphism. If the null 

hypothesis is rejected, there is a significant difference in the ratio of two alleles among 

inbred lines; thus, it is a segregating polymorphism (i.e., genotypic signal). For each 

detected putative SNP and indel, a 2 x 27 contingency table was built by counting the 

number of times each allele (i.e., read number) of an individual polymorphism was 

observed for an inbred line. All identified putative polymorphisms were treated as 

biallelic. If a putative polymorphism had three alleles (e.g., due to a sequencing error), 

the allele with the lowest frequency was discarded before populating the contingency 

table. In addition, columns pertaining to inbred lines without any reads were removed 

from the contingency table before implementing the test of independence. A Monte 

Carlo method was used for the empirical estimation of P values, with 1,000 random 

permutations and row and column totals fixed (Weir, 1996). 

Second, a Fisher’s exact test was used to determine if putative polymorphisms 

segregated in a manner that was consistent with expectations for a single-locus 

mapping polymorphism. Inbred maize lines have homozygous genotypes (e.g., AA or 

aa); therefore, the expectation is that individual inbred lines should be homozygous for 

either the reference or alternative allele (i.e., 100% of the reads should only report one 

allele). Segregating polymorphisms that map to multiple genomic positions will 

deviate from this homozygous expectation, which would most likely result from 

highly similar paralogous sequences. To determine the favored threshold for a given 

marker, we maximized the significance (P value) of the Fisher’s exact test for each 

polymorphism by testing proportions that ranged from 0.01 to 0.96 at increments of 

0.05. The significance of each proportion was compared to that obtained with the 0.5 

threshold. Single-locus polymorphisms will have a maximum threshold value near 0.5, 

while paralogous polymorphisms will have a maximum threshold value near 0.25 

(e.g., duplicated loci) or lower. Putative polymorphisms that had a maximum threshold 
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of 0.5 were scored as single-locus, while those that deviated from 0.5 were scored as 

paralogous.  

Putative polymorphisms with a test of independence P value of ≤ 0.01 and 

scored on ≥13 lines were considered statistically significant, regardless of issues with 

paralogy. All of the identified statistically significant polymorphisms are useful for 

GWAS, but only single-locus markers are ideal for studies of population genetics. 

 

Nucleotide Diversity and Genetic Differentiation 

Only single-locus SNPs scored on ≥ 20 inbred lines were used for conducting 

population genetics analyses on 15,179 BACs. Pairwise nucleotide diversity (π) was 

estimated separately for each BAC per Nei (1987). Subsequently, a moving average of 

9 BACs was applied to the estimates of pairwise nucleotide diversity, which simply 

served as a smoothing operation. All reported π estimates were per site values. To 

estimate the amount of genetic variation within and between tropical/subtropical 

(CML52-RIL, CML69, CML103, CML228, CML247, CML277, CML322, CML333, 

Ki3, Ki11, M37W, Mo18W, NC350, NC358, Tx303, and Tzi8) and temperate (B73, 

B97, HP301, Il14H, Ky21, M162W, Mo17, MS71, Oh43, Oh7B, and P39) 

subpopulations of maize, we calculated FST for each SNP per Weir and Cockerham 

(1984). Subsequently, FST values were averaged for each BAC. 

 

Linkage Disequilibrium and Recombination 

Linkage disequilibrium (LD) was estimated using squared allele-frequency 

correlations (r2) for pairs of loci as previously described by Remington et al. (2001). 

Only sites with a frequency of at least 0.10 for the rarer allele were included. Mean r2 

was estimated for each BAC using pairs of SNPs at five different physical distances 

within a BAC: 1-10 bp, 11-100 bp, 101-1,000 bp, 1,001-10,000 bp, and 10,001-
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100,000 bp. To calculate the population-recombination parameter C (4Nec) for each 

BAC per Hudson (1987), 1/ mean r2 was regressed on bp distance between sites. 

Similarly, a moving average of 9 BACs was applied to the C estimates. All reported C 

estimates were per site values. In addition, C estimates deemed as outliers were 

removed from the dataset. A physical estimate of recombination (R) was determined 

by calculating the ratio of genetic (cM) and physical (Mb) distances for every pair of 

contiguous markers on the NAM genetic linkage map (McMullen, in review). The 

genetic linkage map was constructed using the 25 linkage populations that comprise 

the maize NAM population (McMullen, in review). A 1 cM window was used to 

estimate R, and markers discordant between the physical and genetic maps were 

removed from the analysis. 

 

Descriptive Statistics and Statistical Correlations 

Descriptive statistics for π, LD, C, and FST were only reported for 12,357 

BACs, which had at least 2,000 independent sites (polymorphic or non-polymorphic) 

aligned to SBS reads. Autocorrelations for estimates of π and C were calculated with 

the AUTOREG procedure in SAS (SAS Institute, Cary, NC). Best-fit, non-linear 

regression (Microsoft Excel, Microsoft Corp., Redmond, WA) was used to determine 

the fraction of total variance explained (R2) by three models: C on π (power trendline), 

R on π (exponential trendline), and C on R (logarithmic trendline). Only a subset of 

1,686 BACs (i.e., every ninth BAC) was used in the non-linear regression analysis, 

which helped to reduce the number of observations in the model and levels of 

autocorrelation. The C and π estimates used in the non-linear regression analysis were 

those calculated using the 9 BAC moving average described in the previous section. 
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Sequence Features and Stepwise Regression 

BAC sequences (release 3a50) used for the sequence feature analysis were 

downloaded from the maize genome sequence database 

(http://www.maizesequence.org). CpG content and GC content were determined for 

unmasked BAC sequences. Repeat content was determined by counting the number of 

repeat masked bases for each masked BAC sequence. The number of genes per BAC 

was calculated using a list of protein-coding genes with corresponding BAC positions 

(http://www.maizesequence.org). The distance of each BAC from its respective 

centromere and telomere was calculated according to annotated physical positions of 

centromeres and telomeres (http://www.maizegdb.org). These data were joined with 

the subset of 1,686 BACs used in the non-linear regression analysis. 

Multiple linear regression using a stepwise procedure was performed with the 

GLMSELECT procedure in SAS (SAS Institute, Cary, NC). The SELECT=ADJRSQ 

option was used, with maximum steps equal to the number of independent factors (6 

or 7) in the model. R, C, or π was the dependent variable, while the six sequence 

features and R (only for C and π) were independent variables in a multiple linear 

regression model. The estimates of C, R and π were identical to those used in the non-

linear regression analysis, thus the results from the multiple linear regression-stepwise 

procedure were based on the same subset of 1,686 BACs. 

 

RESULTS AND DISCUSSION 

Construction of a dense SNP map 

To access the non-repetitive, recombinationally active regions of the maize 

genome, we constructed three types of restriction enzyme-anchored genomic libraries 

for each diverse line (see “MATERIALS AND METHODS”). Methylation-filtration 

(MF) HpaII libraries were constructed to allow the preferential sequencing of regions 
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that flanked unmethylated HpaII recognition sites, which are more abundant in genic 

and low-copy-number regions of the maize genome (Emberton et al., 2005; Yuan et 

al., 2002). Substantial genotypic-specific methylation differences were observed at 

allelic HpaII sites across the 27 diverse lines, which caused non-random missing 

sequence data (Ersoz, Chia, Ware, and Buckler, unpublished data). To eliminate this 

bias, we also constructed HpaII libraries using genomic DNA that was unmethylated 

via whole-genome amplification (WGA) at the expense of an increase in highly 

repetitive sequences. In addition, libraries enriched for low-copy-number sequences 

were constructed using BbvI, a type IIS restriction enzyme that complemented HpaII 

without sensitivity to cytosine methylation. 

We used Illumina sequencing-by-synthesis (SBS) technology (formerly known 

as Solexa sequencing) (Bennett, 2004) to resequence the “low-copy-number space” of 

the 27 lines. More than 1 billion SBS reads (>32 Gb) were generated via multiple 

sequencing runs on 81 genomic libraries. As expected, the majority of SBS reads from 

MF-HpaII and BbvI libraries mapped to unique positions on the unassembled, maize 

B73 reference genome sequence, while fewer low-copy-number SBS reads were 

observed in WGA-HpaII libraries (Figure 4.2). We achieved nearly 40-fold read  
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Figure 4.2. Percentage (%) of low-copy, high-copy, and unmapped SBS reads for all 
27 diverse lines by library type. There were many instances of overlapping Bacterial 
Artificial Chromosome (BAC) sequences. Therefore, SBS reads that mapped to ≤4 
positions on the unassembled, maize B73 reference genome sequence were considered 
unique, while those mapping to multiple positions (≥5) were deemed high-copy. SBS 
reads that could not be anchored to the reference genome sequence were considered 
unmapped. The observed proportions were expected for the MF-HpaII and WGA-
HpaII libraries, but the BbvI library contained more than the expected number of 
uniquely mapping reads. 

 

coverage depth of a low-copy-number fraction of the maize genome calculated to be 

100 Mb in size, but in total about 45% of the nucleotide bases in the maize genome 

were covered by SBS reads―albeit at mostly low-coverage (Figure 4.3).
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Figure 4.3. Number of Megabases (Mb) in the maize genome that was sequenced 
versus depth of genome base coverage. Coverage depth (i.e., oversampling of the 
genome) was calculated as the number of reads that aligned to a nucleotide base in the 
maize genome. Based on anchored BACs, the size of the B73 genome was estimated 
to be ~2400 Mb. 

We used a custom polymorphism discovery pipeline to identify putative 

single-nucleotide polymorphisms (SNPs) and indels between aligned SBS reads and 

the reference genome sequence. All detected variants were scored with a test of 

independence to identify those most likely to be true polymorphisms (see 

“MATERIALS AND METHODS”). A subset of 2,867,766 non-redundant SNPs and 

indels was successfully genotyped based on our set criteria, with these polymorphisms 

scored on ≥13 lines and mapping to positions that were not highly repetitive. In total, 

63,523,497 individual genotypes were determined for these SNPs and indels, with an 

average of 22 lines scored per polymorphism. There were no missing data for 25.1% 

of these polymorphisms, and 70.1% of them were scored on ≥20 lines. In addition, 

nearly 5% of the maize genome in ≥13 lines was covered by these polymorphisms 

with an average and median BAC inter-marker distance of 811 and 23 bp, respectively 

(Figure 4.4). 
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Figure 4.4. Distribution of BAC inter-marker distances for 2,867,766 non-redundant 
SNPs and indels. Inter-marker distances were only calculated within BACs. For ease 
of illustration, inter-marker distances >2000 bp were grouped. 

 

We used a Fisher’s exact test to determine if the scored polymorphisms 

mapped to a single locus or multiple loci (see MATERIALS AND METHODS). Of 

the 2.8 million non-redundant polymorphisms that were scored, the majority (65.1%) 

mapped to a single locus and of these 1,673,332 were SNPs. It was not surprising that 

10.5% of the 2.86 million polymorphisms were scored as “paralogous,” because it has 

been previously shown that at least one-third of an estimated 59,000 genes in the 

maize genome are duplicated (Blanc and Wolfe, 2004; Emrich et al., 2007; Messing et 

al., 2004). An additional 24.4% were scored as “potentially paralogous”, because the 

ratio of reference to alternative alleles was in agreement with both the sequencing 

error rate (~1%) and expectations for paralogy (Max. Threshold= 0.01) (see 

“MATERIALS AND METHODS”). With the addition of base quality score as another 

metric, it should be possible to minimize the number of false positives within the 

potentially paralogous class that were due to sequencing errors. Additionally, if 

several recombinant inbred lines (RILs) from the NAM population are SBS 
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resequenced, we will be able to use identity-by-descent (IBD) between founders and 

RIL progeny to decrease the total rate of false polymorphism discovery as well as 

improve the accuracy of the genome assembly. 

 

Genome variation and genetic diversity 

Even though permissive alignment parameters (allowing 2 SNPs and ≤ 3 bp 

indels) were employed for SBS read mapping, a modest fraction of low-copy-number 

reads could not be mapped to the maize B73 reference genome sequence. Compared to 

the number of unmapped, low-copy-number B73 reads, an average of 8.67% low-

copy-number reads in non-B73 founder lines were unmapped. This was most likely 

the consequence of high rates of divergence or insertion relative to the reference 

genome sequence (Figure 4.5). This estimate is in close agreement with observations 

based on the hybridization of gene-derived, 40 bp oligonucleotide (oligo) probes to 

B73 and Mo17 BAC libraries, which showed that 9.2% of hybridized probes were 

unique to Mo17 (Morgante et al., 2005). Based on the findings in our study, it is 

estimated that 25.7% of the low-copy-number space in the founders is highly 

dissimilar or inserted relative to the genome of B73 (Figure 4.5). It is possible that 

these unmapped SBS reads correspond to gene or pseudogene fragments that were 

copied and inserted by the Helitron family of transposable elements, a mechanism that 

has been implicated in the generation of extreme haplotype variability (e.g., presence/ 

absence of genes) among maize inbred lines (Brunner et al., 2005; Fu and Dooner, 

2002; Lai et al., 2005; Morgante et al., 2005). 
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Figure 4.5. Distribution of unmapped low-copy-number SBS reads across the founder 
lines. Based on the observed number of unmapped B73 reads, 4.21% of the B73 
genome was absent from the draft reference genome sequence. On average, 8.67% of 
non-B73 reads were unmapped when accounting for this missing B73 fraction. The 
non-B73 reads most likely correspond to sequences that are highly divergent or 
inserted relative to the B73 reference genome sequence. We estimated the 25.7% of 
the low-copy-number space in the founders is highly divergent or inserted relative to 
B73 by multiplying 8.67% by the corrected sample size for nucleotide diversity. 

 

We measured the level of genetic diversity at the nucleotide level by 

calculating pairwise nucleotide diversity (π) (Nei, 1987). Nucleotide diversity was 

estimated to have an average value of 0.45% per BAC, but ranged nearly 3 orders of 

magnitude among BACs―from 0.0013 to 1.20%. This average is 55 to 68% lower 

than that of Sanger sequencing-based estimates for maize genes (π=1-1.4%) 

(Tenaillon et al., 2001; Wright et al., 2005). The relatively low estimate of π based on 

Illumina SBS technology is primarily due to the less than expected number of 

singleton and doubleton SNPs in the dataset, which should theoretically account for 

43% of SNPs (Buckler et al, in review) (Figure 4.6). These low-frequency SNPs are 

absent from the dataset, because only moderate to high frequency SNPs with 
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genotypic signal passed our stringently set thresholds. Machine learning algorithms 

will be used to improve the calling of singletons and doubletons (Matukumalli et al., 

2006). In addition, our inability to align highly divergent haplotypes slightly lowered 

the estimates of π. 

 

 

 

 

 

 

 

 

 

 

 
Figure 4.6. Minor allele frequency (MAF) distributions for SNPs discovered by 
Sanger and Illumina SBS sequencing technologies on 27 diverse maize lines. 
Singletons (0.04 MAF) and doubletons (0.08 MAF) account for 43% of SNPs 
discovered via capillary-based Sanger sequencing of amplicons from the 27 diverse 
lines (Buckler, et al., in review). Conversely, singletons and doubletons only represent 
1.2% of SNPs discovered using SBS technology. These distributions are based on 
3,641 Sanger-based SNPs (www.panzea.org) and 15,817 SBS-based SNPs that were 
scored on all 27 lines. 

 

The presence of a non-random pattern of genome-wide nucleotide diversity 

was confirmed by first-order autocorrelation statistics (Figure 4.7). In general, the 

pattern of nucleotide diversity along the maize genome consisted of a large number of 

alternating “narrow peaks” and “wide valleys” (Figure 4.8). The 5% most diverse  
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Figure 4.7. Autocorrelation plot of pairwise nucleotide diversity (π) and population-
recombination (C) as a function of physical distance. There were not any instances of 
overlapping BAC sequences at lag 2, but there were at lag 1. There was a moderately 
high autocorrelation of 0.40 for π at lag 2 (Durbin-Watson test; P<0.0001), which 
gradually decreased to a background level autocorrelation of 0.25. In the case of C, 
there was a modest autocorrelation of 0.30 at lag 2 (Durbin-Watson test; P<0.0001). 
The background level autocorrelation for C was 0.17. The approximate physical 
distance between consecutive lags is 157 Kb (average BAC size). 

 

BACs formed 123 multi-BAC peaks that had a mean size of ~340 kb. In contrast, the 

5% least diverse BACs comprised 122 multi-BAC valleys that had a mean size of 

~600 kb and an underlying distribution that was statistically significant from that of 

the multi-BAC peaks (Wilcoxon-Mann-Whitney test; P <0.0001). Moreover, 21 

(17.2%) of the multi-BAC valleys were >800 Kb in size, whereas all of the multi-BAC 

peaks were <800 Kb. Not all of the >800 Kb valleys were associated with centromeric 

or pericentromeric regions (Figure 4.8), which have been shown here and in previous 

work (Rafalski and Ananiev, 2009) to contain extensive stretches of low nucleotide 

diversity. 
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Figure 4.8. Genome-wide patterns of pairwise nucleotide diversity (π) and population-
recombination (C). Pairwise nucleotide diversity (blue) and population-recombination 
(red) were plotted as a BAC average along each chromosome. Yellow squares denote 
the purported location of centromeres, and physical distance is measured in Mb. In 
general, there was a reduction in π and C near the centromeres, but π and C were also 
significantly reduced at other numerous locations throughout the genome. 
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Evolutionary forces appear to have shaped genetic diversity 

Selection offers one explanation for the observed patterns of diversity across 

the maize genome. Two contrasting models predict an interaction between selection 

and recombination could explain these observed levels and patterns of nucleotide 

diversity. Under the selective-sweep model, diversity is lost as selection fixes 

advantageous alleles and nearby linked variants (Kaplan et al., 1989; Maynard-Smith 

and Haigh, 1974). Conversely, the background selection model postulates that 

diversity is lost as deleterious alleles are continuously purged (i.e., negative selection) 

from a population (Charlesworth et al., 1993; Hudson and Kaplan, 1995). Both models 

posit a loss of diversity at sites linked to a locus under selection, and that the reduction 

in polymorphism is most extreme in regions of low recombination. In support of the 

first hypothesis, detailed analysis of one of the diversity valleys on chromosome 10 

suggests the effect of strong positive selection—a process that greatly reduced the 

diversity of 15 or more genes (Tian et al., 2009). In addition, the local recombination 

rate at this 1.1 Mb “sweep” was estimated to be 5-fold lower than the genome average. 

However, none of the other 20 valleys >800 Kb in size surrounded known major effect 

genes that were a target of strong positive selection during maize evolution, which 

implies that other uninvestigated traits have been the target of selection.  

To gain further insight into the importance of selection, we investigated the 

influence of recombination on nucleotide diversity by estimating the population-

recombination parameter C (4Nec), which measures the rate of recombination in the 

history of a population (Hudson, 1987). Population-recombination was estimated to 

have an average value of 0.002 ± 0.0005 per site, but ranged 1350-fold among BACs. 

In general, this average is lower than previously reported estimates based on maize 

genes (Tenaillon et al., 2001; Tenaillon et al., 2002), which tend to be more 

recombinationally active than other genomic regions (Fu et al., 2002; Fu et al., 2001; 
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Yao et al., 2002). Similar to nucleotide diversity, an autocorrelated pattern of peaks 

and valleys was observed for C across the maize genome (Figures 4.7 and 4.8). A 

significant positive correlation (R2= 0.48; P <0.0001) was detected between estimates 

of nucleotide diversity (π) and C (Figure 4.9), as hitchhiking and background selection 

models predict that recombination and SNP diversity are positively correlated 

(Charlesworth et al., 1993; Hudson and Kaplan, 1995; Kaplan et al., 1989; Maynard-

Smith and Haigh, 1974). Although to explicitly detect the effects of hitchhiking and 

background selection, we will need to empirically test for signatures of selection (e.g. 

Tajima’s D and HKA Tests) (Hudson et al., 1987; Tajima, 1989). Regardless of the 

evolutionary force, the strength of the correlation between π and C exceeds what has 

been previously reported in Drosophila melanogaster (Begun and Aquadro, 1992) and 

Arabidopsis thaliana (Kim et al., 2007).  

In addition to examining C, a physical estimate of recombination (R) was 

determined by calculating the ratio of genetic (cM) and physical (Mb) distances for 

every pair of contiguous markers on the multi-population NAM genetic linkage map 

(McMullen et al., in review). A significant positive correlation (R2= 0.24; P <0.0001) 

was detected between C (i.e., ancestral recombination) and R (i.e., recent 

recombination), which indicates that some rates and patterns of recombination in the 

genome have remained unchanged throughout the evolution of maize. In contrast to C, 

which is inversely related to the expected amount of linkage disequilibrium (LD) 

between segregating sites, R measures recombination rate per physical distance and 

thus is unaffected by population history, selection, and demography (e.g., population 

bottleneck, population size, etc.) (Pritchard and Przeworski, 2001; Tenaillon et al., 

2002). In that light, we detected a strong positive correlation (R2= 0.32; P <0.0001) 

between R and π, which suggests that other factors such as genome structure have also 

affected the levels and patterns of nucleotide diversity in maize. 
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Figure 4.9. Correlations between two estimates of recombination (R and C) and 
between estimates of recombination and nucleotide diversity (π). These correlations 
were based on 1,686 BACs. Non-linear regression lines, coefficient of determination 
(R2), and P values are given. 
 

Impact of genome features on genetic diversity 

In an attempt to identify which attributes of the genome impacted nucleotide 



 

114  

diversity, we partitioned the effect of recombination rate (R) from that of several 

sequence features using a stepwise regression analysis. Repeat content, CpG content, 

gene content, GC content, and distance to telomeres and centromeres were included in 

the analysis, because all have previously been shown to associate with recombination 

and/or mutation rate (Hellmann et al., 2005; Kong et al., 2002). We found that R and 

two other sequence features explained 33.7% of the total variance in nucleotide 

diversity (π) levels. The single best predictor of nucleotide diversity was R (R2= 0.29), 

followed by repeat content (R2= 0.03) and CpG content (R2= 0.01). Interestingly, the 

examined sequence features were found to be stronger predictors of R rather than of 

nucleotide diversity (Figure 4.10), which supports the claim that genome structure and 

composition underpin the recombination-rate gradient along maize chromosomes 

(Fengler et al., 2007; Schnable et al., 1998). 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Figure 4.10. Plot of the correlation between sequence features and two estimates of 
recombination (R and C) as well as pairwise nucleotide diversity (π). The proportion 
of the total variance explained (partial R2) by a statistically significant association is 
numerically denoted. Only sequence features that were significant in a multiple linear 
regression model using a stepwise procedure are included in the illustration. Gene 
content and GC content were significantly correlated with R, C, and π in a single linear 
regression model, but not when using multiple linear regression with a stepwise 
procedure. These correlations were based on a subset of 1,686 BACs.  
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Despite the inclusion of several sequence features, recombination remained the 

principal predictor of nucleotide diversity levels in maize, as was concluded in human 

(Hellmann et al., 2005). Recombination itself could be mutagenic, although strong 

evidence of this phenomenon in plants and other multi-cellular organisms is limited 

(Gaut et al., 2007). To investigate the likelihood of this phenomenon, we will need to 

estimate and compare the sequence divergence rates between maize and sorghum at 

these surveyed regions (Begun and Aquadro, 1992). It is unknown whether repeat 

content and CpG content truly associate with mutation rate, as it is possible that these 

two features  associate with other factors that directly impact mutation rate such as 

epigenetic events, chromatin structure, or DNA replication rate (Hellmann et al., 2005; 

Jensen-Seaman et al., 2004; Walser et al., 2008). Taken together, these results imply 

that the interplay between selection and recombination, along with other demographic 

factors (e.g., selection bottleneck) rather than differential mutation rate has primarily 

caused diversity to vary substantially across the maize genome. Similar findings were 

reported in studies of Drosophila (Begun and Aquadro, 1992) and human (Hellmann 

et al., 2005).  

 

Evidence for local selection in breeding populations 

To measure the amount of genetic variation within and between temperate and 

Tropical or Semitropical (TS) subpopulations, FST was calculated for each BAC. FST 

measures the proportion of the total genetic variance in a subpopulation as a fraction 

of the total genetic variance (Weir and Cockerham, 1984). The 27 diverse lines were 

separated into temperate or TS subpopulations according to the findings of a previous 

model-based clustering analysis (Liu et al., 2003). The temperate group consisted of 

seven Non Stiff Stalk (NSS) lines, including a Stiff Stalk (SS; B73) line and three 

specialty lines (HP301 popcorn; Il14H and P39 sweet corn) that have a large 
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contribution from Northern Flint germplasm. The TS group consisted of 16 maize 

lines that are more representative of lowland than highland tropical germplasm. 

FST between groups was 0.038 ± 0.045—a low level of differentiation—with 

FST for each BAC ranging from -0.06 to 0.32. Similarly, Liu et al. (2003) showed a 

low level of differentiation between TS and NSS (FST= 0.06), but their study showed 

increased differentiation between TS and SS (FST= 0.47) as well as the specialty lines 

and TS (FST= 0.52-0.58). In general, moderate to high frequency SNPs were shared 

between temperate and TS groups, although there were 157 BACs with an FST value 

greater than 0.18 (P= 8.2 x 10-4). It is possible that local selection has resulted in these 

extreme FST values, as large FST values have been used to identify candidate loci that 

have undergone recent positive selection in human populations (Hinds et al., 2005). If 

this is indeed the case, one would suspect that these regions contain genes underlying 

adaptive traits such as flowering time, photoperiod sensitivity, temperature adaptation, 

or stress tolerance. We need to further investigate if adaptive trait quantitative trait loci 

(QTL) identified in the NAM population co-localize with these regions purportedly 

involved in local adaptation. 

 

Prospects for GWAS in diverse maize 

Linkage disequilibrium (LD), the non-random association of alleles at different 

loci (Hedrick, 1987), was analyzed at genome-wide resolution across the 27 diverse 

lines. In concordance with previously reported LD estimates in maize (Remington et 

al., 2001; Whitt et al., 2002), on average, LD decays to nominal levels (mean r2 <0.10) 

within 2,300 bp and reached 50% of its starting value at about 100-200 bp (Figure 

4.11). The extent of LD also varied greatly across the genome, as it is essentially the 

inverse of C (Pritchard and Przeworski, 2001). In general, the rate of LD decay was 

rapid in regions of high recombination and diversity, and vice versa.  
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Figure 4.11. The average decay of LD across the length of a BAC. Mean r2 was 
plotted as a function of average distance between SNPs, and mean r2 was calculated at 
distances of 1-10 bp, 11-100 bp, 101-1,000 bp, 1,001-10,000 bp, and 10,001-100,000 
bp within a BAC. The LD plot was based on 1,247 BACs that had at least 50 SNPs at 
a distance of 1-10 bp. Non-linear regression lines, coefficient of determination (R2), 
and P value are given. 

 

A major impetus for this work was to discover markers for genome-wide 

association studies (GWAS) in diverse maize. With the current dataset of 1.67 million 

single-locus SNPs, we estimated that only ~50% of the SNPs were in high LD (r2 

>0.8) with at least one other SNP in the dataset (data not shown). Therefore, to obtain 

maximum power for GWAS using the maize nested association mapping (NAM) 

population, we will need to construct a more complete HapMap with contiguous 

coverage to ensure that almost every polymorphism is in high LD (r2 ≥ 0.8) with a 

robustly scored SNP (Wang et al., 2005). Given the rapid rate of LD decay in a highly 

diverse genome, we estimate that we will need to identify a total of 10-30 million 

SNPs for powerful GWAS in diverse maize. If this goal is to be achieved, it will be 

necessary to resequence nearly the entire genome of each founder line. 
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