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ABSTRACT
Sequencing has revolutionized our approaches to understanding diversity and
assessing biological questions. Multiple sequencing methods have been developed to catalog
the genetic diversity of maize. The large size of the maize genome has made reduced
representation sequencing an efficient approach to cataloging the diversity of maize. To
assess diversity, tGBS, a reduced representation sequencing method, was developed to
accurately genotype homozygous and heterozygous loci in a flexible manner, which stands in
contrast to currently available GBS methods. tGBS provides genotyping accuracies of > 97%
estimated from multiple maize populations, even at heterozygous loci.
However, whole-genome sequencing and de novo genome assembly provide
improved detection of certain forms of genetic variation, such as structural variation, at
increased cost. Linked read sequencing, which incorporates long molecule information, has
the potential to provide variant calls via efficient genome assembly. To test the use of linked
read sequencing for structural variant discovery and reference genome assembly, the quality
of a de novo genome assembly constructed from maize inbred line using the linked read
strategy was assessed. An assembly with ~120k contigs covering 50% of the genome was
developed, and the assessed accuracy was determined to be high. Repeat content remains a
challenge in maize linked read assembly, but appears to contain patterns that may be resolved
using further computational developments.
In addition to cataloging diversity, the process of recombination that generates and
distributes variants must be understood. To better understand the distribution of
recombination in genes which may generate new haplotypes or novel alleles, reduced
representation sequencing was performed to identify thousands of crossovers and gene
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conversions. Intragenic recombination was shown to generate transgressive expression
patterns. While intragenic crossovers localize to the 5’ ends of genes, gene conversions
exhibit a random distribution. Furthermore, recombination is enriched in genomic regions
with high levels of synteny, which may be a cause or a consequence of the maintenance of
synteny.
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CHAPTER 1. INTRODUCTION
Introduction
Importance of genetic diversity in maize
Genetic diversity underlies much of the phenotypic diversity present within and
between species. When phenotypic variation is present, studies of genetic diversity facilitate
the identification of causal genetic variants through quantitative trait loci mapping or
genome-wide association studies. As a species, maize contains a high level of genetic
diversity (1) and is economically one of the most important crop species worldwide. Maize is
also a model organism with a high-quality reference genome (2) and numerous genetic
resources, such as mapping populations (3,4), diversity populations (5,6), and large sets of
markers (7,8), which can be used to study genetic variation. Knowledge of this genetic
variation allows targeted selection for desirable traits and against undesirable traits (9). While
breeding does not require specific genetic information to be successful, the use of genetic
markers increases the efficiency of breeding by increasing the genetic diversity of a region
and therefore the strength of selection and decreasing the number of generations required
(10). Cataloging diversity also allows breeders to maintain diversity in the germplasm, an
important goal as new challenges such as changing temperatures and precipitation (11,12)
require the presence of variants that may no longer be present in current elite varieties.
Sequencing to understand genetic diversity
The first version of the maize reference genome, based on the commercially important
line B73, was generated from sequencing of a minimum tiling path of bacterial artificial
clones (BACs) that were oriented by restriction enzyme BAC fingerprinting and integrating
genetic and sequence-based markers (2). While this assembly method produced a very high-
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quality reference genome, the cost was also high. In addition, while B73 has a high-quality
reference, the large amount of diversity in maize means that a single genome is not
representative of the species. Genome assemblies for non-B73 lines are being developed
using primarily whole genome shotgun sequencing, but they remain fragmented due to the
limitations of assembling short read sequences, particularly in repetitive regions. Long reads,
such as those generated from PacBio sequencing, are being incorporated to generate longer
sequences; however, long reads contain more errors than short reads (13,14). Dovetail
Genomics’ Hi-C (15) and cHiCago (16), Illumina’s Tru-seq Synthetic Long-Reads (17), and
10x Genomics’ Linked Reads (18) offer alternative sequencing strategies based on short read
technology with long-molecule information, but many of these strategies have not been
assessed in maize.
While the cost of sequencing has continued to decrease, whole genome sequencing of
large numbers of maize lines is still not efficient for genotyping when a complete reference
genome is not necessary. Whole genome sequencing is beneficial for structural variant
discovery (19), but the high repeat content and complexity of the maize genome makes de
novo genome assembly from whole genome shotgun sequencing difficult. Therefore, recent
research has focused on effective strategies of genome reduction for genotyping and alternate
strategies to assist in genome assembly.
One popular method of genome reduction is exome sequencing, performed by
targeting through a sequence capture or RNA extraction process, which has been successfully
used to identify maize polymorphisms in expressed regions (20). However, RNA-sequencing
is limited since only genes expressed in the collected tissue can be genotyped and variation in
expression across lines or tissues generates missing data. Genotyping via reduced
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representation sequencing of DNA has been primarily performed in maize using a
genotyping-by-sequencing method, GBS (21). GBS has been used in a number of genomic
selection (22), genome-wide association (23), and population analysis studies (24,25). While
powerful, GBS is limited by high amounts of missing data and often lacks sufficient read
depth to call heterozygous sites accurately (26,27).
Assessment of genetic and phenotypic diversity in maize
Numerous resources have been developed in maize to assess diversity. Biparental
populations have been used to track traits and genetic variants that segregate in progeny.
Recombinant inbred lines (RILs) in maize are a particularly valuable resource as RIL
individuals are inbred and can be maintained indefinitely through selfing. For example, the
maize intermated B73 and Mo17 recombinant inbred line (IBM RIL) population (3) has been
used to map causal variants for phenotypes such as metabolism (28), rates of recombination
(29), disease resistance (30), and nutrient content (31), and to understand the genomic
structure and properties of the maize genome (32-36). After the successful utilization of the
IBM RIL population, the nested association mapping (NAM) population was developed to
sample the vast diversity of maize in a manageable population size (4). The NAM RILs,
derived from crosses with B73, have been studied often in conjunction with the IBM RILs.
With the development of a high-quality reference genome, the use of sequencing to
assess genome diversity in maize has expanded greatly. Numerous lines have undergone
transcriptome sequencing, including the IBM and NAM founders (37). The third generation
maize HapMap was recently released (7). This dataset contains over 60 million variants
identified from reduced representation sequencing of ~1,200 lines. Reduced representation
sequencing is also being used to quantify diversity in seed banks (23).
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Most commonly, alignments to the genome with transcriptome and reduced
representation sequencing are typically used to identify single nucleotide polymorphisms or
small insertions/deletions. However, maize also contains large amounts of genomic structural
variation, which has been studied by de novo assembly and read depth assessment in
numerous studies (8,38-41). All of these genetic resources are being applied to identify genes
and regulatory regions controlling important phenotypes.
Recombination shuffles diversity in maize
A thorough assessment of the diversity of maize and other species is necessary to
perform genomic selection and other targeted breeding strategies. In addition, knowledge of
how these variants are shuffled and passed from generation to generation is also necessary.
Meiotic recombination is the process by which parents exchange genetic information to pass
recombinant alleles to offspring. The distribution of recombination in the genome determines
how often haplotypes are shuffled.
Recombination can be assessed in two ways: directly by tetrad studies (42) or
indirectly through diversity (43) or structured (44) populations. In maize, tetrads are quite
difficult to assess due to the limited sequencing that can be performed on each cell of the
tetrad (45). Therefore, most maize recombination studies rely on assessment of populations.
In maize, recombination has been found to be associated with the distribution of genes, with
higher rates of recombination in the gene-rich chromosome arms and lower rates of
recombination in centromeres (25,46,47). Mu insertions, which are distributed similarly to
recombination, occur preferentially in genes and suggest recombination may also occur in
genes (48). Supporting this hypothesis, intragenic recombination events have been identified
in individual genes in maize (49-53) From a limited genome-wide study, these intragenic
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recombination events appear to occur preferentially in the 5’ end of genes (45). Intragenic
recombination has been shown to generate novel phenotypes (54), primarily on a gene-bygene basis in a number of species (52,53,55,56), but a global perspective of the direct
phenotypic effects of intragenic recombination in maize is lacking. Gene conversions, a
unidirectional exchange of genetic material during recombination, can also generate novel
phenotypes (57). Further expansion of our understanding of recombination, particularly
recombination in genes that can generate novel alleles and phenotypes, is needed. Genetic
markers from reduced representation or whole genome sequencing are required to identify
recombination events, and the development of whole genome assemblies will allow the longrange effects of recombination to be assessed.

Research Goals
Accurately genotype heterozygous sites and rare alleles via a novel genotyping-bysequencing method
Genotyping-by-sequencing (GBS) has been performed in maize to genotype a number
of diversity panels. With GBS, the identification of genetic variants for large numbers of
individuals is feasible. Genotyping can be used for quantitative trait loci mapping, genomewide association studies, or genetic mapping. However, current methods suffer from high
rates of missing data and low read depth per site, which makes genotyping heterozygous sites
in particular inaccurate. In addition, minor allele frequency filters are required to ensure
accurate genotyping in GBS, which limits the discovery of rare alleles. In response, the first
goal of this research was to develop a flexible genotyping-by-sequencing method to provide
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greater read depth per site across individuals to facilitate the discovery of rare alleles and
provide accurate heterozygous genotyping (Chapter 2).
Assess the linked read strategy for accuracy of de novo maize genome assembly
Multiple genome assemblies are being developed in maize in an attempt to catalog
the full genetic diversity of the species. Maize has a particularly repetitive genome. Wholegenome shotgun has been the most efficient sequencing approach, but often cannot be used
to distinguish complex repeats in the maize genome during assembly. Additional
technologies are being developed to address the challenges of genome assembly, though
most development has been targeted at and validated in the less repetitive human genome. In
response, the second goal of this research was to apply the linked read technology, a long
molecule sequencing strategy, to the maize inbred line, B73, and to assess the quality of and
identify improvements for the resulting de novo assembly (Chapter 3).
Understanding the distribution, effects, and consequences of maize genic recombination
Recombination shuffles haplotypes within species to generate novel genetic variation.
Individual studies have assessed intragenic recombination on a gene-by-gene basis, and
genome-wide patterns of recombination have been assessed. However, genome-wide studies
of intragenic recombination are lacking, and the relationship between recombination and
genome evolution, especially for species with genome duplications, is not fully understood.
The third goal of this research was to globally assess the phenotypic effects of genic
recombination patterns in maize, particularly in regions of conserved or non-conserved gene
order and content (Chapter 4).
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Dissertation Organization
This dissertation includes a general introduction (Chapter 1), three journal
manuscripts (Chapters 2-4), and general conclusions (Chapter 5). The paper in Chapter 2,
which is currently under review in Nucleic Acids Research, reports a novel genotyping-bysequencing strategy, tGBS, for accurate genotyping of heterozygous sites. My contributions
include optimizing tGBS protocols via wet lab experiments, experimental design to test the
accuracy of tGBS, data analyses from the accuracy experiments, and writing the paper in
collaboration with Dr. Patrick S. Schnable. The co-first author, Dr. Sanzhen Liu, developed
the method and contributed to the experimental design and writing the paper. The paper in
Chapter 3, which is being prepared for submission to Genome Biology, applies the linked
read technology to a previously sequenced maize inbred line (B73) to assess accuracy of the
Supernova assembly. My contributions include testing and development of protocols for the
isolation of high molecular weight DNA, design and analysis of all of the tests of assembly
accuracy, and writing the paper in collaboration with Dr. Patrick S. Schnable. The paper in
Chapter 4, which is being prepared for submission to Molecular Biology and Evolution,
identifies novel expression patterns from intragenic recombination, which occurs
preferentially in syntenic regions. My contributions include analysis of the syntenic and gene
conversion data, interpretation of the results involving gene synteny and gene conversion,
and writing the paper in collaboration with Dr. Patrick S. Schnable. The co-first author, Dr.
Sanzhen Liu, contributed to experimental design and data analysis, and the co-first author,
Dr. James Schnable, contributed to data analysis and interpretation of results.
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CHAPTER 2. tGBS® GENOTYPING-BY-SEQUENCING ENABLES RELIABLE
GENOTYPING OF HETEROZYGOUS LOCI

A manuscript under review at Nucleic Acids Research
See supplemental information in Appendix A
Alina Ott1†, Sanzhen Liu1,2,4*†, James C. Schnable3,4, Cheng-Ting “Eddy” Yeh1,4, Kai-Sin
Wang4, Patrick S. Schnable1,4

1

Department of Agronomy, Iowa State University, Ames, IA 50011-3650, USA

2

Department of Plant Pathology, Kansas State University, Manhattan, KS 66506, USA

3

Department of Agriculture and Horticulture, University of Nebraska-Lincoln, Lincoln, NE

68588, USA
4

†

Data2Bio LLC, Ames, IA 50011-3650, USA

Alina Ott and Sanzhen Liu contributed equally to this work.

Abstract
Conventional genotyping-by-sequencing (cGBS) strategies suffer from high rates of
missing data and genotyping errors, particularly at heterozygous sites. tGBS® genotyping-bysequencing is a novel method of genome reduction that employs two restriction enzymes to
generate overhangs in opposite orientations to which (single-strand) oligos rather than
(double-stranded) adaptors are ligated. This strategy ensures that only double-digested
fragments are amplified and sequenced. The use of oligos avoids the necessity of preparing
adaptors and the problems associated with inter-adaptor annealing/ligation. Hence, the tGBS
protocol simplifies the preparation of high-quality GBS sequencing libraries. During PCR
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amplification, selective nucleotides included at the 3’-end of the PCR primers result in
additional genome reduction as compared to cGBS. By adjusting the number of selective
bases, different numbers of genomic sites are targeted for sequencing. Therefore, for
equivalent amounts of sequencing, more reads per site are available for SNP calling. Hence,
as compared to cGBS, tGBS delivers higher SNP calling accuracy (>97-99%), even at
heterozygous sites, less missing data per marker across a population of samples, and an
enhanced ability to genotype rare alleles. tGBS is particularly well suited for genomic
selection, which often requires the ability to genotype populations of individuals that are
heterozygous at many loci.

Introduction
A fundamental goal of biology is to link variation in genotype with variation in
phenotype. Achieving this goal requires accurate methods for measuring both genotypes and
phenotypes. The development of polymerase chain reaction (PCR) made feasible assays of
genotypic variation between individuals on a scale never before achieved (1). The
introduction of fluorescent dyes and hybridization technology have enhanced the reliability,
improved the sensitivity, and increased the throughput of genotyping assays (2-4). In the last
decade, advances in DNA sequencing technologies and substantial cost reduction have made
it possible to genotype individual organisms via sequencing (5,6). Genotyping using
sequence data can incorporate marker discovery and marker scoring into a single process,
reducing the ascertainment bias inherent in many other PCR- or hybridization-based
genotyping approaches which are designed to score a pre-defined set of markers.
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The most comprehensive form of genotyping using sequence data is complete
resequencing of the genomes of individuals of interest at sufficient depth to identify
polymorphisms. However, for many eukaryotic species this approach is still cost prohibitive
given their genome sizes. Various genome reduction strategies have been developed to target
only a subset of an organism’s genome for sequencing, thereby reducing the total amount of
sequence data needed per individual. The most common genome reduction approach is to
sequence genomic loci flanked by restriction enzymes (REs). Other methods substitute
amplification for enzymatic digestion, e.g., RAPiD-Seq (7), SLAF-seq (8), and NextRAD
(9).
One well-known next generation sequencing-based genotyping strategy that utilizes
REs as a method of genome reduction is RAD-Seq (10). While RAD-Seq and related
methods such as CRoPS (11), MGS (12), GBS (13), double digest RADseq (14), 2b-RAD
(15), and RESTSeq (16) represented a significant advance in reducing cost and increasing
throughput relative to whole genome resequencing, the initial protocols included labor
intensive and costly steps such as physical shearing of DNA molecules and enzymatic end
repair to process DNA. A number of modified protocols focused on increasing the stringency
of genome reduction. Even so, current methods often still target hundreds of thousands to
millions of sites per genome. As a result, given a reasonable amount of sequencing, read
depths per site are often quite low, resulting in any given site not being sequenced in a subset
of individuals, leading to high levels of missing data and problems detecting rare alleles (17).
Low read depths also result in higher error rates especially at heterozygous loci where low
numbers of aligned reads increase the risk that only one of the two alleles present will be
represented (18). This limits the use of these methods primarily to inbred lines, or requires

16
more sequencing per individual to increase read depths, thereby reducing the advantages
gained from genome reduction.
In practice, the ideal level of genome reduction varies depending on the size of the
target genome, the nature of the population being sequenced, the prevalence of polymorphic
loci in a population, and the research goals. Ascertaining phylogenetic relationships can often
be achieved using only a few hundred markers. Mapping QTLs within an F2 or RIL
population will generally benefit from genotyping several thousand markers. Genome-wide
association studies (GWAS) may require anywhere from tens of thousands to millions of
markers depending on the level of linkage disequilibrium in the population. In principle each
of these needs could be addressed by separate genome reduction methods. However, such an
approach would mean very few markers would be shared across different datasets generated
for different initial aims, limiting interoperability and data reusability.
Here, we describe a new method of genotyping-by-sequencing. This method provides
the ability to adjust the number of targeted sites according to research goals by modifying a
single primer in the protocol. In addition, unlike the genome reduction methods described
above, this method utilizes oligonucleotides (oligos, which by definition consist of a single
strand of DNA) in place of adaptors, which by definition consist of two annealed oligos and
are therefore always double-stranded. The use of adaptors requires the careful annealing of
the two oligos prior to use, and accurate quantification to obtain the proper ratio of adaptors
to DNA templates to achieve efficient ligation. In contrast, the preparation and accurate
quantification of oligos are simple, substantially enhancing the reliability of tGBS library
preparation.
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Our results demonstrate that sequencing reads from tGBS libraries are highly
enriched at target sites and produce higher average read depths per target site given the same
number of reads per sample employed by conventional genotyping-by-sequencing (cGBS)
strategies. As a consequence of the high average read depth per site, a low fraction of missing
data and high repeatability in SNP calls among individuals is obtained, avoiding the need for
extensive imputation. Finally, tGBS exhibits high accuracy in genotyping both homozygous
(>97%) and heterozygous (>98%) loci, which makes it possible to accurately genotype noninbred populations such as F1BC1s and F2s which are widely used in both genetic research
and selective breeding programs, including those involving genomic selection (19).

Materials and Methods
Extraction of DNA Samples
DNA samples from the inbred lines B73, Mo17, and the NAM founders (20) were
extracted from 6-day old seedling tissue using the DNeasy Plant Maxi Kit [QIAGEN
(Valencia, CA), No. 68163]. The 232 B73xMo17 recombinant inbred lines (IBM RILs) (39)
and the 192 F2 individuals were extracted from 6-day old seedling leaf tissue using the
MagAttract 96 DNA Plant Core Kit [QIAGEN (Valencia, CA), No. 67163]. Samples were
normalized using the Qubit dsDNA Broad Range Assay [ThermoFisher (Waltham, MA), no
Q32853].
tGBS procedure
Approximately 120 ng of genomic DNA from each sample was digested with 100
units of NspI [New England Biolabs (Beverly, MA), No. R0602L] and 400 units of BfuCI
[New England Biolabs (Beverly, MA), No. R0636L] in NEB CutSmart Buffer 4 in a 30 µL
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volume at 37°C for 1.5 hr following the manufacturer’s protocol. Unique, barcoded oligos
(100 µM) and a universal single-strand oligo (100 µM) were added to each sample for
ligation with T4 DNA ligase [New England Biolabs (Beverly, MA), No. R0602L]. Ligation
was performed at 16°C for 1.5 hr in a 60 µL volume following the manufacturer’s protocol.
The T4 DNA ligase was inactivated by incubation at 80°C for 20 min. All digestion-ligation
products were pooled and 1 mL of pooled product was purified using the QiaQuick PCR
purification kit [QIAGEN (Valencia, CA), No. 28106]. The pooled, purified digestionligation product was used as the template for a single selective PCR reaction using a selective
primer (100 µM), an amplification primer (100 µM), and Phusion High-Fidelity PCR Master
Mix with HF Buffer [New England Biolabs (Beverly, MA), No. M0531L]. The PCR
program consisted of 95°C for 3 min; 15 cycles of 98°C for 15 s, 65°C for 20 s, 72°C for 20
s; and a final extension at 72°C for 5 min. The selective PCR product was purified using a
1:1 ratio of Agencourt AMPure XP Beads [Beckman Coulter, Inc. (Brea, CA), No. A63880].
The purified selective PCR product was used as the template for a single, final PCR reaction
using primers for the Proton platform and Phusion High-Fidelity PCR Master Mix with HF
Buffer [New England Biolabs (Beverly, MA), No. M0531L]. The PCR program consisted of
98°C for 3 min; 10 cycles of 95°C for 15 s, 65°C for 20 s, 72°C for 20 s; and a final
extension at 72°C for 5 min. The final PCR product was purified using Agencourt AMPure
XP Beads [Beckman Coulter, Inc. (Brea, CA), No. A63880]. The purified final PCR product
underwent size selection for a target of 200-300 bp using the 1.5% Agarose DNA cassette for
the BluePippin [Sage Science (Beverly, MA), No. HTC2010]. The size-selected final PCR
product was run on a Bioanalyzer High Sensitivity DNA chip to quantify and ensure proper
size selection [Agilent Technologies (Santa Clara, CA), No. 5067-4626]. Oligo and primer
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sequences for the Proton and Illumina sequencing platforms are provided in Supplementary
Tables 1 and 2, respectively.
Sequencing on the Ion Proton
tGBS libraries were sequenced on Life Technologies’ Ion Proton Systems following
the Ion PI Hi-Q Sequencing 200 Kit User Guide (Revision C.0) at Iowa State University’s
Genomics Technologies Facility. Template preparation was performed with the Ion PI Hi-Q
OT2 200 Kit [Thermo Fisher (Waltham, MA), No. A26434] on the Ion Onetouch 2 System.
Sequencing runs were performed using the Ion PI Hi-Q Sequencing 200 Kit [Thermo Fisher
(Waltham, MA), No. A26433] and the Ion PI Chip Kit v3 [Thermo Fisher (Waltham, MA),
No. A26771] at 300 flows.
Debarcoding and cleaning of tGBS reads
Sequencing reads were analyzed with a custom Perl script (available at
https://github.com/orgs/schnablelab) which assigned each read to a sample and removed the
associated barcode. Each debarcoded read was further trimmed to remove Proton adaptor
sequences using Seqclean (sourceforge.net/projects/seqclean) and to remove potentially
chimeric reads harboring internal restriction sites of NspI or BfuCI. Only reads with the
correct barcodes and restriction enzyme sites were retained for further processing. Retained
reads were subjected to quality trimming. Bases with PHRED quality value <15 (out of 40)
(18,19), i.e., error rates of 3%, were further removed with another custom Perl script. Each
read was examined in two phases. In the first phase reads were scanned starting at each end
and nucleotides with quality values lower than the threshold were removed. The remaining
nucleotides were then scanned using overlapping windows of 10 bp and sequences beyond
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the last window with average quality value less than the specified threshold were truncated.
The trimming parameters were as referred to in the trimming software, Lucy (23,24).
Alignment of reads to reference genome
Cleaned reads were aligned to the B73 reference genome (AGP v2) (25) using
GSNAP (26). Only confidently mapped reads were used for subsequent analyses, which are
uniquely mapped with at least 50 bp aligned, at most 2 mismatches every 40 bp and tail of
less than 3 bp for every 100 bp of read.
SNP discovery
The resulting confident alignments were used for SNP discovery. Reads at each
potential SNP site were counted. A site was considered interrogated if it was covered by at
least five reads. At each interrogated site, each sample was genotyped individually using the
following criteria: a SNP was called as homozygous in a given sample if at least five reads
supported the genotype at that site and at least 90% of all aligned reads covering that site
shared the same nucleotide; a SNP was called as heterozygous in a given sample if at least
two reads supported each of at least two different alleles, each of the two read types
separately comprised more than 20% of the reads aligning to that site, and the sum of the
reads supporting those two alleles comprised at least 90% of all reads covering the site. To
compare samples with equal data, SNP discovery was performed in subsets of the data where
equal numbers of randomly selected trimmed reads were processed from each sample
individually.
Determination of selectivity
Sequencing reads obtained from Life Technology’s Proton instrument are single-end
and only include the barcode, NspI digestion site, and the adjacent sequence. For this reason,

21
selectivity could not be directly determined from reads. Based on the closest BfuCI site of
uniquely aligned reads in the B73 genome, the complementary bases that target the selective
sequences in each read were predicted. On-target and off-target reads were categorized based
on this selected sequence prediction. “On-target sites” in the genome are defined as those that
contain both an NspI restriction enzyme recognition site and a BfuCI restriction enzyme
recognition site which are separated by 100-300 bp and that contain the appropriate selected
sequence adjacent to the BfuCI recognition site. “On-target reads” align to on-target sites.
The number of interrogated sites was determined by identifying all the bases in the reference
genome that had ≥ 5 reads uniquely aligned to that site.
In silico digestion of the B73 reference genome was performed to identify all possible
NspI and BfuCI restriction enzyme fragments. Reads were aligned to this digested genome to
determine which fragments have coverage.
Accuracy of tGBS calls
Concordance of genotyping calls among methods was used as a proxy for accuracy.
The accuracy of tGBS calls in the NAM founders was determined by identifying concordant
and non-concordant genotypes between tGBS calls and calls from TASSEL SNPs (27) and
RNA-sequencing SNPs (28) (SRA050790 and SRA050451). The HapMap2 TASSEL SNP
genotypes from Panzea were used directly, while RNA-sequencing SNPs were called as
described for tGBS SNP calling. Polymorphic sites (i.e., at least one of the NAM founders
has a non-reference allele) that were in common across the three SNP calling methods were
compared. For each sample with no missing data at that site, the genotyping calls from each
method were compared. If the call in one method disagreed, then the method in disagreement
was considered non-concordant.
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To assess accuracy of tGBS SNP calls in the IBM RILs, tGBS SNP calls were
compared to genotypes from RNA-sequencing (29) and Sequenom data in the IBM RILs
(30). Because the RILs are expected to have low levels of heterozygosity and be segregating
~1:1 for B73-like versus Mo17-like alleles, the tGBS and RNA-sequencing SNPs were
filtered independently for sites with minor allele frequencies > 0.3 and heterozygosity < 0.05.
A total of 67 RILs were genotyped with all three methods and could be compared for
accuracy. To increase the number of sites that could be compared between the tGBS and
RNA-sequencing genotyping, segmentation was performed on each set of SNPs to identify
B73-like and Mo17-like regions in each RIL. Segments were identified from each SNP set by
running DNAcopy (31) using the segment function with the parameters alpha=0.01,
nperm=10000, p.method="perm", eta=0.01, and min.width=3. A segment genotype was
determined by identifying which genotype was the majority in the given segment. The SNP
genotyping calls from the each filtered SNP set were compared to the segmentation genotype
from each method. Each putative error was examined to determine the genotypes of flanking
markers. If the genotype of the putative error agreed with at least one of the flanking
markers, the marker was no longer considered an error. Individual SNPs that did not match
the segment genotype and had no flanking markers that would indicate the segment was
generated incorrectly were considered errors.
The accuracy of tGBS calls conducted in the B73 x Mo17 F2 individuals was also
determined by using segmentation. tGBS was performed on 192 F2 individuals at tGBS
(GRL2). Because an F2 population is expected to segregate ~1:2:1 at sites that are
polymorphic for the two different parental alleles, the 4,032 SNP sites with a 70% minimum
call rate (MCR; i.e., at least 70% of the samples were genotyped), minor allele frequencies ≥
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0.35, and a proportion of heterozygous genotypes between 0.35 and 0.65 were used for
segmentation. Using the same parameters for DNAcopy described above, segments of similar
genotypes were identified in each of the F2 individuals. Within each individual, marker
genotypes that did not agree with the segment genotype (reference, heterozygous, or nonreference) were flagged as putative errors.
The accuracy of tGBS (GRL2) and cGBS was compared as described above for the
NAM concordance where SNP genotypes obtained from three methods are expected to agree
and if one genotype does not agree, that genotype call is considered an error. The HapMap2
genotypes from Panzea were used as the third comparison. SNP genotypes from the cGBS
data were called in three ways: SNP calling using a method that allows for heterozygous calls
(equivalent to previous SNP calling descriptions), SNP calling using a method that allows for
only homozygous calls (the most common allele must be supported by at least 80% of all
aligned reads instead of at least 30%), or downloaded from Panzea. tGBS SNPs were
obtained from either the heterozygous or homozygous SNP calling methods.
Construction of genetic maps
Genetic maps were constructed from 70% MCR, 50% MCR, and 20% MCR tGBS
(GRL2) SNP sets in the IBM RILs with the same filtering described for segmentation using
ASMap (32). LinkImpute (33) was run with the default settings. SNPs imputed from
LinkImpute and unimputed SNPs for each MCR were imported into ASMap (32) for map
construction. RILs with high similarity were detected using the comparegeno function. Six
RILs (M0122, M0173, M0177, M0187, M0209, M0252) were removed for having > 90%
similarity with another RIL. Markers with segregation distortion were identified and any
markers with a p-value < 1e-10 were removed. Genetic maps were constructed using the
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mstmap.cross function. The p-value cutoff for genetic map construction (with and without
imputation) was adjusted so that 10 or more distinct linkage groups were identified, and the
detection of bad markers was set to “yes”. The genotyping error of genetically mapped
markers was estimated by determining the maximum likelihood from a range of potential
errors using R/qtl (34).
Genetic maps were also constructed from 70% MCR tGBS (GRL2) filtered SNP set
for 192 B73 x Mo17 F2 individuals using ASMap. Imputation and genetic mapping were
performed as described for the IBM RILs but using a more stringent p-value (<1e-5) for
segregation distortion.
Comparisons between tGBS and cGBS
cGBS data were downloaded from GenBank SRP021921 (32). Barcodes were
removed and reads were trimmed for quality as described above for tGBS reads. However,
because tGBS data were generated using Ion Proton technology and cGBS data were
generated using Illumina sequencing technology and these technologies produce reads of
different lengths, it was necessary to control for read length before conducting comparisons.
To compare read depth per interrogated site (Figure 5), tGBS and cGBS were standardized
by trimming all reads to 75 bp. The observed reduction in read number from raw to
standardized reads is primarily due to the removal of reads < 75 bp in length, which were not
used in this analysis. These “standardized reads” were then aligned to the B73 reference
genome.
Similarly, to compare the number of interrogated sites at various MCR values
standardized tGBS (GRL2) and cGBS reads were subsampled to obtain equal numbers of
reads for each method (0.25, 0.5, 0.75 and 1 million reads). Samples that had fewer than the
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desired number of subsampled reads were not used in this analysis. Because MCR is affected
by the number of samples included in the comparison, equal numbers of tGBS and cGBS
samples were selected based on the method with the smaller number of samples having the
appropriate number of subsampled reads.

Results
tGBS for genome reduction
During tGBS, genomic DNA is subjected to double digestion with two enzymes,
producing DNA fragments with a 5’ overhang on one end and a 3’ overhang on the other
(Figure 1). In contrast to other methods (7-13) that employ adaptors, a unique oligo is ligated
to each overhang. This strategy ensures that only double-digested fragments are sequenced,
thereby increasing specificity. One of the oligos is unique to an individual sample and
contains a DNA barcode (36) (barcode oligo) while the other oligo is common to all samples
and contains a universal sequence (universal oligo) for subsequent construction of
sequencing libraries. Following ligation, two PCR steps complete the construction of the
sequencing library. For the first PCR (selective PCR), two PCR primers that partially match
the ligation oligos are used. The primer matching the universal oligo (selective primer) is
designed to be the reverse complement of the universal ligation oligo; however, it extends an
additional 1-3 nucleotides (selective bases) at its 3’ end which can only perfectly anneal to a
subset of the genomic fragments created by restriction enzyme digestion and oligo ligation,
thus reducing the number of targeted sites to be amplified. As a result, genomic fragments
that include the complement of the selective bases and the universal oligo will be
preferentially amplified. The non-selective primer used in selective PCR matches the 5’ end
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of the barcode oligo. Because this primer will anneal and amplify the sequence preceding the
barcode, the primer itself does not need to be designed to match the barcode, reducing primer
complexity and cost. For the second PCR (final PCR), two primers (Proton/Illumina primer 1
and 2) compatible with the appropriate sequencing platform are used to create the sequencing
library.
Based on their cutting frequencies and abilities to generate appropriate overhangs
(one 5’ overhang and one 3’ overhang), NspI and BfuCI were selected for tGBS. Simulation
analysis of the maize genome constrained to only non-repetitive DNA-fragments with
different cut sites on each end with a total size between 100 and 300 bp yielded a total of
246,124, 44,372, and 8,645 non-repetitive DNA fragments for 1-, 2- or 3-base pairs of
selective bases (T, TG, and TGT) respectively.
tGBS strongly selects for reads at target sites
The maize inbreds B73, Mo17, and the 25 parents of the Nested Association Mapping
(NAM) population (20) were genotyped via tGBS using the enzymes NspI and BfuCI and 1,
2 and 3 selective bases (Supplementary Table 3). Each level of selection is named based on
the number of selective bases: e.g. genome reduction level 1 (GRL1) involves a single
selective base. An average of 6.4M (GRL1), 8.1M (GRL2), and 6.3M (GRL3) reads were
generated per line. These reads were then subjected to quality trimming and aligned to the
B73 reference genome.
At all tGBS GRLs, over 90% of the aligned reads contain the expected restriction
enzyme recognition sites. For tGBS (GRL2), the selective primer had the selective bases
“TG” at its 3’ end. Ideally, all amplified reads will be derived from restriction fragment that
contain the selected “AC” sequence. However, mis-annealing of primers during PCR can
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lead to off-target amplification. To measure the specificity of selection during our PCR
protocol, the bases adjacent to the BfuCI restriction recognition site of sequenced reads were
examined. Target sites in the genome contain the appropriate restriction enzyme recognition
site adjacent to the selected nucleotides (“AC” in the case of GRL2 “TG” selection); reads
that align to such target sites are termed on-target reads. tGBS (GRL1) had the highest
percent of on-target reads, with an average of ~68% of the reads across all samples
containing both the restriction enzyme sites and the correct selective bases based on the B73
genome. For tGBS (GRL2) and tGBS (GRL3) the average percent of on-target reads were
58% and 44%, respectively, across all samples (Figure 2). Note that for each additional
selective base, genome-wide the number of on-target sites decreases by ~1/4 (Supplementary
Table 4). Therefore, even though the on-target rate was somewhat lower for tGBS (GRL3)
than for tGBS (GRL1) and tGBS (GRL2), the read depth of covered bases at on-target sites
was highest for tGBS (GRL3) (Supplementary Table 4). As a consequence of the size
selection conducted prior to Proton sequencing, 68% of all uniquely aligning reads
(4,248,425/6,271,577) and 88% of on-target reads (3,569,220/4,071,296) were from on-target
sites consisting of between 100 and 300 bp.
Genotyping the founders of the Nested Association Mapping (NAM) population
Genotyping genetically diverse lines such as the NAM founders is important for
genome-wide association studies and genomic selection (Supplementary Table 6). A
minimum call rate (MCR) cutoff was implemented. At 70% MCR, each SNP must have been
genotyped in ≥ 70% of the samples. Among the 25 NAM founders, 6,665 (GRL1), 11,883
(GRL2), and 3,253 (GRL3) SNPs were identified at 70% MCR (Supplementary Table 5).
These SNPs are distributed relatively evenly across the genome (Figure 3, Supplementary
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Figure 1), and the number of reads per SNP site per sample had a mean of 63 and a median
of 31 (Supplementary Figure 2.).
The numbers of SNPs discovered in the NAM founders are not directly comparable
across tGBS GRLs due to the variation in the average read number per sample
(Supplementary Table 7). To overcome this limitation, a subset of NAM founders with
comparable minimum numbers of reads were used in the analysis described below. To
examine the trade-offs in SNP discovery associated with variation in the amount of
sequencing data generated we subsampled the sequencing reads from each of the NAM
founders independently. In our data set 11 of the 25 NAM founders had a sufficient number
of reads across all three tGBS GRL to perform comparable subsampling (Supplementary
Table 6). From this analysis, the diminishing returns of SNP discovery with increased
sequencing can be seen in tGBS (GRL3), which begins to plateau after 3 million raw reads.
At tGBS (GRL2), additional sequencing exhibits diminishing returns such that the benefits of
additional sequencing begin to level off around 4 million subsampled reads (Supplementary
Figure 3). tGBS (GRL1) had not reached the point of diminishing returns, which is expected
to be much higher than 4 million reads (Supplementary Figure 3).
The minimum accuracy rate of SNP calling in the 25 NAM founders was determined
by calculating the concordance of tGBS SNPs with those derived from HapMap2 (37) and
RNA-sequencing data (28) from the same lines. The HapMap2 and RNA-sequencing data
were obtained via whole genome resequencing and transcriptome sequencing of five maize
tissues for each of the NAM founders, respectively. For this analysis, individual SNPs were
compared, therefore an MCR cut-off was not employed. Across the 25 founders, 90,902
(GRL1), 95,028 (GRL2), and 30,051 (GRL3) SNPs were genotyped in all three experiments
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(Supplementary Table 7). To calculate minimum accuracy rates, if only two of the three
experiments yielded a concordant genotyping call at a particular site, the non-concordant call
at that site was considered an error. tGBS had >99% concordant calls for all GRL, which
was higher than the other two methods (Supplementary Table 7). Note that this approach
probably over-estimates genotyping errors because the lack of concordance between methods
may be due to biological differences among the different pedigrees of samples used in the
three experiments. Hence, the minimum SNP calling accuracy of tGBS as determined in this
analysis of inbred lines is >99%.
Genotyping recombinant inbred lines (RILs) and construction of a genetic map
The IBM RILs were developed by crossing B73 and Mo17 (38). Random mating was
performed for several generations before extensive inbreeding (38). tGBS was conducted on
232 IBM RILs (Supplementary Table 8) using tGBS (GRL2). A mean of 2.1 M reads and a
median of 1.8 M reads were obtained per sample which is similar to target sequencing read
numbers per SNP generally employed by other GBS protocols (13).
The accuracy of the 70% MCR SNP calls was assessed by comparing tGBS SNP calls
with Sequenom –based genotyping results (30) and RNA-sequencing (29) for 67 IBM RILs
genotyped with all three methods, similar to the comparison performed for the NAM
founders. However, unlike the NAM founders, it was possible to use SNP genotypes to
subdivide the genome of each RIL into segments, each of which was derived from one of the
two RIL parents: B73 or Mo17. This segmentation allowed us to compare all of the SNPs
within a segment, rather than only those SNPs that had been genotyped with multiple
methods. Thus, this approach enabled us to compare most SNPs (Supplementary Table 9).
Another difference in this analysis as compared to the analysis of the NAM founders was that
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heterozygosity and minor allele frequency filters (based on expected segregation patterns in
RILs) were employed to exclude errors due simply to mis-alignment of reads to the genome.
Following filtering, each of the three datasets was used to generate segments, which were
compared to the original SNP calls used as input data for segmentation. As expected the
agreement between the input data and the segmented data was high. In this analysis tGBS
also had a minimum accuracy of 99% (Supplementary Table 9).
Genetic maps were constructed using the tGBS data from the IBM RILs, both with
and without SNP imputation at various MCR cutoffs (Figure 4). Based on Spearman rank
correlation, marker orders were well conserved between the genetic and physical maps
(Supplementary Table 10). At 70% MCR, about 4,000 (~90%) SNPs were mapped using
both imputed and non-imputed data. As expected, more SNP were obtained using more
relaxed MCR cut-offs (50% or 20% MCR). At an MCR of only 20%, imputation increased
both the number and the percentage of SNPs successfully placed on the genetic map. The
generation of approximately ten linkage groups corresponding to the ten maize
chromosomes, the high percentage of markers that were mapped, the extremely low
proportion of markers assigned to an incorrect chromosome, the low estimated error rate of
markers on the genetic map, and the high Spearman correlation values demonstrate the
accuracy of the tGBS genotyping calls for these homozygous RILs (Supplementary Table
10).
Genotyping heterozygous loci
To assess the accuracy of genotyping heterozygous sites, SNPs were called in 192 F2
progeny of the B73 x Mo17 cross at tGBS (GRL2). After filtering for MCR, minor allele
frequency, and heterozygosity, the set of 70% MCR (Methods) SNPs called in the F2
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population were used to create a genetic map consisting of 3,498 markers. Because we were
able to map similar numbers of markers in this F2 population as compared to IBM RILs, and
considering the low rate of genotyping errors (0.5%), and the high correlations of physical
and genetic marker orders (0.99) we concluded that tGBS performs well on both inbred and
heterozygous populations (Supplementary Table 10). Though our maps were longer than
previously published maps, this may be a function of using more markers. The presence of
both homozygous and heterozygous genotypes also allowed us to classify genotyping errors
identified in the F2 population as being false homozygous or false heterozygous calls using
segmentation (see Methods). Only a small proportion (1.7%, 11,848/677,929) of genotyping
calls at polymorphic sites were putative errors, and heterozygous calls were as accurate as
homozygous calls (Supplementary Table 11). Additionally, the intersection of SNPs in the F2
and IBM RIL populations was examined. The majority of overlapping high MCR SNPs are
at on-target sites (Supplementary Table 12).
Comparisons between tGBS and cGBS
We compared read depths for tGBS data from the NAM founders, IBM RILs, and
B73 x Mo17 F2 reported in this study with read depths for cGBS data from a large maize
diversity panel generated using ApeKI as the restriction enzyme (N=3,172) by Romay et al.
(35). For each technology we determined the median read depth at interrogated sites, i.e.,
those sites covered by at least five reads (Methods). When comparing libraries with similar
numbers of raw reads that are controlled for read length (Methods, Supplementary Figure 4,
Supplementary Figure 5), the median read depths for tGBS (GRL1) and cGBS were similar,
while in contrast and as expected tGBS (GRL2) and tGBS (GRL3) have greater read depth
per interrogated site than cGBS (Figure 5).
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We also compared the numbers of interrogated sites for tGBS (GRL2) and cGBS
after controlling for read length and library size (Methods). To conduct this analysis we
subsampled standardized reads, i.e., both mapped and unmapped reads and both on- and offtarget reads that have been truncated to equal lengths (Methods) from the two data sets. At
modest read depths and for a given MCR, tGBS yielded more interrogated sites than did
cGBS (Figure 6). This advantage of tGBS relative to cGBS increases at higher MCR values.
In summary, although tGBS targets fewer sites than cGBS, when considering only sites that
are consistently scored across many individuals within a population, tGBS yields more
interrogated sites than cGBS.
The greater read depth of tGBS as compared to cGBS would be expected to result in
higher SNP calling accuracy. The large maize diversity panel analyzed via cGBS includes the
NAM founders which, as discussed earlier, were also genotyped via tGBS. It was therefore
possible to compare the accuracies of tGBS and cGBS, using SNP calls from HapMap2 data
to establish truth in cases where tGBS and cGBS SNP calls disagreed. HapMap2 was
selected due to its accuracy (>98%) as demonstrated via comparison to tGBS and RNAsequencing, and because calls from the Panzea SNP calling pipeline were available. Because
tGBS and cGBS target only partially overlapping regions of the genome the number of sites
that could be compared in this analysis was limited. Even so, this comparison demonstrated
that tGBS provides greater accuracy than cGBS. When consistent heterozygous SNP
genotyping (Methods) was performed on both cGBS and tGBS sequencing reads, the
accuracy of cGBS was only 90.5% as compared to 99.7% for tGBS (Table 1). The accuracy
of cGBS genotyping can be improved if one can assume that most loci are homozygous, as is
the case of the NAM founders. When SNP calls were generated from cGBS and tGBS
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sequencing reads using a more stringent homozygous SNP genotyping pipeline (Methods),
the accuracy of cGBS improved to 94.3% as compared to 98.6% for tGBS. However, this
assumption of homozygosity is only appropriate when dealing with inbred lines or natural
populations of self-pollinating species. Given the accuracy of tGBS at calling heterozygous
loci we can conclude that tGBS in superior to cGBS when genotyping samples that are
expected to be heterozygous such as the individuals from many types of genomic selection
experiments and natural populations of outcrossing species.
It is possible to increase the accuracy of cGBS via the introduction of a minor allele
frequency filter. For example, if similar comparisons are performed using Panzea’s SNP
calling of the cGBS reads described above, the accuracy increases to 99.3% (comparable to
that of tGBS). Unfortunately, this increased accuracy achieved via the introduction of a 10%
minor allele frequency filter substantially degrades the utility of cGBS for the discovery of
rare novel alleles, highlighting the superiority of tGBS for analyzing diversity panels.

Discussion
Here we present a novel approach to genotyping using sequence data, tGBS, which
uses selection at the 3’ ends of a PCR primer to enhance genome reduction in an adjustable
manner. tGBS employs oligos instead of adaptors, which has a number of technical
advantages (39). This genotyping approach is simple and cost-efficient. We have
demonstrated its high accuracy for genotyping both homozygous and heterozygous sites in
diversity populations, RILs, and F2s.
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Technical advantages of tGBS
Our strategy of selecting only a subset of restriction digestion fragments for
amplification and sequencing provides for flexible genome reduction. Adjusting GRLs
provides different numbers of target sites for sequencing. While fewer SNPs are obtained at
higher GRL levels, the number of reads per sample necessary to saturate the genotyping of
on-target SNPs is also reduced (Supplementary Figure 3, Supplementary Table 4).
Importantly, this results in more of the same sites across panels of samples having
genotyping calls, resulting in lower levels of missing data per marker (Supplementary Figure
3). Additionally, the increased read depth at target sites allows for accurate genotyping of
both homozygous and heterozygous sites (Figure 5, Table 1).
The fact that higher GRL sites are a subset of lower GRL sites (i.e., “TG” sites from
GRL2 are a subset of “T” sites from GRL1) offers advantages both within and across
experiments. For example, in a given population, it is possible to use a lower GRL level to
obtain more markers for higher resolution mapping subsequent to conducting a pilot study
with a higher GRL. Perhaps more significantly, haplotypes can easily be tracked across
populations even if these populations were analyzed using differing GRLs.
We have been unable to find published studies reporting RAD-Seq based genotyping
of maize lines and thus it was not possible to directly compare the number of SNP sites
identified by this method and tGBS. However, a report has recently been published using
double digestion RAD-Seq and the restriction enzymes PstI and Alw1 to genotype Sitka
spruce (40). This study relied on pilot sequencing studies to select the restriction enzymes. If
different enzymes are selected for different experiments, the resulting targeted sites will not
be comparable among experiments. Considering the respective restriction enzyme
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recognition sites and the selective bases of tGBS the estimated levels of genome reduction
for this version of RAD-Seq and tGBS (GRL2) are similar; however, PstI (like the ApeKI
used in cGBS) is methylation sensitive at sites which are often methylated in plants.
Consequently, the number of RAD-Seq sites sequenced following the protocol of FuentesUtrilla et al. would be expected to be smaller than for GRL2. On the other hand, differential
methylation among individuals has the potential to increase the amount of missing data when
a GBS method relies on a restriction enzyme that unlike BfuCI (see below) relies on
pronounced methylation sensitivity to achieve genome reduction. There is, however no
technical barrier to employing methylation sensitive restriction enzymes within tGBS.
cGBS as described by Elshire et al., (13) relies on the restriction enyzme ApeKI
which is sensitive to CpG methylation which is prevalent in plant genomes. BfuCI has also
been reported exhibit sensitivity to CpG methylation. However, in our data 89% of predicted
on-target BfuCI sites in the maize genome were represented by tGBS sequencing reads (data
not shown), indicating that most of the associated BfuCI restriction sites had been digested
by BfuCI. Given the prevalence of CpG methylation in the maize genome, this result is not
consistent with BfuCI exhibiting substantial sensitivity to CpG methylation. Hence, to the
extent that samples differ in their methylation patterns, the use of ApeKI may contribute to
the higher missing rate of missing genotype calls from cGBS as compared to tGBS.
Conventional GBS methods (including RAD-Seq and other protocols) use adaptors.
Because annealing/ligation can occur between adaptors (inter-adaptor-annealing/ligation) via
overhang pairing, it is critical to control the ratio of adaptors and input genomic DNAs in the
ligation reaction. In contrast, tGBS uses oligos thereby avoiding the serious problem of interadaptor annealing/ligation. In our tGBS experiments, satisfactory results were obtained
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despite the fact that we did not conduct titration experiments to optimize the ratio of oligos to
template. When combined with restriction enzymes that generate opposite direction
overhangs, the use of oligos increases the specificity of the PCR because the PCR reaction
will always begin with extension on the BfuCI end of the fragment, and extension from the
NspI side will only proceed after this first extension has occurred. Consequently, fragments
that do not contain a BfuI oligo will not be extended during selective PCR, thereby
essentially eliminating the amplification of off-target NspI/NspI fragments. Further, because
sequencing is initiated from the NspI side, any fragments that lack the BfuCI oligo would not
be amplified in the final PCR and therefore would not be sequenced.
In breeding and diagnostics projects quick turn-around can be essential. Hence, we
used the Ion Proton sequencing platform which offers one-day turn-around at a per data point
cost comparable to the low cost but slower turn-around Illumina sequencing platforms and a
much lower cost than Illumina’s fast-turnaround MiSeq technology. However, tGBS can also
be conducted using Illumina platforms. We have tested Illumina oligos and barcodes
(Supplementary Table 2) and obtained similar levels of accuracy as reported for the Ion
Proton platform (data not shown). Combining tGBS oligo barcodes with barcodes on
Illumina adaptors increases the ability to pool large numbers of samples without the need to
synthesize a large number of barcoded oligos.
Determination of selection levels and pooling size
One of the critical decisions in any GBS experiment is how much sequencing data to
generate per sample to obtain the desired number of SNPs. In maize, ~12,000 and ~2,000
consistently covered SNPs were obtained across 11 samples from 3 million raw tGBS
(GRL2) reads and 1 million raw tGBS (GRL3) reads per sample, respectively
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(Supplementary Figure 3). In the case of the IBM RILs with tGBS (GRL2), 4,293 high MCR
SNPs and 10,736 low MCR SNPs were identified from an average of 2 million raw reads
across all the RILs (Supplementary Table 10). SNPs with high missing data come
predominantly from off-target sites and can be imputed or disregarded, while high MCR
SNPs are predominantly from on-target sites and are consistently genotyped from one
experiment to the next (Supplementary Table 12). The appropriate GRL and number of reads
per sample will vary based on the organism and project goals; however, regardless of
genome complexity and diversity among individuals, sequencing depths required to cover
on-target sites at any given threshold are linearly related to genome size. tGBS has been
conducted at various GRLs with the described restriction enzymes and selective bases in over
two dozen species with excellent results (41,42).
Accuracy of genotyping with tGBS
Complementary methods were used to assess the accuracy of tGBS for genotyping
inbreds. For the NAM founders and the IBM RILs, genotyping calls made at polymorphic
sites were compared using three independent genotyping methods. Concordance was
considered an indication of accuracy. Hence, if one method disagreed with the other two
methods, the discordant method was assumed have been generated via a genotyping error.
Even considering the potential of biological differences among samples used in the different
methods to inflate estimates of errors, the genotyping accuracy estimated from the tGBS
NAM concordance study was >99% (Supplementary Table 7). While concordance in the
NAM founders was limited to polymorphic sites that had been genotyped by each of the
three methods, segmentation of the IBM RILs could be used to identify regions in each RIL
that are derived from either the B73 or Mo17 parent. By comparing each SNP call from
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multiple methods within a segment to the consensus genotype of that segment, it was
possible to compare genotype calls at more sites. The concordance was high for all three
methods, regardless of which SNP set was used to define the segments, with tGBS having a
concordance >99% (Supplementary Table 9). The reported values should be considered
minimum estimates of accuracy because true genotyping errors and small regions with
double cross overs are confounded, resulting in a potentially inflated estimate of genotyping
error rates. Further support for the accuracy of tGBS data is that the RIL genetic maps
exhibited a high correlation with the physical marker order (>0.997), even in genetic maps
constructed using non-imputed SNP sets that include markers with high levels of missing
data (Supplementary Table 10). Because tGBS has an enhanced ability to discover and
genotype rare alleles as compared to cGBS, it is also the preferred technology for genotyping
diversity panels, even if these panels consist of inbred lines.
tGBS also provides accurate genotyping of heterozygous loci without the extensive
filtering relied upon by other GBS methods. The accuracy of tGBS genotyping calls were
between 98 and 99% in a segregating F2 population using a similar segmentation-based
metric (Supplementary Table 11), and the correlation between the physical maize genome
sequence and marker order on a genetic map constructed using these data was >0.999
(Supplementary Table 10). In contrast, the accuracy of cGBS genotype calls suffers even at
homozygous sites when a SNP calling pipeline is allowed to make heterozygous calls (Table
1). The accuracy of cGBS genotyping calls only reaches the level of tGBS when minor allele
frequency filters are employed, which prevents the discovery of rare alleles. The high
genotyping accuracy of tGBS at heterozygous loci makes it suitable for genotyping F2 and
F1BC1 mapping populations where 50% of segregating markers are expected to be
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heterozygous, as well as in natural populations of outcrossing species that are expected to
exhibit high levels of heterozygosity. The accuracy of tGBS heterozygous genotyping will be
particularly useful for conducting genomic selection, which requires the ability to genotype
populations of individuals that are heterozygous at many loci.
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Figures and Tables

Figure 1. Diagram of tGBS. Digestion. Genomic DNA is digested with two restriction
enzymes: NspI leaves a 3’overhang and BfuCI leaves a 5’ overhang. Ligation. Two distinct
oligos are ligated to the complementary 3’ and 5’ overhangs. The oligo matching the 3’
overhang contains a sample-specific internal barcode sequence for sample identification. The
oligo matching the 5’ overhang is universal and present in every reaction for later
amplification. Selective PCR. Target sites are selected using a selective primer with variable
selective bases (“CA”) that match selected sequences in the digested genome fragments and a
non-selective primer. When properly amplified, the selected sequence is complementary to
the selective bases. Final PCR. Primers matching the amplification primer and the selective
primer which contain the full Proton adaptor sequence are used for amplification of the final
library. Final on-target sequence. The final sequence contains the 5’ Proton adaptor
sequence, an internal barcode, the NspI restriction enzyme site, the target molecule, selective
bases, the BfuCI restriction enzyme site and the 3’ Proton adaptor sequence. It is possible to
adapt the tGBS protocol for sequencing on an Illumina instrument by redesigning the ligation
oligos and PCR primers.
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Figure 2. Selectivity in B73, Mo17, and the NAM founders. In the absence of selection, the
proportion of random reads in the target size range from the B73 genome with “T”, “TG”,
and “TGT” selection in GRL1, GLR2, and GRL3 would be ~25%, ~6%, and ~2%,
respectively.

Figure 3. Genomic distribution of SNPs discovered in the 25 NAM founders using tGBS
(GRL2) at 70% MCR. Each horizontal line represents the physical position of a SNP
identified by alignment to the B73 reference genome. The circles to the left of each
chromosome represent the location of the centromere.
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Figure 4. Genetic mapping in the IBM RILs. Comparisons of genetic and physical positions
on chromosome 1 generated from ASMap for various MCRs, without and with LinkImputebased imputation. Each dot represents the positon of a single SNP on a genetic and physical
map.
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Figure 5. Median read depth per interrogated site for tGBS and cGBS data. Each dot
represents a sample. For each GRL, tGBS data were analyzed for each of 25 NAM founders.
Additionally, the IBM RIL (N=232) and F2 samples (N=192) were analyzed for tGBS
(GRL2). The evaluation of cGBS is based on 3,172 samples (35).
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Figure 6. Numbers of interrogated sites from equal numbers of standardized tGBS (GRL2)
and cGBS reads at various MCR cut-offs. As a consequence of data availability, data points
(dots) are based on different numbers of samples: 198 samples were assessed using 1M
subsampled reads and 433 samples were assessed using 0.75 M, 0.5 M, and 0.25 M
subsampled reads.
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Table 1. Concordant SNP calls summed across the NAM founders. cGBS SNPs were
genotyped using three different methods. The heterozygous genotyping pipeline allows for
heterozygous calls (Methods). The homozygous SNP calling pipeline discards genotyping
calls that appear to be heterozygous (Methods). The cGBS and HapMap2 SNPs downloaded
from the Panzea website were genotyped using a SNP calling pipeline that is similar to our
homozygous genotyping pipeline, though using a different software, and with the addition of
a minor allele frequency filter (35). tGBS and cGBS SNPs reported in the same row of this
table were genotyped using the same SNP calling pipelines unless indicated otherwise.

Genotyping
Pipeline used
for cGBS
Heterozygous
Homozygous
Panzea1

1

No. (%) Concordant
tGBS
cGBS
HapMap2
(GRL2)
30,309
27,525
29,831 (98.1)
(99.7)
(90.5)
26,073
24,926
26,245 (99.3)
(98.6)
(94.3)
24,772
25,125
(98.9)
(99.3) 25,098 (99.1)

tGBS SNPs were genotyped using the heterozygous method.

Total
Comparisons
30,412
26,440
25,307
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Abstract
Short read DNA sequencing technologies have revolutionized sequencing. The
benefits of short reads include high accuracy and throughput at low cost. However, these
technologies contain drawbacks, primarily due to the difficulties of assembling and
identifying unique genomic locations of short reads. In the linked read strategy, all short
reads originating from a single long molecule of DNA share a common barcode. Thus, linked
reads still utilize the benefits of short read technology. The majority of studies to date that
have employed linked reads were focused on human haplotype phasing and genome
assembly. Here we describe a de novo maize genome assembly generated via linked read
technology. Maize is well suited as a model to assess the use of linked read technology for
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the assembly of large complex genomes because inbreds are available and a high-quality
reference genome has been generated for one of these inbreds (B73). Our de novo linked read
assembly of the B73 genome contains ~172k scaffolds that cover 50% of the genome and
44% of the gene space. Based on comparisons to the B73 reference genome, 91% of linked
read contigs are accurately assembled. A machine learning approach was developed that
could identify contigs containing assembly errors with >76% accuracy, suggesting that it
may be possible to identify and potentially correct systematic errors in linked read
assemblies. We also generated an assembly using the same short read data but ignoring the
associated long molecule information. Although the two assemblies cover similar proportions
of the genome and with similar accuracies, the linked read assembly contains substantially
longer contigs than the assembly constructed without reference to the long molecule
information (N50 of 14.5 kb and 238 bp, respectively). Our analysis provides a framework
for future de novo genome assemblies using linked reads. Finally, we suggest strategies for
linked read assembly that may improve outcomes.

Introduction
The introduction of short-read DNA sequencing technologies has transformed
genomic research by greatly decreasing cost while substantially increasing throughput and
delivering high accuracy data. However, short-reads (100-250 bp) present challenges for the
de novo assembly, haplotyping, and defining genomic structural variations (1). These
limitations are particularly problematic in genomes with high repeat content or pervasive
structural rearrangements such as many crop species (2,3).
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In response to these drawbacks, long-read sequencing platforms have been developed,
such as the single-molecule real-time (SMRT) sequencing approach from PacBio. Long reads
can be used to span repeat-containing regions of genomes during assembly, define
haplotypes and resolve structural rearrangements. However, relative to short read Illumina
sequencing, SMRT sequencing suffers from high error rates (~15% vs. <0.5%) (4,5), higher
costs, and more limited throughput (1). While hybrid assembly approaches that combine
short- and long-read technologies have been developed (6), combining information from
multiple library types increases cost and complexity.
New methodologies are focusing on generating synthetic long reads by taking
advantage of the benefits of short-read technology but incorporating information from long
strands of DNA, such as Hi-C (7) and Illumina’s synthetic long read sequencing (8). The
linked read strategy developed by 10x Genomics uses emulsion technology in conjunction
with a microfluidics instrument to partition long fragments of DNA into micelles called
“GEMs”. Within each GEM, stretches of partitioned long DNA fragments are amplified, and
a barcode unique to that GEM is added to each of these amplification products. In this way,
all fragments derived from a given long DNA fragment are tagged by a shared barcode. After
Illumina sequencing, the barcodes are used to identify sequences that are in close proximity
in the genome. While each individual DNA fragment is typically not fully sequenced,
information from many overlapping fragments derived from the same genomic region can be
combined into a read cloud. Hence, long stretches of the genome can be more accurately
reconstructed based on linked reads than via standard whole genome shotgun sequencing.
The information retained from long fragments facilitates de novo genome assembly,
haplotype phasing, and the analysis of structural variants (9).
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One of the major benefits of the linked read technology is determination of
haplotypes. For studies using only linked reads, the LongRanger software is available to
align linked reads to human or pre-defined genomes to assist in haplotype phasing. The
benefit of linked reads combined with de novo assembly is the generation of a phased de
novo assembly. Thus far, a number of studies have successfully phased human haplotypes,
particularly in combination with other read types (9-11). The latest assembly algorithm from
10x Genomics, Supernova, has been used to generate diploid, phased assemblies of seven
human samples using only linked reads (12). While haplotype phasing is useful in the
assembly of any species, it is likely to prove particularly valuable in the assembly of complex
and/or highly heterozygous genomes. As such, it offers great promise for the assembly of
plant genomes, many of which, including many major crops are polyploid (13,14). This is
because the assembly of autopolyploid (i.e., those formed via genome doubling) and
allopolyploid (i.e., those formed via the hybridization of two species) genomes requires the
ability to correctly distinguish between nearly identical sequences in different regions of the
same genome or between two subgenomes. Both of these challenges can potentially be
overcome by linked read phasing.
While the application of linked reads technology is in its infancy, 10x Genomics has
made the source code for their assembly and phasing software freely available. Multiple tools
are being developed to take advantage of linked read data. For example, fragScaff (10) and
ARCS (15) scaffolders have been developed to improve the many existing draft genomes by
the addition of linked reads data. In addition, a simulator has been developed to generate and
assess the impacts of molecule length, read number, and other linked read properties on
assemblies and haplotype phasing in different genomes (16). VALOR has been developed to
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assess structural variants from long range sequencing reads, including 10x Genomics,
particularly for complex variants such as inversions and translocations (17).
Pervasive structural variation exists between individuals in many species (18,19).
Detailed description of structural variants for any species requires data that are not based off
a reference and has instead primarily relied upon de novo assembly. Because having
additional assembled genomes prevents the biases inherent in basing genomic analyses on a
single reference genome and assists in discovering variation that is not present in the current
reference, efforts have focused on providing additional high-quality reference genomes,
including the “1,000 genomes” project (20). To date, only two non-human projects have used
linked read sequencing: assembly of the 124 kb chloroplast genome of the Sitka spruce (21)
and improvement of the largest conifer genome assembled to date, that of Pinus lambertiana
(22).
Reports of de novo assembly quality in humans are confounded by the fact that most
assemblies are not generated on the same cell lines or individuals. In contrast, the first report
of linked read assembly in humans used two cell lines that had been sequenced by other
methods (12). The reported assembly quality for these lines was high, with an N50 of perfect
matches between the linked read assembly and the corresponding assemblies of 19.8 and
16.5 kb; however, the comparison assemblies were only partial (i.e., 340 and 4 Mb,
respectively). To overcome the limitation of having only partial genomes to compare,
assembly error was determined by examining the inconsistencies in physical locations
separated by 1 and 10 Mb of assembled de novo contig relative to the reference genome. For
all assemblies, the inconsistencies were low, between 0.6% and 2%. These results
demonstrate linked read assemblies in humans can generate relatively complete genomes
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with few errors. However, more work is needed to assess the use of linked reads in nonhuman genomes and to provide a global assessment of its assembly quality.
The maize genome serves as an excellent model to assess the quality of a genome
assembly strategy such as one based on linked reads. This is because while the maize genome
is more repetitive and contains more complex structural variants among individuals as
compared to the human genome (3,23) the availability of genetically stable inbred lines
makes it possible to sequence the same genome multiple times. Further, because these
inbreds are fully homozygous, our analyses could focus on the accuracy of assembly in the
absence of the confounding effects of heterozygosity during genome assembly. The maize
reference genome was initially assembled using a BAC-by-BAC approach that generated a
high-quality reference of the B73 inbred. Here we report the generation of a de novo
assembly of the maize B73 genome using 10x Genomics linked reads and a comparison of
this assembly to the published B73 reference genome. Our results will help guide the
application of linked reads technology to for assembling plant genomes.

Materials and Methods
High molecular weight DNA preparation, sequencing, and assembly
Before tissue collection one-month old greenhouse grown maize plants were
transferred to a dark growth chamber for 48 hours to minimize the extraction of chloroplast
DNA. Leaves were harvested and ground to a powder in liquid nitrogen using a mortar and
pestle. DNA was extracted from the frozen tissue using the Gentra Puregene Cell Kit [Qiagen
(Valencia, CA), No. 158745] following the manufacturer’s protocol modified as follows to
reduce the risk of shearing long DNA molecules. All mixing was done by gentle inversion.
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Briefly, 3 mL of Cell Lysis Solution were mixed with 100 mg of ground tissue, followed by a
60-minute incubation at 65°C. RNA was removed by adding 15 uL of RNase A Solution,
followed by incubation at 37°C for 15 minutes. Samples were cooled to room temperature
and after adding 1 mL Protein Precipitation Solution thorough mixed before being
centrifuged at 2,000x g for 10 minutes, after which the supernatant was decanted into a new
tube containing 3 mL of 100% isopropanol. After gentle inversion, the sample was
centrifuged at 2,000 x g for 5 minutes. The isopropanol was decanted, and the remaining
pellet washed with 3 mL of 70% ethanol, followed by centrifugation at 2,000 x g for 5
minutes. After decanting the ethanol and air drying, the pellet was re-suspended in 200 uL of
DNA Hydration Solution. The extracted DNA molecules were visualized via pulsed field gel
electrophoresis on a CHEF-DR II [Bio-Rad (Hercules, CA)] instrument run at 6 V/cm with a
0.1- to 40-sec pulse time for 16 hours. Sizes were determined via comparison to the Lambda
PFG Ladder (New England Biolabs (Ipswich, MA) No. N0341S) (Supplementary Figure 1).
The resulting high molecular weight DNA was prepared for GEM library creation
following the standard protocol from Chromium Genome Reagent Kit User Guide Rev A
(CG00022 RevA) using the Chromium Genome Library Kit, Gel Bead Kit & Multiplex Kit
V1 [10x Genomics (Pleasanton, CA) No. PN-120229] with the modification of using 0.9 ng
of genomic DNA input (~355 genome equivalents). The fragment size of the prepared library
was assessed using a Fragment Analyzer II [Advanced Analytical (Ankeny, IA)]. The library
was sequenced on a single lane of HiSeq X Ten, which generated 370,544,466 150 bp paired
end reads, which were assembled into scaffolds using the Supernova Assembler version 1.1
(12), setting the “style” parameter to “pesudohap”.
Alignment to the B73 reference genome
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The linked reads were aligned to the nuclear B73 reference genome AGPv2 (23)
using both GSNAP, an alignment program that does not use linked read information, and
LongRanger V2.1.3 (https://support.10xgenomics.com/genomeexome/software/pipelines/latest/installation), which incorporates linked read information.
Prior to aligning with GSNAP, the 10x barcodes were removed from each read using
the LongRanger basic command. These debarcoded reads were then aligned to the AGPv2
reference genome. Only confidently mapped reads were used for subsequent analyses, which
were those which uniquely aligned to the genome with at least 50 bp aligned, at most 2
mismatches every 40 bp and less than a 3 bp tail for every 100 bp of read.
To enable LongRanger alignments, the B73 AGPv2 reference genome was converted
to a longranger reference using the mkref command. The linked reads were input directly
into the software without pre-processing and without altering the default settings using the
align command and specifying the AGPv2 reference. Genome coverage for both alignments
was determined using the SAMtools (33) depth command with “-q” set to 15.
Checking assembly quality via comparisons to the B73 reference genome
Because the maize reference genome is based on the B73 inbred line, the quality of
the B73 LR assembly could be assessed via comparisons to the reference genome.
Assembled scaffolds contain runs of “N”s where the assembler inferred proximity without
read coverage in that region. For comparison with the AGPv2 reference genome, the
scaffolds were split into contigs where “N”s appeared (Figure 1A and B) Contigs were then
aligned to the AGPv2 reference genome. The reference genome similarly contains runs of
100 “N”s that represent the junctions between REF contigs which were also split for
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subsequent analyses. Removing the first and last 40 bases of each sequence from the FASTA
file generated trimmed LR contigs.
Comparing contig overlaps
The GenomicRanges R package (16) was used to determine the proportion of bases
covered by multiple assemblies, the overlap between contigs and MAGI contigs (26), and the
number of genes covered by the assembly. For comparisons between assemblies and with the
MAGI contigs, the alignment positions to the reference genome from each set of contigs
were compared to identify overlap. To determine error with the MAGI contigs, the position
of the tail breakpoint for tails ≥ 5bp of MAGI and LR contigs in the genome was identified.
If a contig from the other dataset had an alignment that covered the tail breakpoint with no
tail, this was evidence that the contig with a tail was in error (Supplementary Figure 6). Gene
information for AGPv2 was downloaded from MaizeGDB. The start and stop positions of the
canonical transcripts were used to define the location of a gene, and these positions were
compared to the initial contig alignments and tail locations.
Simulation of linked reads
Linked reads were simulated from the B73 AGPv2 reference genome using LRSim
(16). Because our input DNA appeared to have molecule sizes > 50 kb, we simulated data
similar to our empirical data, and also with and higher average molecule size (50 and 80 kb)
and number of reads (400 and 800 M). As we were trying to simulate data resembling the
empirical data which is from the same genotype as the reference genome, we skipped the
variant simulation step by generating a fai file directly from the reference fasta file using
SAMtools and starting the simulation at -u 2. All other parameters were left at their default
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values. Following simulation, the three sets of simulated reads were assembled and quality
was assessed as described above for the empirical data.
Machine learning
A hybrid machine learning approach was developed and applied based on the concepts
of Markov modeling (34,35) and Deep Learning (36) to classify the LR contigs. First,
observable Markov transition matrices (37,38) are learned from the gene sequences and then
a deep convolutional neural network (CNN) (39,40) was trained to classify them. Multiple
convolutional layers were used with ReLU activations followed by max pooling layers and
finally, a fully connected (FC) layer was used before the final output layer with ReLU
activation. Dropout and batch normalization techniques were also used to resolve overfitting
issues. The hyper-parameters (e.g., number of CNN layers and learning rate) for the CNN
model were chosen carefully via several experiments to obtain high performance in
classification.

Results
Linked read alignment to the B73 reference genome
High molecular weight DNA was extracted from B73 leaf tissue (Supplementary Figure 1)
and linked read libraries were prepared using the Chromium Genome instrument. The
Chromium linked read libraries were sequenced using one Illumina HiSeqX lane which
yielded 370,544,466 150bp paired end (PE) reads. Before assembly, we used both our
standard GSNAP alignment pipeline and the 10x Genomics LongRanger alignment pipeline
to align reads to the B73 reference genome to determine coverage across the genome. Based
on the results from GSNAP alignment, 58.5% (433,168,634/741,088,932) of single-end reads
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uniquely aligned to the B73 reference genome AGPv2 (Schnable et al., 2009). These
uniquely aligned reads covered 95.9% (1,962,750,483/2,045,703,061 bases) of the reference
genome. The LongRanger alignment pipeline mapped a higher percent of reads (86.2%),
which is expected as this pipeline utilizes the linked read barcodes to further target
alignments to defined regions of the genome. Even though LongRanger mapped 25% more
reads than GSNAP, the LongRanger pipeline only increased the percent of the reference
genome covered by ~3%, to 98.9% (2,020,251,435/2,045,703,061).
B73 linked read assembly
Next, reads were assembled using the Supernova software. The linked read (LR)
assembly contained 171,982 contigs and scaffolds ≥ 1 kb with an N50 of 89 kb
(Supplementary Figure 2A). For subsequent analyses the 26,443 LR scaffolds that contained
runs of “N”s denoting scaffolding were split into the corresponding LR contigs (Figure 1B).
In total, after splitting scaffolds this assembly contained 234,153 contigs and had an N50 of
14.5 kb (Supplementary Figure 2C).
Assessing the quality of the LR assembly
Our first approach for assessing the quality of the LR assembly was to determine
whether scaffolds were derived from single input DNA molecules. To do this we examined
the relative alignment positions to the B73 reference genome of “contig pairs”, i.e., those
originating from the same scaffold (Figure 1A). If an LR scaffold was correctly assembled,
the contig pairs would be expected to align to the genome close to each other. 81.4%
(6,147/7,553) of the contig pairs that could be aligned well to the reference genome aligned
to the same chromosome. In addition, the alignment positions of 95.0% (5,840/6,150) of
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these contig pairs were within 30 kb of each other (Supplementary Figure 2B) suggesting that
they were likely derived from the same input DNA molecule.
Our second approach for assessing the quality of the LR assembly was to compare the
GC and repetitive content of the LR contigs and contigs from the B73 reference genome,
which will be designed REF contigs (Figure 1B). To do this, we first split the scaffolded B73
reference genome into 2,526 REF contigs as described above for the LR scaffolds. The LR
and REF contigs had similar GC contents (46.0% and 46.9%, respectively). In contrast, the
LR contigs had reduced repetitive content relative to the REF contigs (65.5% and 76.3%,
respectively), as determined following a repeat masking procedure (24) even though the REF
contigs are longer (Supplementary Table 2) suggesting that the Supernova software was less
successful at assembling repetitive than non-repetitive sequences.
Our third approach for assessing the quality of the LR assembly was to align the LR
contigs to the REF contigs using NCBI BLAST v2.3.0. 222,531 (95.0%) of the LR contigs
aligned uniquely to REF contigs with ≥95% identity. In total, 50.1%
(1,038,934,839/2,045,703,061 bp) of the concatenated length of the REF contigs was covered
by at least one LR contig. 25,936 contigs aligned at the end of a REF contig and hence the
quality of these contigs could not be determined, and the following analyses did not consider
these LR contigs. 80.8% (156,841) of the remaining LR contigs were fully aligned to REF
contigs, while 20.2% (39,754 contigs) exhibited tails when aligned to REF contigs (Figure
1C). Most of these tails were, however, short relative to contig lengths (Supplementary
Figure 2D).
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Trimming LR contigs improves assembly quality
Because most of the tails associated with LR contigs are quite short (Supplementary
Figure 2D), we hypothesized that modestly trimming both ends of all LR contigs would
substantially improve assembly accuracy. Many SNP calling pipelines employ a similar
trimming strategy on individual reads to improve accuracy because the base calls at the ends
of reads typically have higher error rates (25). A potential trade-off associated with trimming
is data loss. However, we estimated that ignoring 40 bases on each end of each LR contig
would increase the frequency of fully aligned contigs (i.e., those without tails) from 80% to
94% with a loss of only ~1% of the total bases included in LR contigs (Supplementary Figure
3). Hence, we trimmed 40 bases from all LR contigs and aligned these trimmed LR contigs
to the REF contigs. While the percentage of contigs with a unique alignment remained the
same (95.0%, 222,245/233,905), the frequency of fully aligned contigs increased from 79%
to 91% (179,237/197,049) (Table 1). 99.5% (220,150/221,364) of trimmed and untrimmed
LR contigs aligned to the same genomic region. All subsequent analyses are based on
trimmed LR contigs (Supplementary Figure 2E and F).
The nature of assembly errors
As discussed above, 9% of trimmed LR contigs still exhibited an alignment tail.
Determining the causes for these alignment tails has the potential to provide strategies to
improve future assemblies and may suggest approaches to identify contigs that are likely
contain assembly errors. Alignment tails could arise via two types of assembly errors. First,
the tail could be completely or partially misassembled, potentially as a consequence of repeat
content. Second, the tail itself could be a correct assembly, but the junction between the tail
and the initial aligned region of the contig is incorrect (i.e., a chimeric contig). To distinguish
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between these two possibilities, we asked whether tails could be fully aligned to other
regions of the REF contigs. The tail region of each LR contig was removed in silico to create
a set of “tail-derived contigs” (Figure 1D). The distribution of the lengths of the resulting
tail-derived contigs is shown in Supplementary Figure 2Error! Reference source not
found.F. The 11,629 tail-derived contigs longer than or equal to 30 bp were aligned to the
REF contigs and categorized as described above for LR contigs. Of these, 56%
(8,855/11,629) aligned to the REF contigs uniquely (Supplementary Table 1). The percentage
of tail-derived contigs that aligned uniquely to the REF contigs was lower than for LR
contigs (56% vs. 95%), probably at least in part due to the short lengths of most tail-derived
contigs. The percentages of uniquely aligned tail contigs (6,566/8,184, 80.2%) that fully
aligned to the REF contigs was lower than uniquely aligned LR contigs (91%), but suggests
that chimeric assembly is a major contributor to alignment tails.
The 6,391 LR contigs that contain a tail-derived contig and that exhibit full alignment
to unique positions in the genome will be referred to in subsequent discussions as “chimeric
contigs” (Figure 1E). We hypothesized that the chimeric contigs can be generated via the
collapse of repeats during assembly. To test this hypothesis, we examined the repeat contents
of the aligned regions of individual chimeric contigs, their tails, and the junctions between
the two. Overall, the repetitive content of the fully aligned contigs was similar to that of the
aligned regions and tail contigs of chimeric contigs (67.9% vs. 62.7% and 60.9%,
respectively). However, the percent of junctions where the base before the breakpoint was
located in a repeat region was quite high at 87.0% (5,560/6,391). These results suggest that
chimeric contigs are formed between two correctly assembled sequences as a consequence of
the assembly-induced collapse of repeats. Examining the alignments of the two regions of
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individual chimeric contigs show that typically both regions contain similar repeats (ex.
Supplementary Figure 4).
If the linked read library construction strategy were successful, chimeric contigs
would be expected to be assembled from adjacent regions of genome. To test this hypothesis,
we examined the distance between the alignment positions of the two regions of individual
chimeric contigs relative to the reference genome. For 72.2% (4,741/6,391) of the chimeric
contigs both regions aligned to the same chromosome. Because the maize genome contains
10 chromosomes, this would be expected to happen by chance ~10% of the time. Hence, this
result implies that the joining of two contigs into a chimeric contig is non-random. Consistent
with the molecule lengths we extracted during DNA isolation, for 86.8% (4,117/4,741) of
chimeric contigs the two regions aligned within 30 kb of each other relative to the reference
genome. Hence, while the use of linked read libraries clearly enhances genome assembly,
the current assembly algorithms do not fully resolve all repeat-association challenges in
genome assembly.
Using MAGIs to Assess Quality of LR Contigs
In the analyses reported so far, we attributed all differences between the LR contigs
and the reference genome to assembly errors in the LR contigs. This approach makes the
assumption that the reference genome is absolutely correct. Given the high quality of the
reference genome that was generated via BAC-by-BAC sequencing this is not an
unreasonable assumption, but we wanted to examine an independent assembly that would
allow us to use a voting scheme to identify truth and thereby determine whether assembly
errors detected via misalignment between the LR contigs and the reference genome should be
assigned to the LR contigs or to the reference genome. To do this, we compared the REF
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contigs and LR contigs with a gene-enriched assembly (MAGIv3.1), which predates the
reference genome but that has been shown to exhibit a high degree of assembly accuracy
(26). MAGI contigs are shorter than LR and REF contigs (Supplementary Figure 5A and B).
A total of 114,173 MAGI contigs were aligned to the REF contigs as described above for the
LR contigs. The MAGI and the LR contigs had similar percentages of unique alignments
(96.2%, 109,664/114,173 vs. 95%, respectively) (Supplementary Table 1). However, a
slightly larger percentage of the MAGI contigs fully aligned to the REF contigs than did the
trimmed LR contigs (94%, 101,265/107,582 vs. 91%) (Table 1).
The alignments of all 109,664 MAGI contigs and all 222,245 trimmed LR contigs
that aligned to a REF contig were compared to identify assembly errors. Errors were detected
as illustrated in Supplementary Figure 6. The region of a REF contig to which 15.6%
(34,571/222,245) of the LR contigs aligned at least partially overlapped the region of that
REF contig to which a MAGI also aligned. For 8.1% (2,792/34,571) of LR contigs, aligned
MAGI sequences provided additional evidence that the LR contig tail was a true error.
MAGI contigs were more accurate than LR contigs because only 2.6% (909/34,571) of LR
contigs provide evidence of MAGI sequence error. For only 0.4% (148/34,571) of LR
contigs, both the LR contig and MAGI had evidence of a tail error. This could indicate both
the LR contig and MAGI or the REF contigs are assembled in error. The repeat content of
MAGI contigs was much lower than that of LR and REF contigs (11.6% vs. 65.5% vs
76.3%). The error as determined via alignments to MAGIs was similar to that as determined
via alignment to the reference genome (92 vs. 91%).
Gene content of the LR assembly
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The quality assessments described above consider the entire assembly, but for some
applications the coverage and quality of the assembly of the gene space is most relevant.
We therefore asked about both the proportion of the gene space covered by the LR assembly
and the accuracy of the gene space assembly. As a proxy for the gene space, we used the
canonical gene transcript positions defined by the transcription start and stop sites from the
filtered gene set (FGS; ZmB73_5b_FGS), a set of high-confidence maize genes. In total,
44.0% (17,440/39,656) of FGS genes were fully or partially covered by LR contigs, with
33% of the total gene space (54,190,091/161,243,349 bases) covered by LR contigs. Of those
FGS genes that were fully or partially covered by LR contigs, 66.5% (11,581/17,440) were
fully covered by a single LR contig, 21.1% (N=3,683) were partially covered by a single LR
contig, and 12.5% (N=2,176) were covered by multiple LR contigs. Many of the FGS genes
covered by multiple LR contigs (68.3%, 1,731/2,176) were partially covered by two or more
non-overlapping contigs that were not joined by Supernova.
The existence of an LR contig tail within a gene is an indication of an assembly error.
22% (1,153) of the 3,683 genes partially covered by a single LR contig exhibit a tail. In
61.8% (713/1,153) of these cases the assembly error is located within an intron. Thus, at least
6.8% (1,153/16,995) of genes with non-overlapping contigs contain a detectable assembly
error, and nearly two thirds of these errors occur in the introns which are generally more
repetitive than exons. As discussed above, the accuracy of LR contigs in gene-rich regions
covered by MAGI contigs is only slightly higher than the overall accuracy of the LR contigs
(92% vs. 91%). The finding that 2/3 of the errors in gene-rich regions occur in repetitive
introns leads us to conclude that the Supernova assembles non-repetitive regions more
accurately than repetitive regions.
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Linked read coverage of contigs and the genome
As discussed above, only 58% of reads aligned uniquely to the genome, but 96% of
the genome was covered by one or more uniquely aligned linked reads. In contrast, only 50%
of the genome was covered by uniquely aligned LR contigs, and this percent only increased
to 63% if the concatenated length of the LR contigs is considered. These results indicate
either that the Supernova assembler is not incorporating some reads into contigs or that some
reads are being incorrectly incorporated into contigs, or both.
Regions of the genome with no corresponding LR contig assemblies may lack
sufficient read depth for proper genome assembly. To check this possibility, we compared
the coverage of uniquely aligned reads to the regions of the reference genome with aligned
contigs and without aligned contigs. Unsurprisingly, read coverage was higher in regions of
the genome with LR contig alignment (Supplementary Figure 7). The depth of coverage may
be the cause of whether or not a certain region of the genome is assembled. However, it is
also possible that the lower coverage in regions without contigs is because these regions are
repetitive with few best alignments.
Reads that align to the reference genome but not to the LR contigs are likely not
being incorporated into contigs by Supernova. When examining whether reads align to the
reference genome, the LR contigs, or both, 8% of aligned reads (39,081,801/519,248,347)
were found to have a best alignment in the reference genome only. While these reads may
not be used in LR contig assembly, they also aren’t prevalent enough to account for the
~45% of the genome that isn’t covered by LR contigs. An additional 30%
(221,840,585/741,088,932) of all reads do not have a best alignment to either reference
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genome or the LR contigs and instead align to multiple locations. For these reads, it is
unclear if they are being incorrectly incorporated into contigs or not used.
Simulation of linked reads
The results presented thus far are based on a single linked read library. Certain
questions are impossible to answer with only a single library, such as how often the same
regions are assembled, whether increasing the length of the input DNA molecules for linked
read library preparation, or whether increasing the number of reads generated from each
linked read library may improve assembly. The 370M linked reads we generated were
derived from input molecules whose modal length was estimated to be > 50 kb
(Supplementary Figure 1). Recently software (LRSim (16)) has been released to simulate
linked reads. Access to simulated linked reads allowed us to evaluate if increases in the
lengths of input molecules (e.g., via improvements in DNA purification) or increased depths
of sequencing would affect the quality of genome assembly. Linked reads were simulated
and assembled using three different sets of parameters: 50 kb molecule length with 400 M
reads (Simulation 1, which was designed to match our empirical data), 50 kb molecule length
with 800 M reads (Simulation 2), and 80 kb molecule length with 400 M reads (Simulation
3). The simulated reads were then assembled as described for the empirical linked reads.
The Simulation 1 and empirical assemblies had similar numbers of LR contigs with
similar lengths (Supplementary Table 2). However, as compared to the empirical LR contigs,
more of the Simulation 1 LR contigs were fully aligned to REF contigs (Table 1). In addition,
fewer contigs couldn’t be assessed in the simulated LR contigs than empirical LR contigs due
to aligning at the end of a REF contig.
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The number of LR contigs from Simulation 1 and Simulation 2 with increased
molecule lengths was similar with no apparent improvement in repeat content or molecule
length (Supplementary Table 2). The quality of the assembled simulated LR contigs was also
very similar, suggesting increasing the molecule length beyond 50 kb likely will not improve
the assembly significantly. Similar to increasing the input DNA molecule length, doubling
the number of sequencing reads in Simulation 3 relative to Simulation 1 did not appear to
improve the amount of genome covered by the LR assembly (Supplementary Table 2) or the
quality of the assembled contigs (Table 1). Trimming the simulation LR contigs as described
for the empirical LR contigs decreased the number of simulation LR contigs with errors, but
to a lesser degree (~2%) than observed for the empirical LR contigs (~10%) (Supplementary
Table 3).
Overlap of empirical and simulation assemblies
From the empirical data alignments, it is not possible to determine how evenly the
genome was sampled by sequencing. However, the simulated data was generated evenly
across the genome. If repeat content precludes assembly, the unassembled regions should be
non-random and shared between simulation and empirical data experiments. The union of
reference genome bases covered by aligned LR contigs from the empirical data and the three
simulation experiments is 1,604,257,525. 48% of these bases are covered by LR contigs in all
four data sets (Supplementary Figure 8A), suggesting some regions of the genome are easily
assembled by linked reads. Another 18% of bases are covered by all simulation experiments
but not the empirical data, suggesting there may be some genomic regions that do not have
sufficient coverage for assembly in the empirical data.
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In contrast, regions of the genome with errors do not appear to be shared. As the tail
junction may not be identical in multiple experiments, the aligned regions of the LR contigs
with tails were examined for overlap. The overlap between all experiments is low at 0.3%
(201/65,383 contigs with tails). More than ½ of the LR contigs with tails from each of the
experiments are unique to that experiment (Supplementary Figure 8B). The uniqueness of
contigs with tails to an experiment only decreases by ~10% when the flanking 1 kb on each
side of the contig alignment is also considered. This suggests that while accurately assembled
regions are consistent from experiment to experiment, incorrect chimeric assembly may not
occur predictably.
Distinguishing correctly assembled contigs from chimeric contigs
Machine learning is the process of developing algorithms that “learn” the properties
of large, complex data, such as identifying features of genomes (27). A machine learning
approach (Methods) was applied to the untrimmed LR contigs to determine if LR contigs
with no assembly errors could be identified without alignment to a reference genome. A
training set of 40,000 LR contigs, half with and half without assembly errors (as determined
via alignment to the REF genome), were used as a training data set for the model. 6,000 of
the remaining LR contigs, half with and half without assembly errors, were tested to
determine the accuracy of the model on the untrimmed LR contigs. The training accuracy
and testing accuracy were 99.07% and 79.80%, respectively. 80% of fully aligned LR contigs
without error were correctly classified as without error, while 71% of LR contigs with tails
were correctly classified as containing errors. Accuracy of the model on the trimmed LR
contigs was slightly lower (97.1% for training and 76.3% for testing), potentially due to the
smaller number of contigs with tails for training and testing (32,000 instead of 40,000 for
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training and 2,000 instead of 6,000 for testing). The success of this basic implementation of
machine learning in distinguishing between contigs assembled with and without errors
suggests that contigs containing assembly errors may contain identifiable patterns.
Comparison to an assembly created without long molecule information
Linked reads contain long molecule information that Supernova uses during
assembly. To determine the value of the long molecule information in assembly, LR reads
were debarcoded and then assembled using ABySS, which does not make use of long
molecule information. The ABySS assembly software generated 10,753,582 unitigs, which
resemble LR contigs in that they contain no scaffolding “N”s. The contigs from the ABySS
assembly have a mean length of 208 bp with a median of 111 bp compared to the longer LR
contigs which have a mean length of 5,481 bp and a median of 2,144 bp (Supplementary
Figure 5C). ABySS does not implement a minimum length cutoff unlike Supernova. Even
so, the maximum length of ABySS contigs is shorter than the LR contigs (Supplementary
Figure 5A and C).
While it is clear that Supernova generates longer contigs using the linked read
information, we wanted to confirm whether the quality or coverage of the longer Supernova
contigs was compromised relative to the ABySS contigs. ABySS contigs align uniquely to
the REF contigs at a much lower rate (48.4 vs 95%) than LR contigs (Supplementary Table
1). This appears to be primarily a function of length, as short LR contigs are also less likely
to align uniquely (
Supplementary Figure 9). The quality of ABySS assembled contigs was higher with
more contigs aligning fully than LR contigs (99 vs. 91%; Table 1). In total, the longer LR
contigs covered 50.1% of the genome while the shorter ABySS contigs covered 68.7% of the
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genome (1,405,300,342/2,045,703,061 bases). However, the Supernova assembler does not
report scaffolds less than 1 kb. When requiring a sequence length > 1kb, the genome
coverage of Supernova contigs was 49.1% for LR contigs. In contrast, only 42.9% of the
genome was covered by ABySS contigs > 1kb. In conclusion, Supernova generates longer
contigs than does ABySS without sacrificing assembly quality or coverage.

Discussion
Quality and coverage of the linked read assembly
We used linked read technology to generate a de novo assembly of the maize inbred
line B73. To the best of our knowledge this study is the first published description of a de
novo assembly of a non-human nuclear genome from linked reads and as such provides an
opportunity to evaluate the suitability of this technology for the assembly of non-human
genomes which differ substantially in structure from the human genome. Maize is an
excellent model to assess the quality of an LR assembly because an independent, high-quality
reference genome generated from the B73 inbred line via BAC-by-BAC sequencing is
available for comparison to our LR assembly. Even though our linked reads cover >95% of
the B73 genome, the 171,982 scaffolds in our LR assembly cover only 50% of the B73
genome and, surprisingly, less (33%) of the gene space. Detailed QC of the LR contigs that
comprise these scaffolds demonstrated that they were 10 times longer than contigs generated
in an independent assembly of the same sequencing data but without reference to linked read
information (Supplementary Figure 6). This length and accuracy of LR contigs and scaffolds
is likely at least in part a function of Supernova’s ability to accurately exploit proximity
information during assembly (Table 1, Supplementary Table 2). Although most (91%) LR
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contigs are assembled correctly, many of those errors that are present are associated with
repetitive sequences, suggesting that at least some types of repeats are challenging for
Supernova. Surprisingly, simulation experiments in which molecule length was increased (50
to 80 kb) or the number of sequencing reads was doubled (400 to 800M) did not substantially
improve the quality of the assembly nor the amount of genome covered (Supplementary
Table 2). These findings also suggest that the distributions and/or characteristics of repetitive
sequences in the maize genome may be limiting to the current version of Supernova.
Consistent with this observation is the finding that genes without repeats are more likely to
be fully covered by the assembly than are genes that contain repeats.
At least 1% of maize genes are estimated to have a NIP (28), and approximately half
of the ~800 nearly identical paralogs (NIPs) identified in the maize genome are within 200
kb of each other (23). The 445 FGS genes covered by overlapping LR contigs may represent
cases of assembly-induced collapse of NIPs and totally identical paralogs (TIPs) in the REF
genome. We suspect this is because Supernova is able to exploit linked read information to
distinguish closely linked copies of NIPs and TIPs that were not distinguished during the
BAC-by-BAC sequencing used for the assembly of the maize reference genome.
Comparing human and maize assemblies
Previously the only nuclear genomes de novo assembled using LR technology have
been human. Even though the human and maize genomes have similar sizes (~2.5 Gb vs.
~2.3 Gb), the human de novo LR assemblies generated scaffolds with N50s that were 10x
larger (12) than the N50s of our maize assembly. Although the human assemblies were
based on 56x coverage, as compared to our 45x coverage for the maize assembly, as
discussed above, our simulation experiments suggested that coverage was not limiting N50 in
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maize. Instead, we believe that Supernova is challenged by the nature and/or distribution of
at least some repeats present in the maize genome. The human genome has a much lower
proportion of repeats with different features than the maize genome. In humans, ~50% of the
genome is comprised of repetitive content, of which almost half are LINE elements (29).
Half of these are L1 elements, which are only ~6 kb when fully intact (30). In contrast, ~7585% of the maize genome is repetitive with ~70% of these repeats originating from ~1-2 kb
Copia and Gypsy LTR retrotransposons (23,31). While the shorter length of individual maize
LTR retrotransposons would be expected to be easier to assemble, these repetitive elements
are often found in blocks of 20-200 kb long and form complex structures of nested repeats
(32). These blocks of repetitive content may not be completely spanned by high molecular
weight DNA, and even when they are, within the blocks the same repeat may be present
multiple times, making resolution of individual repeats more difficult. Furthermore, the nonrepetitive sequences may be assembled but interspersed with repeats such that the assembled
contigs do not pass Supernova’s minimum length requirement (1 kb). Supporting this
hypothesis, the mean distance between masked repeats in the REF contigs is 431 bp, and the
median is only 92 bp. In addition, only 68% of maize transcripts are longer than 1.5 kb and
this may explain the reduced coverage of genes. Based on the extensive repetitive content of
maize, the high coverage of the genome by aligned linked reads may seem surprising.
However, while the complex repeat structure of maize makes assembly challenging, the same
structures make unique alignments of individual reads more likely to be identified.
Strategies to adapt LR technology for assembling complex plant genomes
Machine learning identifies patterns in complex data sets (27). A machine learning
strategy was able to distinguish with ~79% accuracy between LR contigs assembled with and
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without errors. The success of the machine learning approach to identifying contigs with
errors suggests there are patterns associated with the assembly errors. Our analyses
demonstrate that the quality of LR data is high and suggest that repetitive sequences are a
major factor limiting accuracy and coverage in the current assembly approach. If so, LR
assemblies could potentially be further improved via computational adjustments to
Supernova. Supernova primarily uses LR barcode information for initial filtering of linked
reads and to extend scaffolds after initial assembly (12). For example, contig coverage and
quality could potentially be improved if barcode information were more fully utilized during
assembly. For instance, barcode information could be used to identify regions of scaffolds
that align to more than the expected numbers of barcoded input DNA molecules, potentially
as a consequence of repeat collapse; these regions could be tagged as potential errors and/or
flagged for additional processing. Additionally, higher stringency during de Brujin graph
construction or bubble formation steps of the Supernova assembly that use individual linked
reads also has the potential to improve the assembly. Improvements to the assembly of
repeats may also improve the coverage of the assembly. Our data suggest that repeat collapse
is causing regions between pairs of closely linked repeats to remain unassembled
(Supplementary Figure 4). This could result in either of two negative consequences. First,
reads between the pairs of repeats may not be assembled or if the reads between the repeats
are assembled the resulting contig may be shorter than the 1 kb cut-off employed by
Supernova. We suspect either or both of these consequences may account for reduced
coverage of the maize genome in the LR assembly and in particular the underrepresentation
of short genes in the LR assembly. If so, developing strategies to avoid repeat collapse may
be applied. For example, methods to assess coverage could be used to identify and correct
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potential cases of repeat collapse. The combination of increased use of barcode proximity
information, increased stringency during assembly, and incorporating depth of read coverage
to assess the accuracy of assembled contigs has the potential improve LR assembly.
Potential of LR assemblies for analyzing complex plant genomes
Our analyses demonstrate that Supernova is capable of generating highly accurate
contigs, but that only ~50% of the maize genome can be assembled. This is probably a
consequence of the unique distribution and/or content of repeats in the maize genome as
compared to the human genome for which Supernova was developed. Our analysis involved
the assembly of a homozygous (i.e, an inbred) line; however, the software is able to handle
heterozygosity based on the fact that the linked read strategy has been applied successfully to
(heterozygous) human genomes. To the extent that Supernova could be tuned for the
assembly of complex plant genomes, the linked read strategy has great potential for the de
novo assembly of complex plant genomes. Specifically, by offering the possibility of
distinguishing between homeologous regions of genomes, the long molecule information in
linked reads may enable the more accurate assembly of complex genomes, such as the
genomes of the many polyploid plants.

Acknowledgements
The authors thank Dr. Thomas Peterson (Iowa State University) for the use of his Pulsed
Field Gel Electrophoresis equipment. Alina Ott was supported in part by fellowships from
Iowa State University’s Office of Biotechnology and Plant Sciences Institute and a National
Science Foundation Graduate Research Fellowship (Grant No. DGE1247194). Any opinions,

77
findings, and conclusions or recommendations expressed in this material are those of the
authors and do not necessarily reflect the views of the National Science Foundation.
References
1.

Goodwin, S., McPherson, J.D. and McCombie, W.R. (2016) Coming of age: ten years
of next-generation sequencing technologies. Nat Rev Genet, 17, 333-351.

2.

Feuillet, C., Leach, J.E., Rogers, J., Schnable, P.S. and Eversole, K. (2011) Crop
genome sequencing: lessons and rationales. Trends Plant Sci, 16, 77-88.

3.

Springer, N.M., Ying, K., Fu, Y., Ji, T.M., Yeh, C.T., Jia, Y., Wu, W., Richmond, T.,
Kitzman, J., Rosenbaum, H. et al. (2009) Maize Inbreds Exhibit High Levels of Copy
Number Variation (CNV) and Presence/Absence Variation (PAV) in Genome
Content. Plos Genet, 5.

4.

Chin, C.S., Alexander, D.H., Marks, P., Klammer, A.A., Drake, J., Heiner, C., Clum,
A., Copeland, A., Huddleston, J., Eichler, E.E. et al. (2013) Nonhybrid, finished
microbial genome assemblies from long-read SMRT sequencing data. Nat Methods,
10, 563.

5.

Bentley, D.R., Balasubramanian, S., Swerdlow, H.P., Smith, G.P., Milton, J., Brown,
C.G., Hall, K.P., Evers, D.J., Barnes, C.L., Bignell, H.R. et al. (2008) Accurate whole
human genome sequencing using reversible terminator chemistry. Nature, 456, 53-59.

6.

Utturkar, S.M., Klingeman, D.M., Land, M.L., Schadt, C.W., Doktycz, M.J.,
Pelletier, D.A. and Brown, S.D. (2014) Evaluation and validation of de novo and
hybrid assembly techniques to derive high-quality genome sequences. Bioinformatics,
30, 2709-2716.

7.

Lieberman-Aiden, E., van Berkum, N.L., Williams, L., Imakaev, M., Ragoczy, T.,
Telling, A., Amit, I., Lajoie, B.R., Sabo, P.J., Dorschner, M.O. et al. (2009)
Comprehensive Mapping of Long-Range Interactions Reveals Folding Principles of
the Human Genome. Science, 326, 289-293.

8.

Li, R.S., Hsieh, C.L., Young, A., Zhang, Z.H., Ren, X.L. and Zhao, Z.Y. (2015)
Illumina Synthetic Long Read Sequencing Allows Recovery of Missing Sequences
even in the "Finished" C. elegans Genome. Sci Rep-Uk, 5.

9.

Zheng, G.X.Y., Lau, B.T., Schnall-Levin, M., Jarosz, M., Bell, J.M., Hindson, C.M.,
Kyriazopoulou-Panagiotopoulou, S., Masquelier, D.A., Merrill, L., Terry, J.M. et al.
(2016) Haplotyping germline and cancer genomes with high-throughput linked-read
sequencing. Nat Biotechnol, 34, 303.

78
10.

Mostovoy, Y., Levy-Sakin, M., Lam, J., Lam, E.T., Hastie, A.R., Marks, P., Lee, J.,
Chu, C., Lin, C., Dzakula, Z. et al. (2016) A hybrid approach for de novo human
genome sequence assembly and phasing. Nat Methods, 13, 587.

11.

Seo, J.S., Rhie, A., Kim, J., Lee, S., Sohn, M.H., Kim, C.U., Hastie, A., Cao, H., Yun,
J.Y., Kim, J. et al. (2016) De novo assembly and phasing of a Korean human genome.
Nature, 538, 243.

12.

Weisenfeld, N.I., Kumar, V., Shah, P., Church, D.M. and Jaffe, D.B. (2017) Direct
determination of diploid genome sequences. Genome Res, 27, 757-767.

13.

Udall, J.A. and Wendel, J.F. (2006) Polyploidy and crop improvement. Crop Sci, 46,
S3-S14.

14.

Wood, T.E., Takebayashi, N., Barker, M.S., Mayrose, I., Greenspoon, P.B. and
Rieseberg, L.H. (2009) The frequency of polyploid speciation in vascular plants. P
Natl Acad Sci USA, 106, 13875-13879.

15.

Yeo, S., Coombe, L., Chu, J., Warren, R.L. and Birol, I. (2017) ARCS: assembly
roundup by chromium scaffolding. bioRxiv, 100750.

16.

Luo, R., Sedlazeck, F.J., Darby, C.A., Kelly, S.M. and Schatz, M.C. (2017) LRSim: a
Linked Reads Simulator generating insights for better genome partitioning. bioRxiv.

17.

Rasekh, M.E., Chiatante, G., Miroballo, M., Tang, J., Ventura, M., Amemiya, C.T.,
Eichler, E.E., Antonacci, F. and Alkan, C. (2017) Discovery of large genomic
inversions using long range information. Bmc Genomics, 18.

18.

MacDonald, J.R., Ziman, R., Yuen, R.K.C., Feuk, L. and Scherer, S.W. (2014) The
Database of Genomic Variants: a curated collection of structural variation in the
human genome. Nucleic Acids Res, 42, D986-D992.

19.

Saxena, R.K., Edwards, D. and Varshney, R.K. (2014) Structural variations in plant
genomes. Brief Funct Genomics, 13, 296-307.

20.

Altshuler, D.M., Durbin, R.M., Abecasis, G.R., Bentley, D.R., Chakravarti, A., Clark,
A.G., Donnelly, P., Eichler, E.E., Flicek, P., Gabriel, S.B. et al. (2015) A global
reference for human genetic variation. Nature, 526, 68.

21.

Coombe, L., Warren, R.L., Jackman, S.D., Yang, C., Vandervalk, B.P., Moore, R.A.,
Pleasance, S., Coope, R.J., Bohlmann, J., Holt, R.A. et al. (2016) Assembly of the
Complete Sitka Spruce Chloroplast Genome Using 10X Genomics' GemCode
Sequencing Data. Plos One, 11.

22.

Crepeau, M.W., Langley, C.H. and Stevens, K.A. (2017) From Pine Cones to Read
Clouds: Rescaffolding the Megagenome of Sugar Pine (Pinus lambertiana). G3-Genes
Genom Genet, 7, 1563-1568.

79
23.

Schnable, P.S., Ware, D., Fulton, R.S., Stein, J.C., Wei, F.S., Pasternak, S., Liang,
C.Z., Zhang, J.W., Fulton, L., Graves, T.A. et al. (2009) The B73 Maize Genome:
Complexity, Diversity, and Dynamics. Science, 326, 1112-1115.

24.

Emrich, S.J., Aluru, S., Fu, Y., Wen, T.J., Narayanan, M., Guo, L., Ashlock, D.A. and
Schnable, P.S. (2004) A strategy for assembling the maize (Zea mays L.) genome.
Bioinformatics, 20, 140-147.

25.

Del Fabbro, C., Scalabrin, S., Morgante, M. and Giorgi, F.M. (2013) An Extensive
Evaluation of Read Trimming Effects on Illumina NGS Data Analysis. Plos One, 8.

26.

Fu, Y., Emrich, S.J., Guo, L., Wen, T.J., Ashlock, D.A., Aluru, S. and Schnable, P.S.
(2005) Quality assessment of maize assembled genomic islands (MAGIs) and largescale experimental verification of predicted genes. P Natl Acad Sci USA, 102, 1228212287.

27.

Libbrecht, M.W. and Noble, W.S. (2015) Machine learning applications in genetics
and genomics. Nat Rev Genet, 16, 321-332.

28.

Emrich, S.J., Li, L., Wen, T.J., Yandeau-Nelson, M.D., Fu, Y., Guo, L., Chou, H.H.,
Aluru, S., Ashlock, D.A. and Schnable, P.S. (2007) Nearly identical paralogs:
Implications for maize (Zea mays L.) genome evolution. Genetics, 175, 429-439.

29.

Treangen, T.J. and Salzberg, S.L. (2012) Repetitive DNA and next-generation
sequencing: computational challenges and solutions. Nat Rev Genet, 13, 36-46.

30.

Rodic, N. and Burns, K.H. (2013) Long Interspersed Element-1 (LINE-1): Passenger
or Driver in Human Neoplasms? Plos Genet, 9.

31.

Baucom, R.S., Estill, J.C., Chaparro, C., Upshaw, N., Jogi, A., Deragon, J.M.,
Westerman, R.P., SanMiguel, P.J. and Bennetzen, J.L. (2009) Exceptional Diversity,
Non-Random Distribution, and Rapid Evolution of Retroelements in the B73 Maize
Genome. Plos Genet, 5.

32.

SanMiguel, P., Tikhonov, A., Jin, Y.K., Motchoulskaia, N., Zakharov, D.,
MelakeBerhan, A., Springer, P.S., Edwards, K.J., Lee, M., Avramova, Z. et al. (1996)
Nested retrotransposons in the intergenic regions of the maize genome. Science, 274,
765-768.

33.

Li, H., Handsaker, B., Wysoker, A., Fennell, T., Ruan, J., Homer, N., Marth, G.,
Abecasis, G. and Durbin, R. (2009) The sequence alignment/map format and
SAMtools. Bioinformatics, 25, 2078-2079.

34.

Rao, C., Ray, A., Sarkar, S. and Yasar, M. (2009) Review and comparative evaluation
of symbolic dynamic filtering for detection of anomaly patterns. Signal Image Video
P, 3, 101-114.

80
35.

Sarkar, S., Sarkar, S., Virani, N., Ray, A. and Yasar, M. (2014) Sensor fusion for fault
detection and classification in distributed physical processes. Frontiers in Robotics
and AI, 1, 16.

36.

Akintayo, A., Lore, K.G., Sarkar, S. and Sarkar, S. (2016) Prognostics of combustion
instabilities from hi-speed flame video using a deep convolutional selective
autoencoder. International Journal of Prognostics and Health Management, 7.

37.

Sarkar, S., Mukherjee, K., Sarkar, S. and Ray, A. (2013) Symbolic dynamic analysis
of transient time series for fault detection in gas turbine engines. Journal of Dynamic
Systems, Measurement, and Control, 135, 014506.

38.

Liu, C., Gong, Y., Laflamme, S., Phares, B. and Sarkar, S. (2016) Bridge damage
detection using spatiotemporal patterns extracted from dense sensor network.
Measurement Science and Technology, 28, 014011.

39.

Akintayo, A., Lee, N., Chawla, V., Mullaney, M., Marett, C., Singh, A., Singh, A.,
Tylka, G., Ganapathysubramaniam, B. and Sarkar, S. (2016) An end-to-end
convolutional selective autoencoder approach to Soybean Cyst Nematode eggs
detection. arXiv preprint arXiv:1603.07834.

40.

Balu, A., Ghadai, S., Young, G., Sarkar, S. and Krishnamurthy, A. (2017) A
Machine-Learning Framework for Design for Manufacturability. arXiv preprint
arXiv:1703.01499.

81
Figures and Tables

Figure 1. Types of assembled contigs and alignments to REF contigs. A) A contig pair is a
pair of contigs which are the only contigs originating from a single scaffold. B) Some
scaffolds contain “N”s that denote scaffolding of contigs from pairs of reads or linked reads
with common barcodes. After removal of “N”s, the remaining sequences are termed LR
contigs or REF contigs, depending on the origin of the scaffold. Removal of 40 bases from
both ends of an LR contig results in a trimmed LR contig. C) Trimmed or untrimmed LR
contigs are aligned to the REF contigs. Alignments are categorized as fully aligned, where
the entire contig aligns to a REF contig; alignments with tails, where a region of the LR
contig aligns to a REF contig but a region at either or both ends of the LR contig does not
align to the REF contig; or uncategorized, where the LR contig extends past the edge of a
REF contig. D) LR contigs with tails are divided into two regions: the aligned region and the
tail region. Tails can be removed in silico to generate a set of tail-derived contigs. E) LR
contigs with tails that fully align to a unique location in the genome on the same or a
different REF contig are termed chimeric LR contigs.
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Table 1. Categorization of contig alignments.
No. Contigs Uniquely Aligned to REF (% of total classified)
Trimmed
Category
LR
LR
MAGIs
Sim 11
Sim 22
Sim 33
ABySS
Contigs
Contigs
156,841
179,237 101,265
233,396 240,866 233,758 4,532,012
Fully aligned
(79.8)
(91.0)
(94.1)
(94.0)
(94.3)
(94.2)
(98.6)
39,754
17,812
6,317
14,785
14,443
14,429
63,859
With tails
(20.2)
(9.04)
(5.87)
(5.96)
(5.66)
(5.81)
(1.39)
Unclassified
25,936
25,196
2,083
8,074
7,438
8,862
18,463
Total
196,595
197,049 107,582
248,181 255,309 248,187 4,595,871
Classified

1

Simulation 1: 50kb molecule lengths and 400M reads
Simulation 2: 80kb molecule lengths and 400M reads
3
Simulation 3: 50kb molecule lengths and 800M reads
2
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CHAPTER 4. INTRAGENIC MEIOTIC EXHIBIT PREFERENCES FOR SYNTENIC
GENES AND CAN RESULT IN ALLELES WITH TRANSGRESSIVE EXPRESSION
LEVELS
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Abstract
Meiotic recombination is an evolutionary force which generates new haplotype
diversity upon which selection can act. While multiple studies have assessed genome-wide
patterns of recombination and specific cases of intragenic recombination, few studies have
assessed intragenic recombination genome-wide in higher eukaryotes. In addition, the role of
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recombination on the evolution of duplicated genomes requires further investigation. We
used RNA-sequencing data to identify recombination events within or near genes in a
population of maize recombinant inbred lines. Our data are consistent with case studies that
have shown that intragenic crossovers cluster at the 5’ end of some genes. Further, we
identified cases of intragenic crossovers that generate transgressive transcript accumulation
patterns, directly implicating recombination in the generation of new phenotypes upon which
selection could act. Thousands of apparent gene conversion events were identified, allowing
us to estimate the genome-wide rate of gene conversion at SNP sites (4.9 x 10-5). Following
genome duplication, maize underwent diploidization, providing an opportunity to study
patterns of recombination in syntenic genes, i.e., those that exhibit ancestral positions and
order versus non-syntenic genes. The proportion of the syntenic gene space within
chromosomal bins is positively correlated with crossover frequency, suggesting that
crossovers occur at higher rates in syntenic genes than in non-syntenic genes. Consistent with
this hypothesis, intragenic crossovers occur in syntenic genes two fold more frequently than
in non-syntenic genes. Increased rates of crossovers in syntenic genes could be either a
consequence of the evolutionary conservation of synteny or a process that helps to maintain
synteny.

Introduction
Meiotic recombination generates novel haplotypes upon which selection can act. As
such it can contribute to adaptation, speciation (1), and natural selection and breeding (2,3).
For example, natural selection and breeding depend upon the shuffling of genetic material
during meiosis that create novel haplotypes. These haplotypes can be novel combinations of
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alleles and/or the generation of recombinant alleles with novel functionalities. In addition,
recombination is essential for identifying associations between genic and phenotypic
variation (4). In many organisms, meiotic recombination events are not uniformly distributed
across the genome (5-7). As such, the cumulative effects of recombination over evolutionary
time have left signatures that can be observed in existing populations. Favorable haplotype
blocks can be maintained over evolutionary time in chromosomal regions that experience low
rates of recombination (8). Conversely, low rates of recombination can reduce the probability
of such favorable haplotype blocks being created in the first place. Low rates of
recombination also contribute to linkage drag in selective sweeps and breeding programs (9).
Generally, the suppression of meiotic recombination has been observed at the
pericentromeric regions (10-12). The lack of recombination between loci can contribute to
heterosis through pseudo-overdominance (13). The reduced rate of recombination in
pericentromeric regions has also been suggested to contribute to the accumulation of
deleterious alleles in these regions, and in fact maize recombinant inbred lines have been
used to determine that meiotic recombination is important in reducing genetic load as regions
with higher recombination tend to have reduced genetic load (10).
Recombination anywhere in the genome can generate new combinations of alleles
that form unique haplotypes containing multiple genes. These novel multi-gene haplotypes
may contain alleles with synergistic effects upon which selection can act. In addition,
recombination can also occur within single genes and generate new, recombinant alleles; for
example, by shuffling promoter or enhancer sequences or protein domains of varying
efficiencies. Studies in maize indicate that meiotic recombination occurs at high frequency in
non-repetitive genic regions (10,14). Case studies of individual genes have suggested that
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meiotic recombination events occurring within genes (intragenic recombination) occur more
often in 5’ ends of some genes (15,16), more often in 3’ ends of some other genes (17), or
show no obvious preference (18). A study of maize tetrads showed that cross-overs were
more likely to occur in the 5’ end of genes, followed by the 3’ end and the middle of genes
(19). However, this study was limited to a handful of genes due to the small number of
tetrads observed. The phenotypic importance of intragenic recombination has been shown in
studies in multiple species but has been limited to indirect associations or single genes (2023). Genes with intragenic recombination have been found to have higher expression in
segregating populations and be more likely to be present in genomic association intervals for
phenotypic traits than randomly selected genes in a maize diversity panel (24). The reciprocal
exchange of genetic information from crossovers has the potential to generate new alleles,
but so does the non-reciprocal exchange of genetic information (gene conversion). Gene
conversion events appear to follow similar patterns as crossovers with the majority occurring
within genes and at the 5’ and 3’ ends of genes in particular (19,25,26).
Whole genome duplications are historically abundant in plant genomes (27). Maize
underwent a recent polyploidization event between 5 and 12 million years ago that is not
shared by sorghum (28) followed by diploidization. Both the maize and sorghum genomes
are sequenced (29,30), making maize an excellent model to assess the effects of genomic
duplication. Maize contains two subgenomes relative to the unduplicated sorghum, termed
maize1 and maize2, where maize1 contains more shared genes with sorghum than does
maize2 (31). After the whole genome duplication, many maize genes were lost with evidence
for intra-chromosomal nonhomologous recombination as the cause (32). Genes retained at
syntenic (ancestral, collinear) positions have distinct genomic properties from non-syntenic
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genes. Non-syntenic genes have lower levels of methylation than syntenic genes, a pattern
suggesting non-syntenic genes may not be functional due to methylation, and are also more
likely to be expressed (33). In contrast, differences in methylation are not apparent between
the maize subgenomes, although maize1 genes are expressed at higher levels than maize2
genes. In addition, maize1 genes that lack a maize2 paralog explain more phenotypic
variation that do maize1 genes with maize2 paralogs (34).
Recombination rates in regions enriched for syntenic vs. non-syntenic genes have not
been explored, though the effects of recombination on synteny have been postulated. Meiotic
recombination results from the repair of double-stranded breaks (DSBs) that might otherwise
create deletions, rearrangements, or duplications. Presumably, regions with higher observed
rates of recombination experience higher overall frequencies of DSBs. It is, therefore,
tempting to speculate that gene order should evolve more rapidly in high recombination
regions (1). However, recombination occurs most often in functional genic regions, which
tend to be under strong selection, and deletions, rearrangements and duplications have the
potential to disrupt gene function. Therefore, selection may purge the majority of changes in
ancestral gene order occurring in high-recombination-genic regions. Consistent with this
second model, examinations of microsynteny patterns between rice and sorghum showed less
conservation of gene order in recombination-suppressed regions (35).
In this study, we genotyped 105 maize recombined inbred lines (RILs) derived from
two parental inbred line parents, B73 and Mo17, using RNA-seq and thereby identified 7,574
distinct crossovers. Consistent with prior studies, crossovers were most common along
chromosomal arms and least common in pericentromeric regions and at the ends of
chromosomes. A set of 562 genes that experienced one or more independent cases of
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intragenic crossover was identified. Importantly, we demonstrated that crossovers within
these genes can generate alleles with novel levels of transcript accumulation. We also
identified thousands of apparent gene conversion events which enabled us to provide the first
genome-wide estimate for the rate of gene conversion in maize. While crossover frequency
was correlated with overall gene density, this correlation results in large part from regions
enriched for syntenic genes, and regions enriched for nonsyntenic genes have a reduced
correlation with crossovers. Consistent with this observation, intragenic crossovers are
enriched for syntenic genes. Increased rates of crossovers in syntenic genes could be either a
consequence of the evolutionary conservation of synteny or a process that helps to maintain
synteny.

Materials and Methods
Genetic stocks and Illumina RNA-Seq
Tissue was collected from 10 day old seedlings and subjected to single-end, 75 bp
RNA-sequencing (36). Raw reads (between 18.8 and 46.8 million per RIL) were scanned for
low quality bases with PHRED quality values of 15 (out of 40) which were removed from
each end of each read. The remaining nucleotides were then scanned using overlapping
windows of 10 bp and sequences beyond the last window with average quality value less
than the specified threshold were truncated.
Alignment of reads to the reference genome
Trimmed reads (96-98% of the raw reads per RIL) were aligned to the B73 reference
genome version 2 (RefGen2) using GSNAP (37), which allows for gapped alignments,
including intron-spanning alignments. Reads were retained if they mapped uniquely in the
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genome, allowing two or less mismatches every 36 bp and fewer than five bases for every 75
bp in read length as unaligned ‘tails’ (69-80% of the trimmed reads per RIL). The read depth
of each gene was computed based on the coordinates of mapped reads and annotated
transcript start and stop locations of genes in the reference genome (ZmB73_5b_FGS).
SNP discovery
The coordinates of unique alignments were used for SNP discovery. Polymorphisms
at each potential SNP site were examined and putative homozygous SNPs were identified
after ignoring the first and last three aligned bases of each read. A polymorphic base was
required to have a PHRED base quality value of at least 20, and at least five unique reads
must support the SNP call.
Filtering to extract segregating SNPs
The IBM RILs are expected to be segregating 1:1 for each allele if both alleles are
expressed. To obtain a set of confident SNPs that were expressed in the majority of RILs and
were segregating in the population, we required that at least 20 RILs exhibited the B73
genotype and at least 20 RILs exhibited the Mo17 genotype. To remove SNPs showing
extreme segregation distortion, we also required that the ratio of the number of RILs with
each of the two alleles not exceed 2.5. In addition, the RIL parent Mo17 was subjected to
RNA-seq. We further filtered any segregating SNPs that were not discovered in the Mo17
RNA-seq. After filtering, 176,279 SNPs remained.
Segmentation to identify chimeric chromosomal structure of each RIL
The scores of each filtered SNP marker were converted to 1 (B73 genotype) or 0
(Mo17 genotype). The converted binary data were subjected to the segmentation with the R
package DNAcopy (38) using the following parameters: alpha=0.01, nperm=10000,
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p.method="perm", eta=0.01, min.width=3. These parameters required each generated
segment to contain at least three SNP markers and a median absolute deviation equal to 0.
We also required each segment was at least 200 kb and the mean of each segment is ≥ 0.9 or
≤ 0.1 for the B73 segment and Mo17 segment, respectively. During segmentation, any
segments that were >2 Mb that were adjacent to a segment of the same genotype were
merged into a single segment. This generated 8,624 segments summed across the 105 RILs.
Segments from all RILs were merged, and unique marker positions across the RILs were
used to define the beginning and end of 7,867 segmental markers. A merged segment
contained only a single genotype in each RIL: B73, Mo17, or recombinant. Adjacent
recombinant segments are termed recombinant breakpoint intervals (RBI).
Building the genetic map
The software MSTmap (http://alumni.cs.ucr.edu/~yonghui/mstmap.html) was used to
build a genetic map with the 7,867 segmental markers with B73 and Mo17 genotypes
(recombinant genotypes were coded as missing) with the following parameters:
population_type DH, distance function kosambi, cut_off_p_value 0.000001, no_map_dist
15.0 no_map_size 2, missing_threshold 0.6, estimation_before_clustering yes,
detect_bad_data yes, and objective_function COUNT. A total of 13 markers had large
disagreements in the physical and genetic positions and were removed from the segmental
marker file. We then reran MSTmap with the filtered 7,854 segmental markers with the same
parameters. All 7,854 segmental markers remained in the constructed genetic map, which
contained 11 linkage groups. Two separated groups in which markers were all from
chromosome 5 were concatenated.
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Exploration of the relationship between crossover and syntenic retention
Genes within syntenic blocks (syntenic genes) between maize and sorghum have
previously been determined (31). Each chromosome of the B73 reference genome was
divided into non-overlapping 1 Mb bins. The total syntenic and non-syntenic gene space in
each bin was determined (ZmB73_5b_FGS). The amount of recombination in each bin
representing primarily crossovers was determined by inferring the genetic start and end
positions of each using a GAM function (12). The genetic distance between the start point
and the end point was used to represent the crossover frequency of each bin.
The relationship between SNP diversity and crossover frequency was assessed in the
HapMap3 diversity panel (39), which contains 916 maize individuals genotyped for ~60
million variants. The number of polymorphic SNPs per bin was determined and compared to
the crossover frequency.
Identification of recombinant alleles
The segmentation results from each individual RIL were used to identify
recombination breakpoint intervals (RBI). 7,574 RBIs were identified across the RILs. The
number of RBIs is lower than the number of segmental markers an RBI may contain multiple
segments due to missing data. The sizes of RBIs vary depending on the surrounding
informative SNP markers. Intragenic crossovers were defined as RBIs that occurred within a
gene (ZmB73_5b_FGS). In this case, genes were defined as including an additional 1 kb of
sequence upstream and downstream to include regulatory elements. Recombinant alleles
were defined as alleles of these genes that include both B73 sequences and Mo17 haplotypes.
Most RBIs cover part of a gene (7,535/7,574) and a substantial number are within a gene
(793/7,574). Some RBIs occur within more than one overlapping gene. These RBIs were
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only counted once.
Enrichment of RBIs in hotspot genes (genes with 2 or more intragenic recombination
events, N=13,298) was tested by permutation. Only genes with 2 or more SNPs were
included as potential genes with intragenic crossover. The probability of a gene having an
RBI was determined in two ways. First, the probability was calculated as the distance
between the first and last SNP in a gene divided by the sum of this distance for all genes.
This method assumes crossovers are distributed equally across a gene. However, we show
that crossovers are enriched at the 5’ end of genes. Therefore, the second probability was
modified in that any base pairs in the 5’ end of a gene were counted twice to account for the
2x more recombination events that occur in the 5’ of genes, and the sum of the distance
between all SNPs was adjusted accordingly. Random genes from this filtered set were
selected based on the probability of each gene having an RBI without replacement for each
RIL based on the number of intragenic RBIs observed in that RIL. The number of random
genes with an RBI event and the number of random hotspot genes were recorded. This
process was repeated 1,000 times. The p-value of the proportion of hotspot genes was
determined as the proportion of random hotspot genes from all random genes with intragenic
crossovers greater than the proportion of observed hotspot genes from all observed genes
with intragenic crossover.
Transgressive transcript accumulation of recombinant alleles
The transcript accumulation of each recombinant allele in a particular RIL was
compared to the transcript accumulations of the non-recombinant alleles, including the alleles
of its parents, B73 and Mo17. Transgressive transcript accumulation of recombinant alleles
was defined as alleles that exhibit > or < 5% of the transcript accumulation of other alleles.
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To determine if transgressive transcript accumulation occurs by chance rather than by
association with recombinant alleles, permutations were performed 1,000 times. For all genes
with one or more recombinant alleles, the transcript accumulation of an equal number of
alleles randomly selected from all RILs was tested for transgressive transcript accumulation.
The number of random alleles with transgressive transcript accumulation for each gene was
recorded and used as the null distribution. The observed number of genes with transgressive
transcript accumulation from the real data was compared to this null distribution to obtain a
p-value. The same process was performed to test for enrichment of up or down transgressive
transcript accumulation separately.
Discovery of gene conversion events
To discover a set of possible gene conversion events, the SNPs with <5% missing
data were further filtered. Identification of apparent gene conversion (aGC) events is highly
dependent on missing data in a particular RIL; thus, only the 97 RILs with > 100k genotyped
SNPs were included in this analysis. aGCs which were observed in >5 RILs were removed as
they may be due to systematic genotyping or sequencing errors. The genotype of each SNP
was compared to the genotype of the segment at which the SNP was located. A SNP
showing the alternate genotype to the corresponding segment is a SNP affected by an aGC.
To obtain a consensus genotype for aGCs, the aGCs of each RIL were subjected to
segmentation using DNAcopy software with the criteria (alpha=0.01, nperm=10000,
p.method="perm", eta=0.01, min.width=2). The input data for DNAcopy are 1 and 0,
representing aGC and not aGC of each of the SNP markers, respectively. Clusters of aGCs
occurring in blocks >2 kb were excluded as these likely represent either double crossovers or
regions incorrectly placed within the current maize pseudomolecules. The rate of gene
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conversion per generation was calculated as the number of markers with an aGC divided by
the total number of successfully genotyped markers divided by the number of generations. As
RILs become more inbred, aGC are less likely to be detected. Thus the number of
generations in the RILs was modified as the number of rounds of intermating (N=4) plus a
modified value for the number of generations of selfing calculated as ½i where i is the
number of selfing generations as described by Shi et al. (40) (N=2) for a total of 6
generations.
The permutation tests to check for enrichment of GC events in certain genes was
performed on RILs with <5% missing data and a filtered SNP set that only contains SNPs
with a Mo17 genotype and a nearby SNP within 2 kb. Genes with SNPs that met these
criteria were selected as genes with the potential for aGC. Permutations were performed by
selecting a random set of genes equal to the observed number of genes with aGC per RIL.
The number of unique genes randomly selected across RILs was determined and compared to
the actual number of unique genes identified with GC in all RILs. This process was repeated
1,000 times.
The mutation rate of the population was estimated from the 97 RILs with reduced
missing data from SNP sites with <5% missing data where Mo17 has the same allele as B73.
RILs in which a non-B73 allele was identified at a site and was present in ≤5 RILs were
putative mutations. The mutation rate was calculated as the number of putative mutations
divided by the total number of genotyped sites with enough reads to make a SNP call
(32,105/2,974,824,916 = 1.08 x 10-5). For mutation to cause a gene conversion-like event at
least two sites must be mutated (1.08 x 10-5 squared) and each site must be mutated to the
same allele (multiplied by 1/2 squared). This estimate assumes mutations occur
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independently, which may not be accurate, and also does not take into account the fact that
the two mutations must be adjacent for a GC event to be called and should thus be treated as
a rough estimate of the improbability of mutations causing an aGC event in this population.

Results
Genotyping recombinant inbred lines by RNA-Seq
The intermated B73 and Mo17 recombinant inbred lines (IBM RILs) were developed
by crossing the inbred lines B73 and Mo17, followed by several generations of random
mating followed by multiple generations of selfing (41). Using RNA-seq data (42), a set of
high confidence SNPs (N=176,279) that segregated among the RILs was identified
(Methods). 162,356 of these SNPs are in genes, providing a polymorphism rate of 1.3 SNPs
per kb of gene.
de novo construction of an IBM genetic map
The SNP genotypes of all the RILs were subjected to segmentation (38) to obtain a
minimum set of genetic markers describing all crossovers observed within the RIL
population (Figure 1A-C, Methods). A total of 7,854 segmental markers representing a single
genetic marker genotyped as the B73, the Mo17, or a recombinant haplotype were identified
(Supplementary Figure 6). The B73 and Mo17 markers were used to generate a genetic map,
which was shown to exhibit a high level of consistency with the physical map (>0.999
correlation). Segments in a particular RIL where a crossover event occurred are called
recombination breakpoint intervals (RBIs, N=7,574; Figure D). Given their size and the
numbers of consistent flanking markers (Methods), RBIs are presumed to be the consequence
of crossovers (Figure 1). The numbers of detected crossovers in each RIL range from 60 to
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125 (Figure B), with an average of 82, which is similar to previous estimates in the IBM
RILs (43,44). Some markers within segments have a parental genotype that does not agree
with the evidence from the rest of the segment and therefore represent apparent gene
conversions (Figure E).
Chromosomal level distribution of crossovers
Overall, the genetic lengths of the ten maize chromosomes are highly positively
correlated with the physical lengths of chromosomes (correlation coefficient=0.93)
(Supplementary Figure 7). Consistent with previous genetic maps of the IBM RILs and other
maize populations, most chromosomes show low crossover frequency at the pericentromeric
regions, while the chromosomal arms exhibit high crossover frequency (Supplementary
Figure 8) (10,12,43). 72% of all crossovers occurs in the ~30% of the genome that exhibits
>1 cM/Mb across generations.
The relationship between crossovers and synteny
Many studies suggest that crossovers occur more often in genic versus non-genic
regions (10,14,45-47). As a consequence of the RNA-seq strategy used for genotyping, most
of our markers are located within genes. Hence, we were able to focus our investigations on
differences in crossover frequency between classes of genes. Maize recently underwent a
whole genome duplication, followed by diploidization (28). Immediately following the
duplication, two complete subgenomes were present that contained genes in the same order.
Over time, the gene order broke down as genes were deleted, transposed, or further
duplicated. Genes that are retained in ancestral, collinear positions are termed syntenic genes.
A set of genes that are syntenic between maize and sorghum has been defined (31). To
explore the relationship between crossovers and synteny, the gene space of syntenic vs. non-
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syntenic genes was estimated for 1 Mb bins genome-wide. The numbers of base pairs in each
bin that could be assigned to syntenic genes, non-syntenic genes or non-genic was
determined and compared to the crossover frequency. The crossover frequency of a bin is
more strongly correlated with the amount of its syntenic gene space (Figure A, Spearman’s
Rank correlation ρ = 0.58) than with its non-syntenic gene space (Figure B, Spearman’s Rank
correlation ρ = 0.27), suggesting that crossovers occur at higher rates in syntenic genes than
in non-syntenic genes.
Pericentromeric regions contain more non-syntenic genes (48). The enrichment of
crossovers in syntenic regions may be a result of gross chromosomal arrangements, rather
than a function of the properties of a region. To control for this possibility, the relationship
between crossovers and synteny was assessed separately in pericentromeric and nonpericentromeric regions. The correlations between syntenic and non-syntenic genes and
crossovers in non-pericentromeric regions were very similar to the genome-wide
correlations: ρ = 0.52 vs. 0.58 for syntenic genes and ρ = 0.25 vs. 0.27 for non-syntenic
genes. In contrast, within pericentromeric regions there was essentially no correlation
between crossovers and either syntenic or non-syntenic genes (ρ = -0.10 and ρ = 0.05,
respectively). Therefore, we conclude that the indirect relationship between synteny and
crossovers as a result of extreme values for both in pericentromeric regions does not explain
the difference in the rates of crossovers in regions enriched for syntenic vs. non-syntenic
genes.
As a consequence of its evolutionary history, the maize genome contains two
duplicated subgenomes relative to the sorghum genome. The regions of the maize genome
that correspond to one subgenome or the other are defined by the amount of retention of
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genes that are syntenic with sorghum (31). As compared to the maize1 subgenome, the
maize2 subgenome has retained fewer genes that are shared with sorghum. Any retained
syntenic ortholog gene can therefore be classified as being either a maize1 and maize2 gene
based on its genomic position. While there are differences between the subgenomes, such as
a bias towards higher gene expression in maize1, higher genes loss across maize lines from
maize2 (31), and a larger proportion of phenotypic variation explained by maize1 singleton
genes (34), no difference in crossover frequency was detected between the two subgenomes
(Supplementary Figure 9, Spearman’s Rank correlation ρ = 0.56 for maize1 and ρ = 0.57 for
maize2).
It has been hypothesized that chromosomal regions that exhibit high crossover
frequency are under strong selection due to the increase in genetic variation due to
recombination (1). To test this hypothesis, the number of SNPs in each 1 Mb bin of the
HapMap3 diversity panel was compared to the crossover frequency in the IBM RILs
(Methods). Reduced nucleotide diversity is an indication of selection. Contrary to
expectation, crossover frequency and SNP diversity have a positive correlation genome-wide
(ρ = 0.36, Supplementary Figure 10) with no apparent difference between syntenic and nonsyntenic regions, providing no evidence that selection explains the correlation between
crossovers and synteny.
Distribution of crossovers among and within genes
Previous case studies of individual genes showed that many genes are hotspots for
crossovers (15-18,45,46). To understand the distribution of crossovers among and within
genes, we first identified RBIs encompassed by a single gene. The size of RBIs is dependent
on the regional density of SNP markers. The 7,574 RBIs detected in this study range in size
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from 1 bp to ~30 Mb, with a median of 104.6 kb. In contrast, maize genes, as defined in this
study (Methods) have a median length of 4.5 kb. Even so, across all RILs, 793 RBIs were
encompassed by 562 non-redundant genes (Figure 1D, Methods). The majority of genes
(404/562) that contain an RBI (i.e., an apparent intragenic crossover) experienced a crossover
in only a single RIL. But some genes appear to be “hotspots” such that crossovers were
observed in at least two RILs (Figure B). A permutation test of the chance of a gene
containing an RBI at random was performed (Methods). More genes with RBIs were
identified in the permutations than in the observed data (p < 0.001), suggesting that certain
genes are enriched for RBIs. The permutated genes with RBIs were classified as hotspots or
non-hotspots, and the proportion of random hotspot genes was determined. The proportion of
hotspot genes relative to all RBI genes was greater in the observed data than in any
permutation (p < 0.001), supporting the enrichment of RBIs in hotspot genes.
Intragenic crossovers were more likely to occur within syntenic genes than within
non-syntenic genes (Fisher’s Exact Test, p-val. 5.9 x 10-4; 1.9x more common among
syntenic genes). Syntenic genes are more likely to be expressed than are non-syntenic genes
and therefore intragenic crossovers in syntenic genes may be more likely to be detected using
our RNA-seq based genotyping strategy. However, similar numbers of syntenic and nonsyntenic genes have ≥ 2 SNPs (6,023 and 3,465 genes, respectively) and almost identical
percentages of syntenic and non-syntenic genes have the potential for intragenic crossovers
(49% and 48%, respectively). Therefore, the enrichment of intragenic crossovers within
syntenic genes is not simply the result of an ascertainment bias and instead provides
additional support for the conclusion that syntenic genes experience more crossovers than do
non-syntenic genes.
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A preference for crossovers to cluster in the 5’-ends of genes has been observed in
several case studies of maize (15,16). This pattern has also been observed in the human
genome (49). To explore where in genes intragenic crossovers occurs, genes were divided
into three equal parts: 5’-end, middle, and 3’-end. For 301 RBIs the entire interval is within
one of these three parts: 141 (46.8%), 79 (26.3%), and 81 (26.9%) RBIs occur at the 5’-end,
middle and the 3’-end, respectively. In addition, only 26% (25,486/162,356) of the SNPs
identified by RNA-seq are in the 5’-end of gene; thus, the observed intragenic RBI
distribution is not an artifact of the SNP distribution.
Intragenic crossovers can generate novel alleles with transgressive levels of transcript
accumulation
Intergenic crossovers can produce novel haplotypes by shuffling existing alleles.
Similarly, intragenic crossovers can shuffle parental polymorphisms to create novel alleles
(50). Novel alleles created by intragenic crossovers have the potential to exhibit novel
functionality. To test this hypothesis, we compared the transcript accumulation levels
(RPKM) of alleles derived from intragenic crossovers to the transcript accumulation levels of
their parental alleles. The transcript accumulation levels of each of the 793 recombinant
alleles was compared to the transcript accumulation levels of the non-recombinant (i.e.,
parental) alleles that were segregating in the other RILs, as well as in the parental inbreds,
B73 and Mo17. This comparison identified a statistically significant number of recombinant
alleles (N=20) that exhibited transgressive transcript accumulation in which the recombinant
allele is expressed 5% higher or lower than the non-recombinant alleles in any of the RILs or
parental inbreds (
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Figure , p-value = 0.004, see Methods for the permutation test).
Among these 20 recombinant alleles with transgressive transcript accumulation in 18
genes, 9 and 11 alleles exhibit high and low transgressive transcript accumulation,
respectively. To determine if our definition of transgressive transcript accumulation was
biased against discovering alleles with low transgressive transcript accumulation, the
numbers of recombinant alleles exhibiting only high or low transgressive transcript
accumulation was tested by permutation and more transgressive alleles in each direction were
observed than at random (p-value = 0.039 and 0.002, respectively).
Two genes contain more than one recombinant allele with transgressive transcript
accumulation. In the gene GRMZM2G074238, two intragenic recombinant alleles exhibited
transgressive transcript accumulation lower than other alleles. Both alleles had the same
haplotype and were the only two recombinant alleles recovered in this gene. In the gene
GRMZM2G094579, one allele with transgressive transcript accumulation exhibits higher
transcript accumulation but the other exhibits lower transcript accumulation. Consistently, in
one of these alleles the 5’ end of the gene was derived from B73 and in the other allele the 5’
end was derived from Mo17. The genes for which we identified alleles with transgressive
segregation are not enriched for those with low parental transcript accumulation; therefore,
transgressive transcript accumulation is not simply a consequence of small amounts of
variation in genes that are expressed at low levels (Supplementary Figure 11). In summary,
these findings demonstrate that crossover between polymorphic alleles can generate novel
alleles with different patterns of gene regulation and, potentially, function.
Gene conversion events
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Few studies of gene conversion, a form of meiotic recombination that involves a nonreciprocal exchange of genetic information have been conducted genome-wide in plants
(19,26). In yeast, each haploid spore of a tetrad can be separated and germinated to form a
spore colony that provides sufficient material for sequencing to detect evidence of gene
conversion genome-wide (51). In plants where tetrad analysis is generally not possible,
putative gene conversion events are typically detected primarily through indirect methods,
such as assessing the segregation of markers (40). Only a single tetrad study of maize
microsporocytes has been conducted in maize to assess gene conversions, which was limited
by sequencing coverage (1.4x for 41% of the maize genome) and the number of tetrads
(N=24 tetrads which resulted in the identification of 160 gene conversion tracts, 150 which
were larger than 10 kb due to low marker density) (19). Two gene conversion events were
identified in the IBM RIL centromeres, and these events combined with an indirect estimate
of gene conversion based on haplotypes in a diversity panel were used to estimate the overall
rate of gene conversion in maize centromeres as ~1 x 10-5 per marker per generation (40).
To estimate the frequency of gene conversions in maize, we identified apparent gene
conversion (aGCs) among the IBM RILs. Evidence from Arabidopsis and maize suggests
gene conversion tracts are typically < 2kb (3,52). SNPs that exhibited the opposite genotype
from the chromosomal segment in which they were embedded were classified as aGCs
(Figure E). After stringent filtering for RILs, SNPs, and aGCs (Methods), we were left with
97 RILs, 10,289,873 SNPs and 3,014 aGC SNPs covering 2,634 SNP sites, or an average of
31 aGCs per RIL. 4.9 x 10-5 exchanges were estimated to occur per marker per generation,
i.e., an order of magnitude higher than the rate in maize centromeres (Shi, et al. 2010).
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The aGCs are not randomly distributed across the genome. Indeed, 96%
(2,518/2,634) of the aGCs cluster within 2kb of another aGC. Given the RNA-seq strategy
used to detect aGCs it is not surprising that they cluster in genes and genes are not randomly
distributed across the genome. But setting aside the distribution of aGCs in genic vs. nongenic regions, some genes are enriched in aGCs. The 2,634 aGCs are located in only 946
genes, fewer genes than would be expected by chance (permutation test; p < 0.001). aGCs
also exhibit little difference in frequencies in the 5’, middle and 3’ portions of genes (
Supplementary Table 19). Surprisingly, aGCs appear to be more prevalent in shorter
genes with fewer SNPs.

Discussion
By conducting RNA-seq on 105 RILs we identified 176,279 polymorphic SNPs,
7,854 recombination breakpoint intervals (RBIs), of which 793 are intragenic crossovers, and
3,014 apparent gene conversions (aGCs).
Intragenic crossover generates novel alleles with functional differences
Mutations create genetic diversity upon which select can act. However, even in the absence
of mutation, meiotic recombination can create novel haplotypes that may prove to be
adaptive, though few examples have been reported at the gene level. Previous investigations
have identified intragenic recombination events (15-18,45,46) and suggest that genes are
recombination hotspots (10,14,45-47). Further, a handful of studies have shown for single
genes across multiple species that novel alleles created via intragenic recombination can
exhibit alterations in gene function or expression (20-23). Similarly, alleles derived via
intragenic recombination at 31 loci were located within chromosomal intervals that have
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been shown via GWAS to exhibit novel functionality (24). The limitation of this approach
for ascertaining functional novelty is that GWAS did not provide gene level mapping
resolution. In contrast, in the current study, we directly demonstrated that intragenic
recombinants had novel levels of gene transcript accumulation. We used SNPs derived from
RNA-seq data to map 793 intragenic crossovers to 562 non-redundant genes in a bi-parental
population. A statistically significant number of these recombinant alleles exhibit
transgressive levels of transcript accumulation relative to the parental alleles from which they
were derived, thus providing direct evidence for their novel functionality.
In our study, transcript accumulation, as measured by RPKM was used as a proxy for
gene expression. Transcript accumulation can be affected by sequences at both ends of genes,
e.g., promoters at the 5’ end of the gene (53) and 3’ regions that affect RNA stability (54).
Hence, an intragenic recombinant allele that combines a strong 5’ promoter with a stabilizing
3’ polymorphism could exhibit transgressive levels of transcript accumulation. Indeed, we
identified one gene in which intragenic recombinant alleles that consisted of 5’ regions
derived from B73 and 3’ regions derived from Mo17 had high transcript accumulation, while
an intragenic recombinant allele with opposite composition (i.e., a 5’ region derived from
B73 and a 3’ region derived from Mo17) had low transcript accumulation. Hence, our data
demonstrate that intragenic crossovers can generate novel alleles with unique patterns of
gene expression. While our data do not link transgressive transcript accumulation with a
specific phenotype, levels of transcript accumulation have been shown to be associated with
phenotypic variation (55).
The new alleles generated by intragenic recombination have the potential to create
more extreme phenotypes which may be acted on by selection. While the number of
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recombinant alleles identified with transgressive expression was small, over generations and
across large populations, these rare recombination events can generate new alleles at a higher
rate than does mutation.
Rate of gene conversion (GC) in maize
Based on our analysis of ~3,000 aGCs events (an order of magnitude more than
previously identified in any plant species), we estimated the rate of gene conversion in genic
regions to be 4.9 x 10-5 per marker per generation, which is substantially higher than the
genome-wide rate (3.6 x 10-6) reported for Arabidopsis (26) and the rate estimated for maize
centromeres (~1 x 10-5 per marker per generation) (40), but within the range of estimates
reported in other species (56). However, as no standard for estimating GC has been
determined, the variation in reported GC rates might result from variation due to
experimental design, error, or biology.
Because we used RNA-seq data to discover aGCs, we considered the possibility that
we were actually simply detecting cases of RNA-DNA differences (57). The frequency of
RNA-DNA differences has been brought into question (58). Even so, to rule out what we
believed was a remote possibility, genomic sequence data from two RILs, M0022 and
M0023 (59) were used to successfully cross-validate 5/6 aGC events, indicating that at least
most aGCs are not the result of RNA-DNA differences. Another possible explanation for the
origin of aGCs is single-nucleotide mutations. The probability of two such mutations
resulting in a SNP that matches the non-parental SNP is much lower than the rate of aGC at
~1.3 x 10-11 (Methods). In addition, mutations would not be expected to cluster as aGCs do.
Distribution of genic aGC
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It is well established (and this study confirms) that crossovers exhibit non-random
distributions within genes (i.e., 5’ enrichment). The distribution of GCs within genes is less
well established, in part because of the danger of ascertainment bias based on the
distributions of markers within the limited numbers of genes that have been studied.
However, Dooner and He (25) reported that GC events occur more frequently at two ends (5’
and 3’) than in the middle of the maize bz1 gene. In other species, other intragenic
distributions have been observed (60,61). Analysis of our collection of 3,014 aGCs affecting
946 genes provides no evidence to support a non-random distribution (
Supplementary Table 19). The difference in distribution of crossovers and aGC is not
surprising given our current understanding of meiotic recombination (52,62), though the nonrandom intragenic distribution of aGC has not been previously reported.
Selection and crossovers
It has been hypothesized that regions with higher frequencies of crossovers may be
subjected to more intense selection (1). If that is correct and given that the maintenance of
synteny is important for gene function (63), the increased crossover frequency observed in
syntenic regions may help to maintain to synteny. However, our comparison of crossover
frequency and nucleotide diversity (a proxy for selection) do not support this hypothesis
either genome-wide or when taking into account the syntenic and non-syntenic gene content
of chromosomal bins. Hence, the absence of evidence for a relationship between crossovers
and nucleotide diversity suggests rather than being responsible for the maintenance of
synteny, the elevated frequency of crossovers in syntenic genes is a consequence of the
maintenance of synteny. On the other hand, assessing nucleotide diversity and crossover
frequency in different populations (as we did) may not be a fair test of this hypothesis (24).
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This is particularly true given that in other species crossover frequencies are positively
correlated with nucleotide diversity (64,65). Further, our inability to detect crossovers
between parental alleles that lack polymorphisms may confound comparisons with
recombination among alleles derived from a diversity panel, in which greater amounts of
polymorphism could potentially result in the detection of more recombination events.
Synteny and crossover
As a consequence of the evolutionary history of the maize genome, its two
subgenomes have undergone subsequent gene loss and rearrangement (31). There is a
growing body of evidence that genes that have remained syntenic and those that are not
syntenic differ in multiple respects (Schnable 2015), including methylation (33), transcript
accumulation levels (33) and functional importance as defined by mutant analysis (66). Our
results provide strong evidence that syntenic genes experience higher rates of crossover than
do non-syntenic genes and as such provide additional support for functional differences
between those genes that have been retained at syntenic positions and those that have not.
Several studies have identified negative correlations between cytosine methylation
and recombination (10,12). Hence, the differences in crossover frequency we observed
between syntenic and non-syntenic genes may be related to the observed differences in
methylation between these classes of genes (33). This could come about because following
polyploidization, “genome-shock” can lead to the expression and translocation of
transposons (67), which in turn can disrupt synteny. Transposed genes that are no longer
syntenic may undergo increases in cytosine methylation due to the proximity of transposons,
which inhibits further movement and recombination (68-70). These changes in methylation
are thought to reduce transcript accumulation levels. Hence, it is intriguing to hypothesize
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that these changes in methylation may also be responsible for the reduced crossover
frequency experienced by non-syntenic genes (Eichten, et al. 2011). It is, of course also
possible that the reduced crossover frequency is a cause, rather than an effect, of altered
patterns of methylation.
A stronger case can be made that the alterations in gene order and content that occur
following polyploidization and subsequent diploidization may disrupt rates of crossover in
non-syntenic genes (71). It is known for example that large structural rearrangements in the
maize genome can reduce crossover frequency (10,72). Perhaps more relevant is the finding
that crossovers are suppressed in genomic regions of mice that are polymorphic for copy
number variation (73). Furthermore, crossover frequency is suppressed in maize genes that
are hemizygous for transposon insertions (47,74). Hence, it is reasonable to hypothesize that
the reduced sequence conservation surrounding non-syntenic genes directly contributes to
their reduced crossover frequency.
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Figures and Tables

Figure 1. Genotyping, segmentation, recombination breakpoint intervals, and gene
conversions in the IBM RILs. A) SNPs (vertical bars) were genotyped as B73-like (black) or
Mo17-like (gray) in each RIL (horizontal bars). B) Segmental markers were defined as
genomic regions that originate from a single parent in each RIL. C) Segments were
genotyped as B73-like (A), Mo17-like (B), or recombinant (R). D) Recombination
breakpoint intervals (RBIs) are individual or multiple adjacent recombinant segments. RBIs
that occur within a gene are intragenic RBIs. E) Individual markers within a segment may
disagree with the segmental genotype. These markers are potentially gene conversions.
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Figure 2. Synteny and crossover frequency. The genome was divided into non-overlapping 1
Mb bins (black dots, N=2,064 for each panel) and the amount of sequence from syntenic and
non-syntenic genes was determined. The crossover frequency across each bin was estimated
in cM per Mb. A) Bins containing more syntenic genes have a stronger positive correlation
with crossover frequency. B) Bins containing more non-syntenic genes have a reduced
correlation with crossover frequency.
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Figure 3. Crossovers in the RILs. A) The distribution of the number of crossovers per RIL
(N=105). B) The distribution of RBIs in genes based on the number of RILs affected by an
RBI in a particular gene.
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Figure 4. Transgressive transcript accumulation of recombinant alleles. Shown are 18 genes
with at least one recombinant allele (red triangles) that exhibit transgressive transcript
accumulation. Blue dots indicate the transcript accumulation of RILs with a B73 allele, while
orange dots indicate the expression of RILs with a Mo17 allele. The transcript accumulation
of each gene is scaled such that the maximum transcript accumulation is 10 and no transcript
accumulation is 0. The blue and orange bars are the transcript accumulation level of the B73
and Mo17 parents, respectively.
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CHAPTER 5. GENERAL CONCLUSIONS
A major goal of maize genomics is to identify and understand the vast diversity of
maize. Currently, whole-genome sequencing efforts are underway (1-3), but assembly
remains difficult for the complex maize genome. For whole genome shotgun genome
assemblies that use short reads, the large amount of sequencing data required remains costly
to generate. The tGBS method described in Chapter 2 was developed to identify and
genotype single nucleotide variants for genetic mapping and genome-wide association
studies when whole genome sequencing is not efficient or available. As a complementary
method, the linked read strategy was assessed for de novo assembly in maize as described in
Chapter 3 as an alternative method to short read whole genome shotgun sequencing or errorprone long read sequencing to identify genomic structural variants.
In the assessment of the tGBS and linked read strategies, the high-quality reference
genome of maize is used as a model (4). The presence of inbred lines and structured
populations sequenced by multiple independent strategies facilitates accuracy assessment.
The developed tGBS method targets a reduced number of sites through restriction enzyme
and selective base genome reduction. tGBS provides highly accurate genotyping (>97%),
particularly at heterozygous sites (>98% accuracy) which suffer from high error rates when
extensive filtering is not applied to other genotyping-by-sequencing methods (5,6). Targeted
sites have low levels of missing data across samples from structured crosses and diversity
panels. Accurate genotyping combined with no need for minor allele frequency filters allows
the discovery and genotyping of rare alleles with tGBS. Furthermore, the strategies used to
assess tGBS SNP accuracy provide strategies for assessing accuracy for other genotyping
technologies by comparing individual SNP calls or segments of SNPs.
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The linked read strategy generates contigs with high accuracy (91%) that cover 50%
of the B73 genome in combination with the Supernova assembler. The quality and coverage
of the genome assembly does not substantially improve in simulations with increased
molecule lengths or numbers of sequenced reads. These results are surprising as the human
genome was successfully assembled using only linked reads (7). Our data suggest that the
linked read assembly of maize with Supernova currently limited by repeats. The repeat
contents of the maize and human genome are quite different (8,9), which may explain the
greater coverage of the human genome as compared to maize. Improvements to the
Supernova assembler include utilizing the long molecule information to better resolve
repeats, which limit accuracy and coverage. Our assessment of the linked read strategy
provides a model for future analyses of de novo genome assembly techniques.
While the presented studies focus on maize, the tGBS and linked read strategies can
be applied to other species. For example, tGBS has already been successfully applied to
species with and without reference genomes (10,11), to generate genetic maps and identify
causal genetic variants. The use of selective bases in tGBS allows the generation of
congruous sets of markers, which allow haplotypes to be easily tracked across experiments,
particularly since increased genome reduction provides markers that are a subset of decreased
levels of genome reduction. In addition, the multiple levels of genome reduction can be used
for different organisms and project needs. tGBS has already been applied to a number of
projects to improve contig order in genome assembly (11), for trait identification (12,13), and
for genomic selection (14).
Because the high repeat content and nature of repeats in maize appears to be the
primary limiting factor for Supernova linked read assembly, the linked read strategy may still
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be successfully applied without tuning to assemble genomes with repeat content and
composition closer to that of the human genome. To the extent to which computational
analysis and further tuning to Supernova improve the maize linked read assembly, linked
reads will allow for the distinguishing of homeologous regions of genomes, particularly those
present in polyploid plants. In particular, many crops have undergone recent genome
duplications (15). These duplicated subgenomes have high levels of similarity that the long
molecule proximity information from linked reads will help resolve. In addition, even BACby-BAC sequencing can fail to resolve nearly identical and totally identical paralogs that
occur in close proximity to each other. Linked read assembly and haplotyping has the
potential to distinguish between these paralogs that are often collapsed during assembly.
Combining linked read assemblies with genetic mapping from methods like tGBS will
facilitate accurate ordering and assembly of linked read contigs (11). Finally, linked reads
will allow the efficient detection of structural variants between genomes.
The success of the machine learning strategy in identifying linked read contigs with
errors with >76% accuracy suggests there are patterns to the errors, knowledge of which can
used to improve the linked read assemblies. While the assembly of the maize genome was
fragmented, knowledge and computational improvement to reduce errors produces a set of
confidently assembled contigs for use in genomic analyses, valuable for species without
reference genomes. While not assessed in this study, the ability of linked reads to distinguish
haplotypes expands the utility of the linked read strategy to non-inbred lines. Already linked
reads have been shown to be successful utilized in non-human genomes for small assemblies
and to improve existing references (16,17).
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Identification of genetic variants through genotyping-by-sequencing or genome
assembly provides the ability to study biological processes, such as the study of
recombination in the maize genome presented in Chapter 4. Using genotyping by RNAsequencing, intragenic recombinant breakpoint intervals were identified. Globally, intragenic
crossovers occur preferentially in the 5’ ends of genes, consistent with a previous limited
study of genome-wide recombination (18). These intragenic crossovers generated 20
recombinant alleles that exhibit transgressive transcript accumulation patterns in 18 genes,
directly demonstrating that recombination generates new alleles in addition to shuffling genic
haplotypes. While phenotypic variation has been previously linked to recombinant alleles
(19), a statistically significant number of recombinant alleles exhibit transgressive transcript
accumulation. Furthermore, an unprecedented number of gene conversion events were
identified, and the first genome-wide estimate of the rate of gene conversion in maize was
determined.
Differences in the crossover frequency of syntenic versus non-syntenic regions of the
maize genome could be explored due to the presence of two subgenomes in maize, formed
from a recent genome duplication followed by diploidization that occurred in maize but not
sorghum (4,20). Crossover frequency is more highly correlated with genomic regions
containing more syntenic genes than genomic regions containing more non-syntenic genes. A
growing body of evidence suggests that synteny is a strong predictor of function (21); the
differences observed in crossover frequency of syntenic vs. non-syntenic regions support the
hypothesis that syntenic and non-syntenic genes have distinct properties. High crossover
frequency in syntenic genes may be a consequence of increased methylation in non-syntenic
regions from the initial genome rearrangements following polyploidy or the higher
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similarities between genomes in syntenic regions. This property of syntenic regions may also
be caused by the maintenance of synteny in regions of high crossover frequency due to
removal of non-syntenic gene insertions from these regions.
Additional recombination studies could address the driving factor by assessing the
effects of differences in gene order or content on a fine scale compared to recombination.
Furthermore, the current classification of synteny in maize is based on only a single reference
genome. It would be interesting to assess whether syntenic blocks that shared by B73 and
Mo17 have higher crossover frequency relative to blocks where gene order is not conserved
in one or both lines, as merely the presence or absence of a gene is not enough to determine
synteny.
Overall, these studies provide additional resources and methodologies for assessing
genetic diversity in maize. Furthermore, these strategies can be generalized to other species,
particularly those with large, complex genomes such as many plant species.
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APPENDIX A: SUPPLEMENTAL INFORMATION FOR CHAPTER 2

Supplementary Figure 1. Locations of tGBS SNPs discovered in the 25 NAM founders from
a) tGBS (GRL1) and b) tGBS (GRL3) at 70% MCR with each horizontal line representing
the physical position of a SNP identified via alignment to the B73 reference genome.
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Supplementary Figure 2. Read counts per SNP site per sample from the NAM tGBS (GRL2)
70% MCR SNP set (N=12,881 SNPs). SNP sites with > 200 reads per site are not plotted.
The mean (red line) and median (blue line) reads per site are based on all SNPs and all
samples (N=322,025 sites).
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Supplementary Figure 3. SNP discovery (70% MCR) from 11 NAM founders with varying
numbers of subsampled sequenced reads. GRL2 provides the largest number of on-target
SNPs, due to GRl1 not reaching saturation of target sites, particularly for a high MCR, at the
read depths given.
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Supplementary Figure 4. Length distributions of tGBS and cGBS reads after removal of
barcodes and sequencing adaptors and after quality trimming. Reads of less than 30 bp were
not included in this analysis. tGBS reads were generated using Ion Proton sequencing
technology, while cGBS reads were generated using Illumina sequencing technology.
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Supplementary Figure 5. Numbers of tGBS (GRL2) and cGBS reads and standardized tGBS
(GRL2) and cGBS reads per sample. Reads per sample prior to standardization for tGBS (a)
and cGBS (b). 5 tGBS samples and 2 cGBS samples with >10M reads are not plotted.
Standardized tGBS (c) and cGBS (d) reads per sample. 2 tGBS and 2 cGBS samples with
>10 M standardized reads were not plotted. Vertical lines designate median (blue) and mean
(red) values.
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Supplementary Table 1. Proton primers and oligos for tGBS. “NA” is not applicable and *
indicates a phosphorothioate bond.
Name

Sequence (5'-3')

Barcode (5'-3')

Step
Ligation

Universal
oligo
NspI-1

/5phos/GATCAtCGACTGCCCA*T

CTGCGTGTCTCCGACTCAGAACC AACCGGAATT
GGAATTCCATG
C

CATG

Ligation

NspI-2

CTGCGTGTCTCCGACTCAGTTAG
GCTGATTCCATG
CTGCGTGTCTCCGACTCAGCTAA
CCACGGCCATG
CTGCGTGTCTCCGACTCAGGTCT
CGTACATG
CTGCGTGTCTCCGACTCAGTCGA
GATCCATG
CTGCGTGTCTCCGACTCAGTACG
CAGTCATG
CTGCGTGTCTCCGACTCAGCAG
AGTAGCATG
CTGCGTGTCTCCGACTCAGACTA
GCGACATG
CTGCGTGTCTCCGACTCAGTCTT
CATGAATCCATG
CTGCGTGTCTCCGACTCAGTTGA
GATCAATCCATG
CTGCGTGTCTCCGACTCAGTTCC
GAGCAGTCCATG
CTGCGTGTCTCCGACTCAGTGTC
ACACCATG
CTGCGTGTCTCCGACTCAGAACC
TCATTCCATG
CTGCGTGTCTCCGACTCAGCTGA
GATGCATG
CTGCGTGTCTCCGACTCAGCTTG
AGAATGTCCATG
CTGCGTGTCTCCGACTCAGTGGA
GCTTCCTCCATG
CTGCGTGTCTCCGACTCAGTTCC
TGCTTCACCATG
CTGCGTGTCTCCGACTCAGGCAT
ACACCATG

TTAGGCTGAT
TC
CTAACCACGG
C
GTCTCGTA

CATG

Ligation

CATG

Ligation

CATG

Ligation

TCGAGATC

CATG

Ligation

TACGCAGT

CATG

Ligation

CAGAGTAG

CATG

Ligation

ACTAGCGA

CATG

Ligation

TCTTCATGAA
TC
TTGAGATCAA
TC
TTCCGAGCAG
TC
TGTCACAC

CATG

Ligation

CATG

Ligation

CATG

Ligation

CATG

Ligation

AACCTCATTC

CATG

Ligation

CTGAGATG

CATG

Ligation

CTTGAGAATG
TC
TGGAGCTTCC
TC
TTCCTGCTTCA
C
GCATACAC

CATG

Ligation

CATG

Ligation

CATG

Ligation

CATG

Ligation

NspI-3
NspI-4
NspI-5
NspI-6
NspI-7
NspI-8
NspI-9
NspI-10
NspI-11
NspI-12
NspI-13
NspI-14
NspI-15
NspI-16
NspI-17
NspI-18

NA

Cuttin
g Site
BfuCI
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Supplementary Table 1. Continued
NspI-19
CTGCGTGTCTCCGACTCAGCGGC
AACATTCCATG
NspI-20
CTGCGTGTCTCCGACTCAGAGA
GTCACCATG
NspI-21
CTGCGTGTCTCCGACTCAGCTGC
AAGTTCCATG
NspI-22
CTGCGTGTCTCCGACTCAGACAT
GCGTCATG
NspI-23
CTGCGTGTCTCCGACTCAGCTAA
GCCATCTCCATG
NspI-24
CTGCGTGTCTCCGACTCAGCCTT
AGAGTTCCATG
NspI-25
CTGCGTGTCTCCGACTCAGCCAC
ATCGAACCATG
NspI-26
CTGCGTGTCTCCGACTCAGCTGA
GGCTTGTCCATG
NspI-27
CTGCGTGTCTCCGACTCAGTGCG
TATCCATG
NspI-28
CTGCGTGTCTCCGACTCAGTCCT
CCTCCACCATG
NspI-29
CTGCGTGTCTCCGACTCAGCTGG
CAATCCTCCATG
NspI-30
CTGCGTGTCTCCGACTCAGTTGG
CCAATTGCCATG
NspI-31
CTGCGTGTCTCCGACTCAGACTG
TGTCCATG
NspI-32
CTGCGTGTCTCCGACTCAGTTCG
GAACGTTCCATG
NspI-33
CTGCGTGTCTCCGACTCAGAAG
GCCTCGAACCATG
NspI-34
CTGCGTGTCTCCGACTCAGCTTG
TTCCGGCCATG
NspI-35
CTGCGTGTCTCCGACTCAGCTAA
GGTAACCATG
NspI-36
CTGCGTGTCTCCGACTCAGACA
GCATGCATG
NspI-37
CTGCGTGTCTCCGACTCAGCGG
AATCCGGTCCATG
NspI-38
CTGCGTGTCTCCGACTCAGAGG
CAACGGAACCATG
NspI-39
CTGCGTGTCTCCGACTCAGTGGA
GCCAACACCATG
NspI-40
CTGCGTGTCTCCGACTCAGTAAG
CCATTGTCCATG

CGGCAACATT
C
AGAGTCAC

CATG

Ligation

CATG

Ligation

CTGCAAGTTC

CATG

Ligation

ACATGCGT

CATG

Ligation

CTAAGCCATC
TC
CCTTAGAGTT
C
CCACATCGAA
C
CTGAGGCTTG
TC
TGCGTATC

CATG

Ligation

CATG

Ligation

CATG

Ligation

CATG

Ligation

CATG

Ligation

TCCTCCTCCA
C
CTGGCAATCC
TC
TTGGCCAATT
GC
ACTGTGTC

CATG

Ligation

CATG

Ligation

CATG

Ligation

CATG

Ligation

TTCGGAACGT
TC
AAGGCCTCGA
AC
CTTGTTCCGG
C
CTAAGGTAAC

CATG

Ligation

CATG

Ligation

CATG

Ligation

CATG

Ligation

ACAGCATG

CATG

Ligation

CGGAATCCGG
TC
AGGCAACGGA
AC
TGGAGCCAAC
AC
TAAGCCATTG
TC

CATG

Ligation

CATG

Ligation

CATG

Ligation

CATG

Ligation
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NspI-41
CTGCGTGTCTCCGACTCAGCAG
ATCCATCCATG
NspI-42
CTGCGTGTCTCCGACTCAGCCTG
CTGGATTCCATG
NspI-43
CTGCGTGTCTCCGACTCAGCTTG
TCCAATCCATG
NspI-44
CTGCGTGTCTCCGACTCAGCTAG
GACATTCCATG
NspI-45
CTGCGTGTCTCCGACTCAGCGA
AGCTAATCCATG
NspI-46
CTGCGTGTCTCCGACTCAGTTCA
GGACCTTCCATG
NspI-47
CTGCGTGTCTCCGACTCAGCAGT
GATCCATG
NspI-48
CTGCGTGTCTCCGACTCAGCTGA
AGTCGGACCATG
NspI-49
CTGCGTGTCTCCGACTCAGAGAT
GAGCCATG
NspI-50
CTGCGTGTCTCCGACTCAGATAC
GCACCATG
NspI-51
CTGCGTGTCTCCGACTCAGCCGA
ACACTTCCATG
NspI-52
CTGCGTGTCTCCGACTCAGCTCA
TTCCGGTCCATG
NspI-53
CTGCGTGTCTCCGACTCAGGCTA
GATCCATG
NspI-54
CTGCGTGTCTCCGACTCAGTAGG
CCTTCGTCCATG
NspI-55
CTGCGTGTCTCCGACTCAGCCAA
GGCGAATCCATG
NspI-56
CTGCGTGTCTCCGACTCAGCCTT
GAGGCGGCCATG
NspI-57
CTGCGTGTCTCCGACTCAGTCCG
AAGATAACCATG
NspI-58
CTGCGTGTCTCCGACTCAGTTCC
GAACCGACCATG
NspI-59
CTGCGTGTCTCCGACTCAGTCCA
TTCGGAACCATG
NspI-60
CTGCGTGTCTCCGACTCAGCCTT
GGCCTGGCCATG
NspI-61
CTGCGTGTCTCCGACTCAGTCAG
GCAGATTCCATG
NspI-62
CTGCGTGTCTCCGACTCAGTCTG
TAATTCCATG

CAGATCCATC

CATG

Ligation

CCTGCTGGAT
TC
CTTGTCCAAT
C
CTAGGACATT
C
CGAAGCTAAT
C
TTCAGGACCT
TC
CAGTGATC

CATG

Ligation

CATG

Ligation

CATG

Ligation

CATG

Ligation

CATG

Ligation

CATG

Ligation

CTGAAGTCGG
AC
AGATGAGC

CATG

Ligation

CATG

Ligation

ATACGCAC

CATG

Ligation

CCGAACACTT
C
CTCATTCCGG
TC
GCTAGATC

CATG

Ligation

CATG

Ligation

CATG

Ligation

TAGGCCTTCG
TC
CCAAGGCGAA
TC
CCTTGAGGCG
GC
TCCGAAGATA
AC
TTCCGAACCG
AC
TCCATTCGGA
AC
CCTTGGCCTG
GC
TCAGGCAGAT
TC
TCTGTAATTC

CATG

Ligation

CATG

Ligation

CATG

Ligation

CATG

Ligation

CATG

Ligation

CATG

Ligation

CATG

Ligation

CATG

Ligation

CATG

Ligation
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NspI-63
CTGCGTGTCTCCGACTCAGCCTT
AGCTCGGCCATG
NspI-64
CTGCGTGTCTCCGACTCAGCTGG
CCACCGCCATG
NspI-65
CTGCGTGTCTCCGACTCAGTAGG
AACAATCCATG
NspI-66
CTGCGTGTCTCCGACTCAGCTAG
GCCTCCTCCATG
NspI-67
CTGCGTGTCTCCGACTCAGTTCG
ACTCGTCCATG
NspI-68
CTGCGTGTCTCCGACTCAGTTGA
CATTAATCCATG
NspI-69
CTGCGTGTCTCCGACTCAGTCCT
GGCACATCCATG
NspI-70
CTGCGTGTCTCCGACTCAGAGC
ACGAATCCATG
NspI-71
CTGCGTGTCTCCGACTCAGCCTC
AACCATCCATG
NspI-72
CTGCGTGTCTCCGACTCAGCGGC
CTTCGGTCCATG
NspI-73
CTGCGTGTCTCCGACTCAGTCTT
GCTTAATCCATG
NspI-74
CTGCGTGTCTCCGACTCAGTTAG
TCGGACCATG
NspI-75
CTGCGTGTCTCCGACTCAGGATG
TGCACATG
NspI-76
CTGCGTGTCTCCGACTCAGCCGG
TCCGATTCCATG
NspI-77
CTGCGTGTCTCCGACTCAGCTTG
GATTCGACCATG
NspI-78
CTGCGTGTCTCCGACTCAGCCAG
CCTCAACCATG
NspI-79
CTGCGTGTCTCCGACTCAGTGAG
GCTCCGACCATG
NspI-80
CTGCGTGTCTCCGACTCAGTTCC
TTCAACACCATG
NspI-81
CTGCGTGTCTCCGACTCAGCCGC
ATGGAACCATG
NspI-82
CTGCGTGTCTCCGACTCAGCTAA
TTGAATCCATG
NspI-83
CTGCGTGTCTCCGACTCAGTCCT
GAATCTCCATG
NspI-84
CTGCGTGTCTCCGACTCAGTGCA
ACCAACCATG

CCTTAGCTCG
GC
CTGGCCACCG
C
TAGGAACAAT
C
CTAGGCCTCC
TC
TTCGACTCGT
C
TTGACATTAA
TC
TCCTGGCACA
TC
AGCACGAATC

CATG

Ligation

CATG

Ligation

CATG

Ligation

CATG

Ligation

CATG

Ligation

CATG

Ligation

CATG

Ligation

CATG

Ligation

CCTCAACCAT
C
CGGCCTTCGG
TC
TCTTGCTTAAT
C
TTAGTCGGAC

CATG

Ligation

CATG

Ligation

CATG

Ligation

CATG

Ligation

GATGTGCA

CATG

Ligation

CCGGTCCGAT
TC
CTTGGATTCG
AC
CCAGCCTCAA
C
TGAGGCTCCG
AC
TTCCTTCAAC
AC
CCGCATGGAA
C
CTAATTGAAT
C
TCCTGAATCT
C
TGCAACCAAC

CATG

Ligation

CATG

Ligation

CATG

Ligation

CATG

Ligation

CATG

Ligation

CATG

Ligation

CATG

Ligation

CATG

Ligation

CATG

Ligation
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NspI-85
CTGCGTGTCTCCGACTCAGTGGA
GATTGGTCCATG
NspI-86
CTGCGTGTCTCCGACTCAGCGAT
ACACCATG
NspI-87
CTGCGTGTCTCCGACTCAGTCAC
TGAGCATG
NspI-88
CTGCGTGTCTCCGACTCAGTGAG
AAGAATTCCATG
NspI-89
CTGCGTGTCTCCGACTCAGTAGA
CGGAATTCCATG
NspI-90
CTGCGTGTCTCCGACTCAGCTAC
AACTTCCATG
NspI-91
CTGCGTGTCTCCGACTCAGTGAT
GTCGCATG
NspI-92
CTGCGTGTCTCCGACTCAGATGC
GCTACATG
NspI-93
CTGCGTGTCTCCGACTCAGCATG
AGCACATG
NspI-94
CTGCGTGTCTCCGACTCAGCCTG
GCTCAATCCATG
NspI-95
CTGCGTGTCTCCGACTCAGCCTA
GATTAATCCATG
NspI-96
CTGCGTGTCTCCGACTCAGTGGT
TGGATTCCATG
NspI-97
CTGCGTGTCTCCGACTCAGGTGT
CATCCATG
NspI-98
CTGCGTGTCTCCGACTCAGGATG
CTAGCATG
NspI-99
CTGCGTGTCTCCGACTCAGCGA
ACAATTGTCCATG
NspI-100
CTGCGTGTCTCCGACTCAGTTCC
GCACGGCCATG
NspI-101
CTGCGTGTCTCCGACTCAGCCAA
GCAACGGCCATG
NspI-102
CTGCGTGTCTCCGACTCAGTCCT
TGATGTTCCATG
NspI-103
CTGCGTGTCTCCGACTCAGTCCA
CCTCCTCCATG
NspI-104
CTGCGTGTCTCCGACTCAGTCTA
GTTCAACCATG
NspI-105
CTGCGTGTCTCCGACTCAGTTAG
GCTCAACCATG
NspI-106
CTGCGTGTCTCCGACTCAGCTGA
CTCCGGCCATG

TGGAGATTGG
TC
CGATACAC

CATG

Ligation

CATG

Ligation

TCACTGAG

CATG

Ligation

TGAGAAGAAT
TC
TAGACGGAAT
TC
CTACAACTTC

CATG

Ligation

CATG

Ligation

CATG

Ligation

TGATGTCG

CATG

Ligation

ATGCGCTA

CATG

Ligation

CATGAGCA

CATG

Ligation

CCTGGCTCAA
TC
CCTAGATTAA
TC
TGGTTGGATT
C
GTGTCATC

CATG

Ligation

CATG

Ligation

CATG

Ligation

CATG

Ligation

GATGCTAG

CATG

Ligation

CGAACAATTG
TC
TTCCGCACGG
C
CCAAGCAACG
GC
TCCTTGATGTT
C
TCCACCTCCT
C
TCTAGTTCAA
C
TTAGGCTCAA
C
CTGACTCCGG
C

CATG

Ligation

CATG

Ligation

CATG

Ligation

CATG

Ligation

CATG

Ligation

CATG

Ligation

CATG

Ligation

CATG

Ligation
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NspI-107
CTGCGTGTCTCCGACTCAGCTGG
AGAACCACCATG
NspI-108
CTGCGTGTCTCCGACTCAGTCTA
TTCGTCCATG
NspI-109
CTGCGTGTCTCCGACTCAGTTCC
GCATTGACCATG
NspI-110
CTGCGTGTCTCCGACTCAGTCCA
GGCTTATCCATG
NspI-111
CTGCGTGTCTCCGACTCAGAGA
CACACCATG
NspI-112
CTGCGTGTCTCCGACTCAGTAAG
GCAACCACCATG
NspI-113
CTGCGTGTCTCCGACTCAGTCAC
CTCGTTCCATG
NspI-114
CTGCGTGTCTCCGACTCAGTTGG
AGTGTCCATG
NspI-115
CTGCGTGTCTCCGACTCAGTTCT
ACCGGCCATG
NspI-116
CTGCGTGTCTCCGACTCAGCCTA
CTGGTCCATG
NspI-117
CTGCGTGTCTCCGACTCAGCCTT
GTCGTCCATG
NspI-118
CTGCGTGTCTCCGACTCAGTGGA
CAATTGACCATG
NspI-119
CTGCGTGTCTCCGACTCAGTCTT
AGGACGGCCATG
NspI-120
CTGCGTGTCTCCGACTCAGTCTG
GCAACGGCCATG
NspI-121
CTGCGTGTCTCCGACTCAGTCAG
TCCGAACCATG
NspI-122
CTGCGTGTCTCCGACTCAGCTCA
CACACATG
NspI-123
CTGCGTGTCTCCGACTCAGAAG
GAATCGTCCATG
NspI-124
CTGCGTGTCTCCGACTCAGTTCT
GGATTATCCATG
NspI-125
CTGCGTGTCTCCGACTCAGTGAG
CTGACATG
NspI-126
CTGCGTGTCTCCGACTCAGCCGA
GAACAACCATG
NspI-127
CTGCGTGTCTCCGACTCAGTCTA
GCTCTTCCATG
NspI-128
CTGCGTGTCTCCGACTCAGATCG
ATCGCATG

CTGGAGAACC
AC
TCTATTCGTC

CATG

Ligation

CATG

Ligation

TTCCGCATTG
AC
TCCAGGCTTA
TC
AGACACAC

CATG

Ligation

CATG

Ligation

CATG

Ligation

TAAGGCAACC
AC
TCACCTCGTT
C
TTGGAGTGTC

CATG

Ligation

CATG

Ligation

CATG

Ligation

TTCTACCGGC

CATG

Ligation

CCTACTGGTC

CATG

Ligation

CCTTGTCGTC

CATG

Ligation

TGGACAATTG
AC
TCTTAGGACG
GC
TCTGGCAACG
GC
TCAGTCCGAA
C
CTCACACA

CATG

Ligation

CATG

Ligation

CATG

Ligation

CATG

Ligation

CATG

Ligation

AAGGAATCGT
C
TTCTGGATTA
TC
TGAGCTGA

CATG

Ligation

CATG

Ligation

CATG

Ligation

CCGAGAACAA CATG
C
TCTAGCTCTTC CATG

Ligation

ATCGATCG

Ligation

CATG

Ligation

137
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NspI-129
CTGCGTGTCTCCGACTCAGGAG
AGTACCATG
NspI-130
CTGCGTGTCTCCGACTCAGAAG
GTTATTCCATG
NspI-131
CTGCGTGTCTCCGACTCAGTGAG
CCTTCGACCATG
NspI-132
CTGCGTGTCTCCGACTCAGCCGC
AATCATCCATG
NspI-133
CTGCGTGTCTCCGACTCAGTTCC
GAAGTCACCATG
NspI-134
CTGCGTGTCTCCGACTCAGCTAG
AGACCATG
NspI-135
CTGCGTGTCTCCGACTCAGCAGC
CTCCGGACCATG
NspI-136
CTGCGTGTCTCCGACTCAGCACC
ATCCGGTCCATG
NspI-137
CTGCGTGTCTCCGACTCAGCTGA
CATAATCCATG
NspI-138
CTGCGTGTCTCCGACTCAGTAAG
CAATTCTCCATG
NspI-139
CTGCGTGTCTCCGACTCAGTCCG
GAACTACCATG
NspI-140
CTGCGTGTCTCCGACTCAGCTTA
AGGCTGACCATG
NspI-141
CTGCGTGTCTCCGACTCAGTAGG
ATTCCGACCATG
NspI-142
CTGCGTGTCTCCGACTCAGTTAA
GCGGTCCATG
NspI-143
CTGCGTGTCTCCGACTCAGTTCT
GCACGATCCATG
NspI-144
CTGCGTGTCTCCGACTCAGCAA
GGCTTCCACCATG
GRL3_selec ATGGGCAGTCGGTGATC*T*G*T
tive_primer

GAGAGTAC

CATG

Ligation

AAGGTTATTC

CATG

Ligation

TGAGCCTTCG
AC
CCGCAATCAT
C
TTCCGAAGTC
AC
CTAGAGAC

CATG

Ligation

CATG

Ligation

CATG

Ligation

CATG

Ligation

CAGCCTCCGG
AC
CACCATCCGG
TC
CTGACATAAT
C
TAAGCAATTC
TC
TCCGGAACTA
C
CTTAAGGCTG
AC
TAGGATTCCG
AC
TTAAGCGGTC

CATG

Ligation

CATG

Ligation

CATG

Ligation

CATG

Ligation

CATG

Ligation

CATG

Ligation

CATG

Ligation

CATG

Ligation

TTCTGCACGA
TC
CAAGGCTTCC
AC
NA

CATG

Ligation

CATG

Ligation

BfuCI

Selective
PCR

GRL2_selec
tive_primer

ATGGGCAGTCGGTGATC*T*G

NA

BfuCI

Selective
PCR

GRL1_selec
tive_primer

ATGGGCAGTCGGTGATC*T

NA

BfuCI

Selective
PCR

NA

NspI

Selective
PCR

NA

BfuCI

Final PCR

nonCTGCGTGTCTCCGACTCAG
selective_pri
mer
GRL3_Proto CCTCTCTATGGGCAGTCGGTGAT
n_primer_2 C*T*G*T
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GRL2_Proto CCTCTCTATGGGCAGTCGGTGAT
n_primer_2 C*T*G

NA

BfuCI

Final PCR

GRL1_Proto CCTCTCTATGGGCAGTCGGTGAT
n_primer_2 C*T

NA

BfuCI

Final PCR

Proton_prim
er_1

NA

NspI

Final PCR

C*CATCTCATCCCTGCGTGTCTC
CGACTCA*G
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Supplementary Table 2. Illumina primers and oligos for tGBS. “NA” is not applicable and *
indicates a phosphorothioate bond.
Barcode (5'Cuttin
Name
Sequence (5'-3')
Step
3')
g Site
Universal
/5phos/GATCGGAAGAGCTC*G
NA
BfuCI
Ligation
oligo
ACACGACGCTCTTCCGATCTCGTCT
NspI-1
CGTCTCTAT NspI
Ligation
CTATCATG
ACACGACGCTCTTCCGATCTATCA
NspI-2
ATCAGTGC
NspI
Ligation
GTGCCATG
ACACGACGCTCTTCCGATCTGGAT
NspI-3
GGATACTGT NspI
Ligation
ACTGTCATG
ACACGACGCTCTTCCGATCTCTCTA CTCTACATG
NspI-4
NspI
Ligation
CATGTCATG
T
ACACGACGCTCTTCCGATCTTTGTG
NspI-5
TTGTGTCGC NspI
Ligation
TCGCCATG
ACACGACGCTCTTCCGATCTTCTGC
NspI-6
TCTGCGT
NspI
Ligation
GTCATG
ACACGACGCTCTTCCGATCTCATC
CATCATCAG
NspI-7
NspI
Ligation
ATCAGCCATG
C
ACACGACGCTCTTCCGATCTCTAC
NspI-8
CTACGAGT
NspI
Ligation
GAGTCATG
ACACGACGCTCTTCCGATCTTACT
NspI-9
TACTACGCT NspI
Ligation
ACGCTCATG
ACACGACGCTCTTCCGATCTATCA
NspI-10
ATCACGCAT NspI
Ligation
CGCATCATG
ACACGACGCTCTTCCGATCTTCAG
NspI-11
TCAGACTG
NspI
Ligation
ACTGCATG
ACACGACGCTCTTCCGATCTCGCA
NspI-12
CGCACAT
NspI
Ligation
CATCATG
ACACGACGCTCTTCCGATCTCTGT
NspI-13
CTGTACGA
NspI
Ligation
ACGACATG
ACACGACGCTCTTCCGATCTTTGTG
NspI-14
TTGTGCAT
NspI
Ligation
CATCATG
ACACGACGCTCTTCCGATCTAATC AATCTCGAC
NspI-15
NspI
Ligation
TCGACTCATG
T
ACACGACGCTCTTCCGATCTGAGC
NspI-16
GAGCATAGT NspI
Ligation
ATAGTCATG
ACACGACGCTCTTCCGATCTTGCA
NspI-17
TGCATGTCG NspI
Ligation
TGTCGCATG
ACACGACGCTCTTCCGATCTTTACT
NspI-18
TTACTGC
NspI
Ligation
GCCATG
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Supplementary Table 2. Continued
ACACGACGCTCTTCCGATCTCGCA
NspI-19
TGTCATCATG
ACACGACGCTCTTCCGATCTGCAC
NspI-20
TGACATG
ACACGACGCTCTTCCGATCTTCAC
NspI-21
ATGAGACATG
ACACGACGCTCTTCCGATCTATAT
NspI-22
GCTAGCCATG
ACACGACGCTCTTCCGATCTTCTGT
NspI-23
GAGCCATG
ACACGACGCTCTTCCGATCTATGT
NspI-24
GCGATGCATG
ACACGACGCTCTTCCGATCTTCTGT
NspI-25
CATGTCATG
ACACGACGCTCTTCCGATCTTCGT
NspI-26
AGACATG
ACACGACGCTCTTCCGATCTGATG
NspI-27
TCTCATG
ACACGACGCTCTTCCGATCTTCTA
NspI-28
GAGACATG
ACACGACGCTCTTCCGATCTTCAC
NspI-29
GCTGTACATG
ACACGACGCTCTTCCGATCTTTAGT
NspI-30
GCTCCATG
ACACGACGCTCTTCCGATCTCACG
NspI-31
TCGTATCATG
ACACGACGCTCTTCCGATCTACAG
NspI-32
TCGTCATG
ACACGACGCTCTTCCGATCTGCTA
NspI-33
GTACATG
ACACGACGCTCTTCCGATCTATCG
NspI-34
CGTACATG
ACACGACGCTCTTCCGATCTCTGCT
NspI-35
ATCATG
ACACGACGCTCTTCCGATCTACTC
NspI-36
ACGCATG
ACACGACGCTCTTCCGATCTCACG
NspI-37
TACCATG
ACACGACGCTCTTCCGATCTTACA
NspI-38
CAGCCATG
ACACGACGCTCTTCCGATCTAACT
NspI-39
AGCGCCATG

CGCATGTCA
T

NspI

Ligation

GCACTGA

NspI

Ligation

TCACATGAG
NspI
A
ATATGCTAG
NspI
C
TCTGTGAGC

Ligation
Ligation

NspI

Ligation

NspI

Ligation

NspI

Ligation

TCGTAGA

NspI

Ligation

GATGTCT

NspI

Ligation

TCTAGAGA

NspI

Ligation

TCACGCTGT
A

NspI

Ligation

TTAGTGCTC

NspI

Ligation

CACGTCGTA
T

NspI

Ligation

ACAGTCGT

NspI

Ligation

GCTAGTA

NspI

Ligation

ATCGCGTA

NspI

Ligation

CTGCTAT

NspI

Ligation

ACTCACG

NspI

Ligation

CACGTAC

NspI

Ligation

TACACAGC

NspI

Ligation

AACTAGCGC NspI

Ligation

ATGTGCGAT
G
TCTGTCATG
T
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ACACGACGCTCTTCCGATCTCTAG
NspI-40
TACAGCATG
ACACGACGCTCTTCCGATCTTCAT
NspI-41
AGACGCCATG
ACACGACGCTCTTCCGATCTTGTG
NspI-42
ATGCATG
ACACGACGCTCTTCCGATCTCGCT
NspI-43
ACTAGTCATG
ACACGACGCTCTTCCGATCTTGTG
NspI-44
CATCACCATG
ACACGACGCTCTTCCGATCTTCACT
NspI-45
ATCCATG
ACACGACGCTCTTCCGATCTTACTC
NspI-46
TGACGCATG
ACACGACGCTCTTCCGATCTTCGTC
NspI-47
TGCTCATG
ACACGACGCTCTTCCGATCTTGTA
NspI-48
GCGCATG
ACACGACGCTCTTCCGATCTTTCG
NspI-49
ACGTCATG
ACACGACGCTCTTCCGATCTTAGC
NspI-50
ATGCATG
ACACGACGCTCTTCCGATCTCTCTA
NspI-51
TCACCATG
ACACGACGCTCTTCCGATCTATCG
NspI-52
TCTGTGCATG
ACACGACGCTCTTCCGATCTTGCG
NspI-53
TGATACATG
ACACGACGCTCTTCCGATCTCAGA
NspI-54
TAGTGCCATG
ACACGACGCTCTTCCGATCTGCGT
NspI-55
CATCATG
ACACGACGCTCTTCCGATCTCGAC
NspI-56
TGTCATG
ACACGACGCTCTTCCGATCTCAGA
NspI-57
GTATCATG
ACACGACGCTCTTCCGATCTGCAG
NspI-58
AGTCATG
ACACGACGCTCTTCCGATCTACAG
NspI-59
CATCTGCATG
ACACGACGCTCTTCCGATCTACAC
NspI-60
GACTCATG

CTAGTACAG NspI

Ligation

TCATAGACG
NspI
C

Ligation

TGTGATG

NspI

Ligation

NspI

Ligation

NspI

Ligation

TCACTATC

NspI

Ligation

TACTCTGAC
G

NspI

Ligation

TCGTCTGCT

NspI

Ligation

TGTAGCG

NspI

Ligation

TTCGACGT

NspI

Ligation

TAGCATG

NspI

Ligation

CTCTATCAC

NspI

Ligation

ATCGTCTGT
G

NspI

Ligation

TGCGTGATA

NspI

Ligation

CAGATAGTG
NspI
C

Ligation

GCGTCAT

NspI

Ligation

CGACTGT

NspI

Ligation

CAGAGTAT

NspI

Ligation

GCAGAGT

NspI

Ligation

ACAGCATCT
G

NspI

Ligation

ACACGACT

NspI

Ligation

CGCTACTAG
T
TGTGCATCA
C
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ACACGACGCTCTTCCGATCTATGA
NspI-61
CAGCCATG
ACACGACGCTCTTCCGATCTTGTC
NspI-62
GCGATCATG
ACACGACGCTCTTCCGATCTGACT
NspI-63
ATGTCATG
ACACGACGCTCTTCCGATCTTGCT
NspI-64
AGCTCTCATG
ACACGACGCTCTTCCGATCTGACA
NspI-65
CACATCCATG
ACACGACGCTCTTCCGATCTTTCGC
NspI-66
TGCATG
ACACGACGCTCTTCCGATCTACGA
NspI-67
CTACACCATG
ACACGACGCTCTTCCGATCTCGTC
NspI-68
GTACATG
ACACGACGCTCTTCCGATCTCTCGT
NspI-69
GTGATCATG
ACACGACGCTCTTCCGATCTCATC
NspI-70
ATCCATG
ACACGACGCTCTTCCGATCTATAC
NspI-71
GTGACATG
ACACGACGCTCTTCCGATCTTAGC
NspI-72
TCACCATG
ACACGACGCTCTTCCGATCTGCTA
NspI-73
GATGCTCATG
ACACGACGCTCTTCCGATCTCTCA
NspI-74
GCTCATG
ACACGACGCTCTTCCGATCTACTCT
NspI-75
AGAGCATG
ACACGACGCTCTTCCGATCTAAGT
NspI-76
GTCGCATG
ACACGACGCTCTTCCGATCTTTAG
NspI-77
AGTGTGCATG
ACACGACGCTCTTCCGATCTACGA
NspI-78
GTGCATG
ACACGACGCTCTTCCGATCTGGCT
NspI-79
GTGTATCATG
ACACGACGCTCTTCCGATCTTATCT
NspI-80
CGTCATG
ACACGACGCTCTTCCGATCTCTGT
NspI-81
GTATACCATG

ATGACAGC

NspI

Ligation

TGTCGCGAT

NspI

Ligation

GACTATGT

NspI

Ligation

TGCTAGCTC
NspI
T
GACACACAT
NspI
C
TTCGCTG

Ligation
Ligation

NspI

Ligation

ACGACTACA
NspI
C

Ligation

CGTCGTA

NspI

Ligation

CTCGTGTGA
T

NspI

Ligation

CATCATC

NspI

Ligation

ATACGTGA

NspI

Ligation

TAGCTCAC

NspI

Ligation

GCTAGATGC
NspI
T

Ligation

CTCAGCT

NspI

Ligation

ACTCTAGAG NspI

Ligation

AAGTGTCG

NspI

Ligation

TTAGAGTGT
G

NspI

Ligation

ACGAGTG

NspI

Ligation

GGCTGTGTA
T

NspI

Ligation

TATCTCGT

NspI

Ligation

CTGTGTATA
C

NspI

Ligation

143
Supplementary Table 2. Continued
ACACGACGCTCTTCCGATCTGGTC
NspI-82
TCAGTCATG
ACACGACGCTCTTCCGATCTTTCAC
NspI-83
GAGACATG
ACACGACGCTCTTCCGATCTGTCT
NspI-84
GTGCATG
ACACGACGCTCTTCCGATCTACTG
NspI-85
ATCCATG
ACACGACGCTCTTCCGATCTGTAG
NspI-86
TCTGCATG
ACACGACGCTCTTCCGATCTTGTC
NspI-87
ACAGCATG
ACACGACGCTCTTCCGATCTGTCG
NspI-88
TATCCATG
ACACGACGCTCTTCCGATCTGTGT
NspI-89
CTACCATG
ACACGACGCTCTTCCGATCTAGAG
NspI-90
ACGTGCATG
ACACGACGCTCTTCCGATCTCTCTG
NspI-91
ACAGCATG
ACACGACGCTCTTCCGATCTTACG
NspI-92
TCGTGCATG
ACACGACGCTCTTCCGATCTCAGA
NspI-93
TCTCTCATG
ACACGACGCTCTTCCGATCTACGT
NspI-94
GCTGACATG
ACACGACGCTCTTCCGATCTCCAT
NspI-95
GACATGCATG
ACACGACGCTCTTCCGATCTTAGT
NspI-96
GAGCTGCATG
GRL3_sele
ctive_prime ACGAGCTCTTCCGATC*T*G*T
r
GRL2_sele
ctive_prime TACGAGCTCTTCCGATC*T*G
r
GRL1_sele
ctive_prime CATACGAGCTCTTCCGATC*T
r
nonselective_p ACACGACGCTCTTCCGATCT
rimer

GGTCTCAGT

NspI

Ligation

TTCACGAGA NspI

Ligation

GTCTGTG

NspI

Ligation

ACTGATC

NspI

Ligation

GTAGTCTG

NspI

Ligation

TGTCACAG

NspI

Ligation

GTCGTATC

NspI

Ligation

GTGTCTAC

NspI

Ligation

AGAGACGT
G

NspI

Ligation

CTCTGACAG

NspI

Ligation

TACGTCGTG

NspI

Ligation

CAGATCTCT

NspI

Ligation

ACGTGCTGA NspI

Ligation

CCATGACAT
G
TAGTGAGCT
G

NspI

Ligation

NspI

Ligation

NA

BfuCI

Selective
PCR

NA

BfuCI

Selective
PCR

NA

BfuCI

Selective
PCR

NA

NspI

Selective
PCR
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GRL3_Illu
CAAGCAGAAGACGGCATACGAGC
mina_prim
TCTTCCGATC*T*G*T
er_2
GRL2_Illu
CAAGCAGAAGACGGCATACGAGC
mina_prim
TCTTCCGATCT*G*T
er_2
GRL1_Illu
CAAGCAGAAGACGGCATACGAGC
mina_prim
TCTTCCGATC*T
er_2
AATGATACGGCGACCACCGAGATC
Illumina_pr TACACTCTTTCCCTA
imer_1
CACGACGCTCTTCCGATC*T

NA

BfuCI

Final
PCR

NA

BfuCI

Final
PCR

NA

BfuCI

Final
PCR

NA

NspI

Final
PCR

145

Supplementary Table 3. Pedigrees of the NAM founders, B73, and Mo17.
Genotype
B97
CML103
CML228
CML247
CML277
CML322
CML333
CML52
CML69
Hp301
IL14H
Ki11
Ki3
Ky21
M162W
M37W
Mo18W
MS71
NC350
NC358
Oh43
Oh7B
P39
Tx303
Tzi8
B73
Mo17

1

GRL1
08NAM-1150-21
07-1589-8
14-2879-3
11-6199-21
10g-1032-3
10g-1090-1
10g-1091-1
10g-1092-6
07g-1134-8
09-4244-2
09-4245-2
07g-1138-10
07g-1139-4
14-2890-5
14-2891-5
09-4247-1
13B-6091
14B-1411
Ac 3700
07-1600-11
08NAM-1170-21
14-2875-5
08NAM-1172-21
10g-1034-1
13B-165-2
08-3868-3
08-3877-2

Pedigree1
GRL2
08NAM-1150-21
07-1589-8
14-2879-3
11-6199-21
10g-1032-3
10g-1090-1
10g-1091-1
10g-1092-6
07g-1134-8
09-4244-2
09-4245-2
07g-1138-10
07g-1139-4
14-2890-5
14-2891-5
09-4247-1
13B-6091
14B-1411
Ac 3700
07-1600-11
08NAM-1170-21
14-2875-5
08NAM-1172-21
10g-1034-1
13B-165-2
08-3868-3
08-3877-2

Inbred line pedigrees maintained by selfing.

GRL3
08NAM-1150-21
07-1589-8
14-2879-3
11-6199-21
10g-1032-3
10g-1090-1
10g-1091-1
10g-1092-6
11-6204-22
09-4244-2
09-4245-2
07g-1138-10
07g-1139-4
14-2890-5
14-2891-5
09-4247-1
13B-6091
14B-1411
Ac 3700
07-1600-11
08NAM-1170-21
14-2875-5
08NAM-1172-21
10g-1034-1
13B-165-1
08-3868-3
08-3877-2
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Supplementary Table 4. Enrichment of sequencing reads at on-target sites in B73.
GR
L
1
2
3

% OnTarget
Reads
65
65
44

On-Target
Average Read Depth at
Interrogated
On-Target Interrogated
Sites
Sites
68,601,482
10.7
16,620,747
37.4
5,257,786
113.0

Total Reads
9,109,447
7,903,154
8,428,505

Supplementary Table 5. SNP identification in the 25 NAM founders.
GRL
1
2
3

Raw Reads per Sample
Median
Mean
4,538,596
5,457,505
7,187,761
6,902,459
4,886,650
5,497,142

# SNPs
70% MCR
20% MCR
6,665
50,210
11,883
44,466
3,253
19,377
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Supplementary Table 6. NAM founder reads per sample for GRL1-3. Founders with > 4M
reads for all three GRL were used in the 11 sample subset.
Sample
B97
CML103
CML228
CML247
CML277
CML322
CML333
CML52
CML69
Hp301
IL14H
Ki11
Ki3
Ky21
M162W
M37W
MS71
Mo18W
NC350
NC358
Oh43
Oh7B
P39
Tx303
Tzi8

GRL1
3,694,895
6,243,215
6,784,506
4,146,006
4,137,315
4,598,443
2,918,902
4,356,298
4,616,276
2,769,530
3,576,901
8,660,753
7,375,598
6,844,631
4,538,596
8,183,382
5,046,486
3,294,129
14,206,361
4,212,440
8,102,143
3,491,128
7,473,020
4,184,794
2,981,876

Number of Reads
GRL2
8,057,102
5,073,711
11,998,510
9,515,904
10,482,721
4,311,236
3,521,650
5,375,147
7,187,761
5,031,118
4,422,706
4,194,019
6,679,969
7,656,962
9,618,052
5,346,548
9,249,186
8,561,504
7,946,603
8,814,680
6,186,921
7,435,136
9,378,987
5,851,009
664,322

GLR3
5,403,047
4,182,335
3,144,617
6,070,226
4,126,341
3,127,187
3,976,929
10,768,147
1,095,095
4,922,467
6,335,284
3,457,509
8,895,567
3,633,335
2,729,157
4,886,650
4,068,871
4,063,889
5,437,176
8,696,009
2,955,425
11,518,220
9,917,696
6,002,096
8,015,264

11 Sample
Subset
no
yes
no
yes
yes
no
no
yes
no
no
no
no
yes
no
no
yes
no
no
yes
yes
no
no
yes
yes
no
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Supplementary Table 7. Concordant SNP calls summed across the NAM founders for all
GRL.
SNP Source
tGBS
RNA-sequencing
HapMap2

Concordant SNPs (%)
GRL1
GRL22
GRL33
90,790 (99.88%) 94,856 (99.82%)
29,959 (99.69 %)
89,215 (98.42%) 93,537 (98.43%)
29,598 (98.49%)
89,452 (98.40%) 93,383 (98.27%)
29,512 (98.21%)
1

Supplementary Table 8. Pedigrees of IBM RILs.
Tissue
Collection
14B-1572
14B-1574
14B-1575
14B-1576
14B-1577
14B-1578
14B-1651
14B-1652
14B-1579
14B-1654
14B-1580
14B-1581
14B-1582
14B-1584
14B-1586
14B-1587
14B-1589
14B-1590
14B-1591
14B-1658
14B-1659
14B-1594
14B-1660
14B-1661

Pedigree4
05-6152-1
05-6165-4
05-6304-2
05-6166-1
05-6155-1
05-6317-1
05-6306-2
05-6318-4
05-6157-1
05-6308-3
05-6159-1
05-6321-1
05-6322-1
05-6323-1
05-6324-1
05-6187-1
05-6177-1
05-6189-1
05-6178-6
05-6340-2
05-6191-3
05-6192-2
05-6181-3
05-6193-5

90,902 total SNPs in GRL1.
95,028 total SNPs in GRL2.
3 30,051 total SNPs in GRL3.
4 RIL pedigrees maintained by selfing.
1
2

Genotype
M0001
M0004
M0005
M0006
M0007
M0008
M0010
M0011
M0012
M0014
M0016
M0017
M0022
M0024
M0026
M0028
M0031
M0032
M0033
M0034
M0037
M0040
M0042
M0043
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Supplementary Table 9. Continued
14B-1595
05-6182-2 M0044
14B-1662
05-6194-4 M0045
14B-1596
05-6183-1 M0046
14B-1663
05-6195-5 M0047
14B-1597
05-6184-3 M0048
14B-1598
05-6196-1 M0051
14B-1599
05-6185-5 M0052
14B-1665
05-6198-2 M0055
14B-1666
05-6351-1 M0056
14B-1667
05-6364-1 M0059
14B-1871
05-6353-1 M0060
14B-1603
05-6365-1 M0061
14B-1668
05-6204-3 M0064
14B-1605
05-6367-2 M0067
14B-1670
05-6206-3 M0069
14B-1673
05-6219-3 M0073
14B-1606
05-6208-1 M0075
14B-1607
05-6209-1 M0077
14B-1674
05-6221-2 M0078
14B-1608
05-6210-1 M0079
14B-1675
05-6372-1 M0080
14B-1609
05-6211-1 M0081
14B-1610
05-6223-3 M0083
14B-1676
05-6361-3 M0084
14B-1677
05-6374-1 M0085
14B-1678
05-6375-2 M0086
14B-1679
05-6387-4 M0088
14B-1680
05-6226-2 M0090
14B-1681
05-6238-2 M0091
14B-1682
05-6377-3 M0092
14B-1683
05-6239-4 M0093
14B-1684
05g-1264-4 M0095
14B-1686
05-6379-2 M0097
14B-1687
05-6241-1 M0098
14B-1611
05-6230-4 M0099
14B-1688
05-6242-4 M0100
14B-1691
06-2367-3 M0103
14B-1692
05-6244-1 M0104
14B-1693
05-6383-1 M0105
14B-1694
05-6245-1 M0106
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Supplementary Table 10. Continued
14B-1695
05-6384-4 M0107
14B-1699
05-6386-2 M0114
14B-1612
05-6402-4 M0116
14B-1702
05-6253-1 M0118
14B-1704
05-6254-3 M0121
14B-1705
05-6266-4 M0122
14B-1707
05-6267-5 M0124
14B-1708
05-6256-7 M0125
14B-1709
05-6418-5 M0126
14B-1710
05-6257-1 M0127
14B-1711
05-6269-1 M0129
14B-1712
05-6408-2 M0130
14B-1713
07-1721-6 M0131
14B-1714
05-6409-2 M0132
14B-1715
05-6271-1 M0133
14B-1716
05-6410-3 M0138
14B-1717
05-6272-1 M0139
14B-1719
05-6273-5 M0142
14B-1720
05-6412-2 M0143
14B-1721
05-6274-2 M0144
14B-1722
05g-1266-3 M0145
14B-1723
05-6437-3 M0147
14B-1724
05-6276-3 M0149
14B-1725
06-2369-1 M0150
14B-1728
05-6278-3 M0154
14B-1729
05-6440-1 M0155
14B-1730
05-6279-4 M0156
14B-1731
05-6291-2 M0157
14B-1732
05-6280-1 M0159
14B-1734
05-6443-2 M0161
14B-1736
05-6433-3 M0163
14B-1613
05-6295-1 M0165
14B-1737
05-6284-3 M0166
14B-1739
05-6435-4 M0168
14B-1740
05-6447-1 M0169
14B-1741
05-6448-1 M0172
14B-1743
05-6451-2 M0173
14B-1744
05-6463-1 M0174
14B-1745
05-6602-1 M0176
14B-1746
05-6464-3 M0177
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Supplementary Table 11. Continued
14B-1747
05-6603-3 M0178
14B-1748
05-6465-2 M0179
14B-1749
05-6604-3 M0180
14B-1750
05-6466-5 M0181
14B-1752
05-6467-1 M0187
14B-1753
07-1725-7 M0188
14B-1754
05-6618-2 M0189
14B-1755
05-6607-2 M0191
14B-1756
05-6469-3 M0192
14B-1757
05-6458-3 M0194
14B-1759
05-6609-3 M0196
14B-1760
05-6471-1 M0197
14B-1761
05-6460-1 M0198
14B-1762
05-6472-2 M0199
14B-1764
05-6473-1 M0201
14B-1765
05-6462-1 M0203
14B-1766
05-6624-1 M0204
14B-1768
05-6487-4 M0206
14B-1769
06-2388-4 M0208
14B-1770
05-6488-1 M0209
14B-1772
05-6489-3 M0212
14B-1773
05-6628-3 M0213
14B-1774
05-6640-3 M0214
14B-1775
05-6629-3 M0215
14B-1776
05-6491-1 M0216
14B-1777
05-6480-3 M0217
14B-1778
05-6492-2 M0218
14B-1779
05-6631-1 M0219
14B-1780
05-6493-2 M0220
14B-1781
05-6632-3 M0221
14B-1782
05-6644-1 M0222
14B-1783
05-6633-2 M0223
14B-1784
05g-1267-2 M0225
14B-1785
05-6484-2 M0228
14B-1786
05-6646-1 M0229
14B-1787
05-6485-5 M0230
14B-1788
05-6497-1 M0231
14B-1789
05-6648-3 M0233
14B-1790
05-6502-3 M0234
14B-1791
05-6664-1 M0235
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Supplementary Table 12. Continued
14B-1792
05-6653-2 M0236
14B-1793
05-6515-3 M0237
14B-1794
05-6654-1 M0238
14B-1795
07-1726-4 M0239
14B-1796
05-6505-3 M0240
14B-1797
05-6667-2 M0241
14B-1799
05-6518-3 M0245
14B-1616
05-6507-3 M0248
14B-1800
05-6669-2 M0249
14B-1801
05-6658-3 M0251
14B-1802
05-6670-2 M0252
14B-1804
05-6671-1 M0256
14B-1805
05-6521-3 M0258
14B-1806
05-6511-4 M0259
14B-1807
05-6673-1 M0260
14B-1617
05-6662-3 M0262
14B-1808
05-6674-1 M0263
14B-1618
05-6525-1 M0264
14B-1620
05-6526-1 M0266
14B-1621
05-6688-2 M0267
14B-1622
05-6774-3 M0269
14B-1809
05-6677-1 M0270
14B-1810
05-6689-3 M0271
14B-1811
05-6528-2 M0272
14B-1812
05-6540-2 M0273
14B-1813
05-6529-2 M0274
14B-1814
05-6541-2 M0275
14B-1815
05-6542-2 M0277
14B-1816
05-6681-2 M0279
14B-1818
05-6694-4 M0282
14B-1625
05-6803-2 M0284
14B-1819
05-6802-2 M0285
14B-1626
05-6545-1 M0287
14B-1628
05-6546-4 M0289
14B-1821
06-2391-2 M0290
14B-1822
05-6697-1 M0291
14B-1823
06-2392-5 M0292
14B-1824
05-6548-2 M0293
14B-1825
05-6701-1 M0294
14B-1826
05-6713-1 M0295
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Supplementary Table 13. Continued
14B-1630
05-6553-2 M0298
14B-1828
05-6554-2 M0300
14B-1829
05-6716-1 M0302
14B-1631
06-2375-6 M0303
14B-1830
05-6567-2 M0304
14B-1831
05-6706-2 M0305
14B-1832
05-6568-3 M0306
14B-1833
05-6557-2 M0307
14B-1834
05-6719-2 M0308
14B-1835
05-6558-3 M0309
14B-1632
05-6570-1 M0310
14B-1633
05-6559-5 M0311
14B-1836
05-6721-4 M0312
14B-1838
05-6710-1 M0313
14B-1839
05-6561-4 M0317
14B-1841
05-6562-3 M0320
14B-1635
05-6575-1 M0322
14B-1636
05-6587-1 M0323
14B-1843
05-6726-2 M0324
14B-1638
05-6577-7 M0326
14B-1639
05-6578-1 M0328
14B-1845
05-6590-1 M0330
14B-1846
05-6729-5 M0331
14B-1847
05-6591-1 M0334
14B-1848
05-6730-1 M0335
14B-1640
05-6592-1 M0337
14B-1849
05-6731-2 M0338
14B-1850
05-6743-4 M0339
14B-1641
05-6594-3 M0341
14B-1851
05-6804-3 M0342
14B-1854
05-6565-1 M0348
14B-1855
05-6746-2 M0350
14B-1856
05g-1268-2 M0351
14B-1642
05-6597-1 M0352
14B-1858
05g-1269-2 M0354
14B-1859
05-6752-5 M0355
14B-1860
05-6788-1 M0357
14B-1861
05g-1270-2 M0358
14B-1862
05-6754-2 M0362
14B-1863
05-6790-2 M0364
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Supplementary Table 14. Continued
14B-1643
05-6779-1 M0365
14B-1645
05-6792-7 M0369
14B-1865
05-6793-3 M0375
14B-1866
05-6758-1 M0376
14B-1867
07g-1151-1 M0377
14B-1646
05-6759-1 M0378
14B-1648
05-6761-2 M0382
14B-1649
05-6797-3 M0383
Supplementary Table 15. Percent agreement among SNP calls generated via tGBS, RNAsequencing, and Sequenom for the 67 IBM RILs that were genotyped with all three
technologies. Concordance between input SNP calls derived from a given genotyping method
and SNP calls derived following segmentation of the same input data are shaded in gray.
Non-shaded cells show the concordance between input SNPs and SNP calls derived
following segmentation of input SNPs generated with one of the other two genotyping
methods.

Input
SNP Calls

No. SNPs in Agreement
(% Agreement)
tGBS
Sequenom
RNAsequencing

Segmented SNP Calls
tGBS
246,344
(99.48)
68,107
(99.93)
9,284,580
(99.68)

Sequenom
246,515 (99.55)
68,079 (99.89)
9,284,297 (99.68)

RNA-sequencing
246,595 (98.58)
68,122 (99.95)
9,279,703 (99.69)

Total
SNPs
247,628
68,154
9,314,537

Supplementary Table 16. Summary of genetic maps constructed using ASMap.
No. Markers
Pop.

MCR

Imputation

Input

Filtered for
Segregation
Distortion

70

no

4,293

0

IBM

70

yes

4,293

55

IBM

50

no

6,696

0

IBM

50

yes

6,696

57

IBM

20

no

10,736

0

IBM

20

yes

10,736

64

F2

70

no

4,032

205

F2

70

yes

4,032

301

10

3,942
(91.9)
3,856
(87.7)
6,010
(89.8)
6,200
(92.6)
8,842
(82.4)
10,107
(94.1)
3,334
(82.7)
3,336
(82.7)

Incorrect
LG

Unmapped

No.
LG

Map
Size
(cM)

10

Spearman
Rank
Correlation
of Physical
and Genetic
Marker
Order

9

351

1E-12

11

3506

0.05

0.9982

9

437

1E-10

10

2525

0.10

0.9999

14

686

1E-20

10

5007

0.10

0.9999

14

439

1E-14

10

3210

0.10

0.9999

23

1,894

1E-27

12

8800

0.10

0.9999

19

565

1E-13

10

4246

0.10

0.9974

9

493

1E-27

10

4819

0.50

0.9996

11

395

1E-25

10

5736

0.50

0.9996

P-value is the set threshold for grouping markers on the same linkage group. See Methods for details.
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IBM

Mapped
(%)

Map
PValue

Mapped
Genotypin
g Error
Rate of
Markers
(%)
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Supplementary Table 17. Categorization of tGBS SNP calls by the genotype of the flanking
region summed across F2 individuals. Accurate calls where the SNP call and the flanking
region are in agreement are shaded in gray.
Flanking Region

SNP Call

Reference
Homozygous

Heterozygous

Non-Reference
Homozygous

Reference
Homozygous

267,577 (98.40%)

2,070 (0.49%)

952 (0.58%)

Heterozygous

4,067 (1.50%)

415,703 (99.16%)

2,431 (1.48%)

894 (0.33%)

1,434 (0.34%)

160,843 (98.00%)

NonReference
Homozygous
Total calls in each
flanking region

271,938

419,207

164,226

Supplementary Table 18. Comparison of SNPs identified in the F2 and IBM RIL populations.

MCR

Total
SNPs

No.
IBM
SNPs

No. (%)
Common SNPs

No. (%)
Common OnTarget SNPs

No. (%)
Common OffTarget SNPs

380,278 109,444/699,824
(15.5%)

21,109/109,444
(19.3%)

88,335/109,444
(80.7%)

No. F2
SNPs

0

699,824

428,990

20

25,052

16,626

14,503

6,077/25,052
(24.3%)

4,653/6,077
(76.6%)

1,424/4,653
(23.4%)

70

7,832

5,216

5,188

2,572/7,832
(32.8%)

2,154/2,572
(83.7%)

418/2,154
(16.3%)
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APPENDIX B: SUPPLEMENTAL INFORMATION FOR CHAPTER 3

Supplementary Figure 1. Pulsed field gel electrophoresis image of B73 high molecular
weight DNA after extraction and before LR library preparation.

158

Supplementary Figure 2. Length distributions of A) LR scaffolds (N=171,932), B) distances
between contig pairs (two contigs that comprise a scaffold) which align to the same
chromosome (N=6,566), C) LR contigs (N=234,153), D) LR contig tails (N=64,704), E)
trimmed LR contigs (N=233,095), and F) trimmed LR contig tails (N=39,237). Means ( )
and medians ( ) are indicated by vertical lines with the values reported on each plot. Figures
A, C, and D truncate at 10 kb: 13,043 LR scaffolds, 31,812 LR contigs, and 31,591 trimmed
LR contigs are greater than this size. Note the x-axis for plots B, D, and F are on a log scale.
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Supplementary Figure 3. Estimated percent reduction in assembly error (A) and percent
bases remaining following contig trimming (B). These estimates were obtained by comparing
the lengths of LR contig tails with the amount of trimming required to remove the tail.
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Supplementary Figure 4. Repeat content at the junction of the aligned portion of a
representative LR contig with a tail and its tail. A) Gray regions on the x and y axis of the dot
plot represent the position of the aligned region of the contig. Black regions on the x and y
axis represent the positions at which the tail aligns. Each dot represents a 50 bp window with
100% identity. Steps between windows are 1 bp. The diagonal lines of dots indicate regions
where the sequences on the x and y axis exhibit high similarity. Arrows indicate duplicated
regions at the ends of the contig and tail. B) True sequences that contain two similar repeats
(vertical dashed region) in close proximity such as the example presented in A appear to be
collapsed into a single repeat in the LR contigs.
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Supplementary Figure 5. Length of A) trimmed LR (N=234,153), B) MAGI (N=114,173),
and C) ABySS contigs (N=10,787,574). Means ( ) and medians ( ) are indicated by vertical
lines with the values reported on each plot.
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Supplementary Figure 6. Comparisons of LR, MAGI, and REF contigs. MAGI and LR
contigs were aligned to REF contigs.
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Supplementary Figure 7. Coverage of debarcoded reads uniquely aligned to the reference
genome in regions where LR contigs align (N=244,649) or do not align (N=1,324,967).
Regions with LR contig alignment are defined by positions where the LR contigs align.
While a contig may align to this whole region, not all bases have linked read coverage;
hence, the average coverage can be < 1. Regions with no LR contig coverage are defined by
continuous linked read coverage where no contigs align and the minimum coverage in these
regions is 1.
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Supplementary Figure 8. Genomic overlap of LR assemblies. A) Percent of bases shared
between aligned regions of fully aligned contigs from all LR assemblies. The union number
of genomic bases covered by at least one contig for at least one assembly is 1,604,257,525.
B) Overlap of aligned regions of LR contigs with tails. Contigs are considered to be
overlapping if > 1 aligned base is also aligned from another contig with a tail.
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Supplementary Figure 9. Relationship between contig length in bins of 1 kb and contig quality for LR and ABySS assemblies. A
and B) LR contigs are more likely to have a unique alignment but not be fully aligned. C and D) Short ABySS contigs are more
likely to have multiple or no alignments.

Supplementary Table 1. Alignment of contigs from different data sets to the AGPv2 reference genome using BLAST. To be
classified as aligned, contigs must match the reference with ≥ 95% identity.
No. Contigs (%) from
No.
Alignments
1 (Unique)
2
>2

Total

222,531
(95.0)
2,145
(0.9)
629
(0.3)
8,848
(3.8)
234,153

Trimmed
LR
Contigs
222,245
(95.1)
2,194
(0.9)
535
(0.2)
8,931
(3.8)
233,905

MAGIs

Sim 111

Sim 212

Sim 313

ABySS

109,665
(96.1)
1,347
(1.2)
138
(0.1)
3,024
(2.6)
114,173

256,255
(98.7)
1,985
(0.8)
568
(0.2)
762
(0.3)
259,570

262,727
(98.8)
2,014
(0.8)
488
(0.2)
719
(0.3)
265,968

257,049
(98.7)
1,971
(0.8)
716
(0.3)
790
(0.3)
260,526

4,614,334
(42.9)
1,520,610
(14.1)
4,268,325
(39.7)
350,313
(3.26)
10,753,582

Simulation 1: 50kb molecule length and 400M reads
Simulation 2: 80kb molecule length and 400M reads
13 Simulation 3: 50kb molecule length and 800M reads
11
12
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0

LR
Contigs

Supplementary Table 2. Summary of assemblies.
Data Set
REF14
Empirical
No. Scaffolds
10
171,982
No. Contigs
125,052
234,153
Total Contig Bases (Gb)
2.04
1.28
% GC Content
46.9
46.0
% Repeat Content
76.3
65.5
N50 of Contigs (kb)
41.2
14.5

MAGI
NA
114,173
0.18
45.6
11.6
1.73

Sim 115
200,421
259,569
1.41
46.7
69.6
12.9

Sim 216
208,876
265,967
1.39
46.7
69.4
11.6

Sim 317
184,465
260,526
1.42
46.7
69.7
13.4

ABySS
NA
10,787,574
2.24
46.8
75.7
0.238
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14

Reference genome and contigs from B73 AGPv2.
Simulation 1: 50kb molecule length and 400M reads
16
Simulation 2: 80kb molecule length and 400M reads
17
Simulation 3: 50kb molecule length and 800M reads
15
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Supplementary Table 3. Categorization of trimmed simulation contig alignment.
Category
Fully aligned
With tails
Unclassified
Total
Classified

No. Contigs Uniquely Aligned
to REF (% of total classified)
Sim 118
Sim 219
Sim 320
240,496 247,939 239,648
(96.1)
(96.3)
(95.6)
9,802
9,502
10,914
(3.91)
(3.69)
(4.36)
5,663
5,063
6,162
250,298

257,441

250,562

Simulation 1: 50kb molecule lengths and 400M reads
Simulation 1: 80kb molecule lengths and 400M reads
20 Simulation 1: 50kb molecule lengths and 800M reads
18
19
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APPENDIX C. SUPPLEMENTAL INFORMATION FOR CHAPTER 4

Supplementary Figure 6 Size distribution and number of SNPs per segment (N=7,867).
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Supplementary Figure 7. Comparison between physical and genetic length of the
chromosomes. Each of the ten maize chromosomes is indicated by a dot with the
chromosome number. The genetic positions are from the genetic maps generated by
MSTmap.
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Supplementary Figure 8. Distribution of crossover frequency of the 10 maize chromosomes.
Each dot represents a 1Mb bin of the genome. Yellow vertical lines indicate the centromere
locations.
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Supplementary Figure 9. Synteny and crossover frequency by subgenome. The genome was
divided into non-overlapping 1 Mb bins (black dots) and the amount of sequence from genes
in the maize1 and maize2 subgenome was determined. A) Bins with maize1 genes
(N=1,114). B) Bins with maize2 genes (N=678).
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Supplementary Figure 10. Relationship between crossover frequency and SNP diversity in
the HapMap3 diversity panel. The genome was divided into non-overlapping 1 Mb bins
(black dots, N=2,064 for each panel), and the number of imputed SNPs identified in each bin
from the 1,209 maize individuals in the HapMap3 diversity panel was determined.
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Supplementary Figure 11. Transcript accumulation in the parents of 18 genes that exhibit
transgressive recombinant allele expression. The boxplot is the transcript accumulation
(RPKM) for all expressed genes in each parent: B73 (left) and Mo17 (right). The red dots
indicate the log10 RPKM of the genes which contain a recombinant allele with transgressive
transcript accumulation in at least one of the RILs.

Supplementary Table 19. Distribution of aGC and SNPs in genes.
Third of Gene No. aGC No. SNPs % GC
5' End
604
25486
2.37
Middle
1064
41356
2.57
3' End
1009
41177
2.45

