
Tenure Package Executive Summary: James C. Schnable

Position Summary

Initial appointment: Assistant Professor at the University of Nebraska-Lincoln. Start date: May 1st,
2014. Nine-month appointment responsibilities: 80% research, 18% teaching, 2% service.

Unit Membership: Tenure home in the Department of Agronomy and Horticulture. Hired as part
of a cluster for the Quantitative Life Sciences Initiative. Appointment to the Center for Plant Science
Innovation after my initial hire.

Research Metrics Summary (80%)

Funding: 5 federal grants (2 USDA; 2 NSF; 1 ARPA-E), two as lead PI (1 NSF; 1 USDA). Sixth grant
(NSF) currently recommended for funding. Current support from the North Central Sun Grant pro-
gram, the Nebraska Corn Board, the Wheat Innovation Foundation, and the Water for Food Global
Institute and the Midwest Big Data Hub. Prior support from a USAID Linkages Grant with ICRISAT
(Hyderabad, India), ConAgra’s Popcorn program, and Iowa Corn Board. $2.42M in funding over four
years (See page 2). $1.37M in funding currently "recommended" for support by NSF. $4.78M in pro-
posals currently under under review at the National Science Foundation, Department of Energy, and
Foundation for Food and Agriculture (See page 51).

Publications: 56 total peer reviewed publications; 38 since appointment as an assistant professor at
UNL; 28 resulting from work conducted at UNL; 14 papers where a member of my lab (or I) was the
first or co-first author (See page 6). These papers have been cited a total of 3,166 times, or 1,930 times
if two marker papers for the release of genome sequences for new grass species are excluded. H-index
of 21.

Invited Presentations: 50 total invited talks or seminars; 37 since I was hired as an assistant profes-
sor at the University of Nebraska-Lincoln; 29 excluding seminars and conferences affiliated with the
University of Nebraska-Lincoln. Three additional invited speaking engagements scheduled before the
deadline for the final tenure package (December 1st) (See page 15)

Notable Recognition: Junior Faculty Research Award (2016); M. Rhoades Early Career Maize Genetics
Award (2018) (see page 51)

Teaching and Mentoring Metrics Summary (18%)

Mentoring: 4 Postdoctoral Scholars; 1 Visiting Scientist; 3 PhD students; 1 co-advised PhD student; 2

visiting PhD students; 1 MS student; 2 co-advised MS students; 13 undergraduates – 4 REU (Research
Experience for Undergraduates) students; 2 UCARE (Undergraduate Creative Activities and Research
Experience) students; and 7 undergraduate students supported by regular research funding – and 2

high school students. (See page 4)

Teaching: Developed and taught a new graduate level course: Professional Development for 1st year
graduate students (taught Fall ’15 ’16 ’17 and ’18. Taught “Big Question in Complex Biosystems” Fall
’17 and ’18. (See page 24)

Service Metrics Summary (2%)

University Service: Currently an active member of 6 university committees. Prior service on seven
additional committees (4 search committees, 3 organizing committees for meetings). (See page 14)

Professional Service: Associate Editor for Molecular Plant; MaizeGDB Advisory Committee; Grant
Reviewer: NSF, USDA, JGI, Genome British Columbia. Peer reviewer for 21 journals (includes Science,
Nature Plants, PNAS, and Plant Cell). (See page 15)
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Curriculum Vitae

James C. Schnable

Quantitative Life Sciences Initiative
Center for Plant Science Innovation
Nebraska Food for Health Center

Department of Agronomy & Horticulture
University of Nebraska-Lincoln

Office: E207 Beadle Center
Phone: (402) 472-3192

Email: schnable@unl.edu
Web: schnablelab.org

Employment

Assistant Professor 2014-present
Department of Agronomy and Horticulture, University of Nebraska-Lincoln
Start Date: May 1st. Appointment: 80% Research, 18% Teaching and Mentoring 2% Service.

NSF PGRP Fellowship Supported Visiting Scholar 2014

Chinese Academy of Agricultural Sciences

NSF PGRP Fellowship Supported Postdoctoral Researcher 2013

Donald Danforth Plant Science Center

Education

PhD Plant Biology (with Michael Freeling) 2008-2012

University of California-Berkeley

BA Biology 2004-2008

Cornell University

Honors and Awards

Marcus Rhoades Early Career Award 2018

Junior Faculty Excellence in Research Award, University of Nebraska-Lincoln 2016

Faculty Fellow, Robert B. Dougherty Water for Food Institute 2016-Present

Research Support

$2.42M in funding over four years. An additional $1.37M in funding currently recommended for
support by NSF.

$4.78M in proposals currently under under review at the National Science Foundation, Department of
Energy, and Foundation for Food and Agriculture (see page 51)

http://bigdata.unl.edu/
http://www.unl.edu/psi/
https://foodforhealth.unl.edu/
http://agronomy.unl.edu
http://www.unl.edu
mailto:schnable@unl.edu
http://www.schnablelab.org/
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Current

1. “RoL: FELS: EAGER: Genetic Constraints on the Increase of Organismal Complexity Over Time”
National Science Foundation - Rules of Life
Schnable JC (PI)
Award Period: 08/01/2018 - 07/31/2020

Award Amount: $299,801

2. “Identifying mechanisms conferring low temperature tolerance in maize, sorghum, and frost tolerant
relatives.”
US Department of Agriculture - National Institute of Food and Agriculture - Agriculture and Food
Research Initiative
Schnable JC (PI), Roston RL (Co-PI) (Department of Biochemistry, UNL)
Award Period: 12/15/2015 - 12/14/2019

Award Amount: $455,000

3. “In-plant and in-soil microsensors enabled high-throughput phenotyping of root nitrogen uptake
and nitrogen use efficiency.’
ARPA-E ROOTS
Dong, L (PI) (Department of Electrical and Computer Engineering, Iowa State), Schnable JC (co-PI),
Castellano, M (co-PI) (Department of Agronomy, Iowa State)
Award Period: 06/12/2017 - 06/11/2019

Award Amount: $1,100,000. Award Amount to UNL: $334,169

4. “Center for Root and Rhizobiome Innovation.” (Investigator & Management Team Member)
National Science Foundation - EPSCoR
Choobineh F (PI), Cahoon E (co-PI), Alfano J (co-PI). JCS: wrote one of four objectives in the original
grant. Manages that the team of 6 PIs working on that objective. Serves on the management team for the
overall project.
Award Period: 06/15/2016 - 05/31/2021

Award Amount: $20M total. Awarded to UNL: $10M. Funding directly and specifically to the
Schnable Lab: $649,170

5. “PAPM EAGER: Transitioning to the next generation plant phenotyping robots.” (co-PI)
USDA/NSF Joint Program
Ge, Y (PI) (Department of Biological Systems Engineering (BSE), UNL), Schnable JC (co-PI), Pitla S (co-
PI) (BSE, UNL)
Award Period: 11/15/2016 - 11/14/2018

Award Amount: $285,000.

6. Nebraska Corn Board “Genomes to Fields (G2F) - Predicting Final Yield Performance in Variable
Environments.”
Nebraska Corn Board (Three separate and sequential competitively awarded grants of one year each)
Award Period: 07/01/2016 - 06/30/2017 Award Amount: $42,620 Team: Schnable JC (PI), Ge, Y
(co-PI) (BSE, UNL), Rodriguez, O (co-PI) (Agronomy and Horticulture, UNL)
Award Period: 07/01/2017 - 06/30/2018 Award Amount: $47,945 Team: Schnable JC (PI), Ge, Y
(co-PI) (BSE, UNL), Rodriguez, O (co-PI) (Agronomy and Horticulture, UNL)
Award Period: 07/01/2018 - 06/30/2019 Award Amount: $51,054 Team: Schnable JC (PI), Ge, Y
(co-PI) (BSE, UNL), Shi, Y (co-PI) (BSE, UNL)

7. “Optimizing the Water Use Efficiency of C4 Grain Crops Using Comparative Phenomics and Crop
Models to Guide Breeding Targets.”
Daugherty Water for Food Global Institute – University of Nebraska Foundation (Original Award and
Accomplishment Based Renewal)
Award Period: 07/01/2017 - 06/30/2018 Award Amount: $17,658 Team: Schnable JC (PI)
Award Period: 07/01/2018 - 06/30/2019 Award Amount: $12,000 Team: Schnable JC (PI)
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8. “High through put phenotyping to accelerate biomass sorghum improvement.” (co-PI)
Sun Grant Program - North Central Region (Original Award and Competitive Renewal)
Award Period: 09/01/2016 - 12/31/2018 Award Amount: $149,633 Team: Ge, Y (PI) Schnable JC
(co-PI), Sibel Irmak (co-PI) (BSE, UNL), Jin, J (Agricultural & Biological Engineering, Purdue)
Award Period: 07/01/2018 - 06/30/2019 Award Amount: $44,000 Team: Ge, Y (PI) Schnable JC
(co-PI)

9. “A Low-Cost, High-Throughput Cold Stress Perception Assay for Sorghum Breeding.”
Wheat Innovation Fund – University of Nebraska Foundation
Roston RL (PI) (Biochemisty, UNL), Schnable JC (co-PI)
Award Period: 1/1/2019 - 12/31/2021

Award Amount: $205,000

10. “Automatic feature extraction pipeline development for high-throughput plant phenotyping”
National Science Foundation Big Data Hub - Competitive Subaward
Xu, Z (PI) (Statistics, UNL), Cui J (co-PI) (Computer Science and Engineering (CSE), UNL), Ge, Y
(co-PI) (BSE, UNL), Qiu Y (co-PI) (Statistics, UNL), Schnable JC (co-PI)
Award Period: 10/01/2017 - 09/30/2018

Award Amount: $5,000

Completed

11. “Application of tGBS And Genomic Selection to a Hybrid Pearl Millet Breeding Program.”
USAID Linkages Grant with ICRISAT (A CGAR Center)
Schnable JC (PI), Gupta SK (co-PI) (Pearl Millet Breeding Lead, ICRISAT), Schnable PS (co-PI)
(Agronomy, Iowa State)
Award Period: 7/1/15 - 9/30/17

Award Amount: $45,000 Awarded to UNL: $23,000

12. “Field Deployable Cameras to Quantify Dynamic Whole Plant Phenotypes in the Field.”
Iowa Corn Board
Schnable JC (PI)
Award Period: 7/1/14 - 6/30/16

Award Amount: $45,395

13. “Marker Discovery & Genetic Diversity. (In Popcorn)”
ConAgra Foods
Lorenz A (original PI), Schnable JC (replacement PI)
Award Period: 01/01/2014 - 12/31/2017 Award Amount: $162,284

14. “A High Throughput Phenotyping Reference Dataset for GWAS in Sorghum”
Agricultural Research Division - Internal UNL Funding
Schnable JC (PI), Ge Y (co-PI) (BSE, UNL), Qiu Y (co-PI) (Statistics, UNL), Samal A (co-PI) (CSE,
UNL), Sigmon B (Agronomy & Horticulture, UNL)
Award Period: 07/01/2016 - 6/30/2018

Award Amount: $99,159

Recommended for Funding

15. “RII Track-2 FEC: Functional analysis of nitrogen responsive networks in Sorghum”
National Science Foundation - EPSCoR
Schmutz J (PI) (Hudson Alpha), Lamb N (co-PI) (Hudson Alpha), Schnable JC (co-PI), Swaminathan
K (co-PI) (Hudson Alpha), Clemente T (co-PI) (Agronomy and Horticulture, UNL)
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Award Period: 01/01/2019 - 12/31/2022

Award Amount: $4M total. Awarded to UNL: $1,337,633. Funding directly and specifically to the
Schnable Lab: $648,710

Economic Development

Co-Founder, EnGeniousAg LLC 2017-Present
Designs, manufactures, and deploys low-cost, instant readout, high-performance, field-based nutrient sensors for
crops, soil, and water, improving agronomic management practices, increasing grower profitability and reducing
the environmental footprint of agriculture.

Founder, Dryland Genetics LLC 2014-Present
Using high throughput quantitative genetics and field phenotyping techologies to develop and commericialize
higher yielding cultivars of crops already naturally adapted to using little water and growing arid regions where
conventional agriculture fails in the absence of irrigation.

Co-Founder, Data2Bio LLC (USA) & DATA生物科技（北京）有限公司 (China) 2010-Present
Providing patented tGBS genotyping and genomic selection services to public and private sector plant and animal
breeders in the USA and China.

Scientific Advisory Council, GeneSeek, Inc 2017-Present

External Advisor to the Scientific Advisory Board, Indigo Agriculture 2017

External Advisor to the Scientific Advisory Board, Syngenta AG 2016

Mentoring

Table 1: Graduate Students Mentored
Student Degree Program Years
Zhikai Liang PhD Agronomy & Horticulture 2015-Present
Daniel Carvalho PhD Agronomy & Horticulture 2015-Present
Chenyong Miao PhD Agronomy & Horticulture 2016-Present
Preston Hurst MS Agronomy & Horticulture 2016-Present
Nate Korth PhD (co-advised) Food Science and Technology 2017-Present
Xiuru Dai PhD (CSC student) Shandong Agriculture University 2017-Present
Xianjun Lai PhD (CSC student) Sichuan Agriculture University 2015-2017

Bhushit Agarwall MS (co-advised) Computer Science & Engineering 2016-2017

Srinidhi Bashyan MS (co-advised) Computer Science & Engineering 2016-2017

https://www.engeniousag.com/
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Table 2: Undergraduates and High School Students Engaged In Research
Student Program Years
Daniel Ngu Startup and Grant Funds 2014-2017

Kyle Johnson Bioenergy REU Program Summer 2016

Taylor Horn QLSI REU Program Summer 2016

Logan Olson Startup and Grant Funds 2016-2017

Xiaoyang Ye Startup and Grant Funds 2016-2017

Holly Podliska UCARE Program 2016-2017

Nicole Hollander HS Student (Young Nebraska Scientist Program) Summer 2017

Connor Pedersen Grant Funds 2016-2018

Tom Hoban Startup and Grant Funds 2016-Present
Isabel Sigmon HS Student (Grant Funds) Summer 2018

Christian Butera Bioenergy REU Program Summer 2018

Ashley Foltz CRRI REU Program Summer 2018

Alex Enersen Grant Funds 2018-Present
Alexandra Bradley Grant Funds 2018-Present
Alejandro Pages UCARE Program 2018-Present

Table 3: Postdoctoral Scholars and Visiting Scientists
Name Years Present Position
Yang Zhang (Postdoc) 2014-2017 Scientist, St. Jude’s Children Hospital
Lang Yan (Visiting Scholar) 2016-2017 Deputy Director, Potato Functional Genomics, XiChang College
Jinliang Yang (Postdoc) 2016-2107 Assistant Professor, University of Nebraska-Lincoln
Sunil Kumar (Postdoc) 2017-2018 Postdoc, Niederhuth Lab, Michigan State
Guangchao Sun (Postdoc) 2017-Present Schnable Lab
Xiaoxi Meng (Postdoc) 2018-Present Schnable Lab
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Publications

H-Index: 21 Google Scholar
Lab members in bold, ∗equal contribution, ‡undergraduate, §corresponding

The quality, importance, and impact of scientific articles can be assessed in numerous ways. Some
methods, such as individual citation counts, are considered to have greater reliability, but take longer to accumulate.
Based on department guidelines, I am providing the Impact Factors for each journal in which I have published a
manuscript since beginning my position at the University of Nebraska-Lincoln.

In addition, I am providing the number of citations for each article retrieved from Google Scholar, and
each article’s Altmetric score, an aggregate estimate of the amount of attention an article receives in the press and
social media following publication. Altmetric scores have been shown to exhibit a statistically significant, albeit
imperfect, correlation with future citation counts, and provide a non-impact factor based estimator of individual
article significance which can be quantified for rapidly that citation counts which often require several years to
accumulate.

Preprints

Miao C, Yang, J, Schnable JC.§ Optimizing the identification of causal variants across varying ge-
netic architectures in crops. bioRxiv doi: 10.1101/310391

Yan L, Raju SKK, Lai X, Zhang Y, Dai X, Rodriguez O, Mahboub S, Roston RL, Schnable JC.§

Parallels between artificial selection in temperate maize and natural selection in the cold-adapted
crop-wild relative Tripsacum. bioRxiv doi: 10.1101/187575

Other Manuscripts in Review

Zou C, Miki D, Li D, Tang Q, Xiao L, Rajput S, Deng P, Peng L, Huang R, Zhang M, Sun Y, Hu J, Fu
X, Schnable P, Li F, Zhang H, Feng B, Zhu X, Liu R, Schnable JC, Zhu JK, Zhang H.§ The genome
of broomcorn millet (Panicum miliaceum L.) (In Review)

Faculty Publications

56. Lai X, Yan L, Lu Y, Schnable JC§ (2018) Largely unlinked gene sets targeted by selection for domes-
tication syndrome phenotypes in maize and sorghum. The Plant Journal doi: 10.1111/tpj.13806

bioRxiv doi: 10.1101/184424

Altmetric Score: 22 (87th percentile for papers of similar age (+/- 6 weeks) published in this jour-
nal).
Times Cited to Date: 1

Journal Impact Factor (2017): 5.8
Schnable Lab Contribution: All analyses and writing conducted by lab members.

55. Liang Z, Gupta SK, Yeh CT, Zhang Y, Ngu DW,‡ Kumar R, Patil HT, Mungra KD, Yadav DV, Rathore
A, Srivastava RK, Gupkta R, Yang J, Varshney RK, Schnable PS, Schnable JC§ (2018) Phenotypic data
from inbred parents can improve genomic prediction in pearl millet hybrids. G3: Genes Genomes

Genetics doi: 10.1534/g3.118.200242

Altmetric Score: 26 (97th percentile for papers of similar age (+/- 6 weeks) published in this
journal).
Times Cited to Date: 0

Journal Impact Factor (2017): 2.7
Schnable Lab Contribution: Built the libraries, analyzed the SNP data, conducted the GS tests, wrote
the paper. Field data and extracted DNA contributed by ICRISAT collaborators. Sequencing and SNP calling
contributed by ISU collaborators.

https://scholar.google.com/citations?user=cik4JVYAAAAJ
https://doi.org/10.1101/310391
https://doi.org/10.1101/187575
https://doi.org/10.1111/tpj.13806
https://doi.org/10.1101/184424
https://doi.org/10.1534/g3.118.200242
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54. Miao C, Fang J, Li D, Liang P, Zhang X, Yang J, Schnable JC, Tang H§ (2018) Genotype-Corrector:
improved genotype calls for genetic mapping. Scientific Reports doi: 10.1038/s41598-018-28294-0
Altmetric Score: 29 (91st percentile for papers of similar age (+/- 6 weeks) published in this
journal).
Times Cited to Date: 0

Journal Impact Factor (2017): 4.1
Schnable Lab Contribution: Improved and documented the core algorithm. Conducted tests of how
much the core algorithm improved genotype call accuracy in a RIL and F2 population when using sub-optimal
sequencing depth. Wrote the paper collaboratively with Haibao Tang.

53. Raju SKK, Barnes A, Schnable JC, Roston RL§ (2018) Low-temperature tolerance in land plants: Are
transcript and membrane responses conserved? Plant Science doi: 10.1016/j.plantsci.2018.08.002

Altmetric Score: 13 (97th percentile for papers of similar age (+/- 6 weeks) published in this
journal).
Times Cited to Date: 0

Journal Impact Factor (2017): 3.7
Schnable Lab Contribution: Sunil and I wrote the portions of this review focused on conserved patterns
transcriptional responses to cold stress across diverse plants, and worked collaboratively with the Roston lab
on the combined transcript/lipid analyses.

52. Carvalho DS, Schnable JC, Almeida AMR§ (2018) Integrating phylogenetic and network approaches
to study gene family evolution: the case of the AGAMOUS family of floral genes. Evolutionary

Bioinformatics doi: 10.1177/1176934318764683 bioRxiv doi: 10.1101/195669

Altmetric Score: 6 (89th percentile for papers published in this journal). Insufficient papers of similar
age to generate a percentile ranking.
Times Cited to Date: 0

Journal Impact Factor (2017): 1.9
Schnable Lab Contribution: Conducted the majority of the analyses. Wrote the paper.

51. Xu Y, Qiu Y, Schnable JC§ (2018) Functional modeling of plant growth dynamics. The Plant Phe-
nome doi: 10.2135/tppj2017.09.0007 bioRxiv doi: 10.1101/190967

Altmetric Score: 13 (Altmetric score from preprint. 67th percentile for preprints of similar age
(+/- 6 weeks) on bioRxiv).
Times Cited to Date: 0

Journal Impact Factor (2017): Not Yet Assigned
Schnable Lab Contribution: Conceived of the experiment to test subsampling on different days. Wrote
the paper

50. Ott A, Schnable JC, Yeh CT, Wu L, Liu C, Hu HC, Dolgard CL, Sarkar S, Schnable PS.§ (2018) Linked
read technology for assembling large complex and polyploid genomes. BMC Genomics (Accepted)
Altmetric Score: NA.
Times Cited to Date: NA
Journal Impact Factor (2017): 3.7
Schnable Lab Contribution: Conducted an analysis of a linked read genome assembly of proso millet,
a previously unsequenced allotetraploid grass to assess the accuracy with which separate subgenomes were
assembled and resolved using this new linked-reads technique.

49. Liu S,∗ Schnable JC,∗ Ott A,∗ Yeh CT, Springer NM, Yu J, Meuhbauer G, Timmermans MCP, Scan-
lon MJ, Schnable PS§ (2018) Intragenic Meiotic Crossovers Generate Novel Alleles with Transgressive
Expression Levels. Molecular Biology and Evolution (Accepted)
Altmetric Score: NA.
Times Cited to Date: NA
Journal Impact Factor (2017): 10.2
Schnable Lab Contribution: Analysis of relative correlation between recombination frequency per megabase
and the relative density of either syntenic or nonsyntenic genes separately was conducted in the Schnable
Lab@UNL.

https://doi.org/10.1038/s41598-018-28294-0
https://doi.org/10.1016/j.plantsci.2018.08.002
https://doi.org/10.1177/1176934318764683
https://doi.org/10.1101/195669
https://doi.org/10.2135/tppj2017.09.0007
https://doi.org/10.1101/190967
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48. Alkhalifah N, Campbell DA, Falcon CM, ... Schnable JC (31 of 44 authors) ... Spalding EP, Edwards J,
Lawrence-Dill CJ§ (2018) Maize Genomes to Fields: 2014 and 2015 field season genotype, phenotype,
environment, and inbred ear image datasets. BMC Research Notes doi: 10.1186/s13104-018-3508-1
Altmetric Score: 12 (89th percentile for papers of similar age (+/- 6 weeks) published in this
journal).
Times Cited to Date: 0

Journal Impact Factor (2017): Not Yet Assigned
Schnable Lab Contribution: Data collection from grow outs of Genomes to Fields hybrids at Nebraska
field sites, assisted in writing the manuscript itself.

47. Zhang Y, Ngu DW,‡ Carvalho D, Liang Z, Qiu Y, Roston RL, Schnable JC§ (2017) Differentially reg-
ulated orthologs in sorghum and the subgenomes of maize. The Plant Cell doi: 10.1105/tpc.17.00354

Selected as an Editor’s Choice by MaizeGDB Editorial Board August 2017

Altmetric Score: 34 (97th percentile for papers published in this journal). Insufficient papers of sim-
ilar age to generate a percentile ranking.
Times Cited to Date: 6

Journal Impact Factor (2017): 8.2
Schnable Lab Contribution: All analyses and writing conducted by lab members. Qiu lab assisted in
developing new analytical approaches to comparing gene expression across species. Roston lab assisted in
interpreting biological responses to plant cold stress.

46. Lai X,∗ Behera S,∗ Liang Z, Lu Y, Deogun JS, Schnable JC§ (2017) STAG-CNS: An order-aware
conserved noncoding sequence discovery tool for arbitrary numbers of species. Molecular Plant.
doi: 10.1016/j.molp.2017.05.010

Altmetric Score: 8 (62nd percentile for papers of similar age (+/- 6 weeks) published in this
journal).
Times Cited to Date: 3

Journal Impact Factor (2017): 9.3
Schnable Lab Contribution: I defined the problem, Sairam Behera created the algorithm, Zhikai Liang
and Xianjun Lai, both from my group, conducted multiple rounds of biological validation and provided feedback
to Sairam, improving the core algorithm in an iterative process. My lab wrote the paper.

45. Liang Z, Pandey P, Stoerger V, Xu Y, Qiu Y, Ge Y, Schnable JC§ (2017) Conventional and hyperspec-
tral time-series imaging of maize lines widely used in field trials. GigaScience doi: 10.1093/giga-
science/gix117 bioRxiv doi: 10.1101/169045

Altmetric Score: 14 (61st percentile for papers of similar age (+/- 6 weeks) published in this jour-
nal).
Times Cited to Date: 3

Journal Impact Factor (2017): 7.3
Schnable Lab Contribution: All analyses and writing conducted by lab members. Ge, Qiu, and Xu labs
each assisted in developing new analytical approaches. Vincent Stoerger assisted with data generation.

44. Liang Z, Schnable JC§ (2017) Functional divergence between subgenomes and gene pairs after whole
genome duplications. Molecular Plant doi: 10.1016/j.molp.2017.12.010

Altmetric Score: 8 (65th percentile for papers of similar age (+/- 6 weeks) published in this jour-
nal).
Times Cited to Date: 2

Journal Impact Factor (2017): 9.3
Schnable Lab Contribution: All analyses writing conducted by lab members.

43. Pandey P, Ge Y§, Stoerger V, Schnable JC (2017) High throughput in vivo analysis of plant leaf chem-
ical properties using hyperspectral imaging. Frontiers in Plant Science doi 10.3389/fpls.2017.01348

Altmetric Score: 15 (96th percentile for papers of similar age (+/- 6 weeks) published in this jour-
nal).
Times Cited to Date: 20

Journal Impact Factor (2017): 3.7

https://doi.org/10.1186/s13104-018-3508-1
https://doi.org/10.1105/tpc.17.00354
http://dx.doi.org/10.1016/j.molp.2017.05.010
https://academic.oup.com/gigascience/advance-article/doi/10.1093/gigascience/gix117/4656251?guestAccessKey=71c1c32f-78fd-42c0-99a3-38e6c4fd8100
https://academic.oup.com/gigascience/advance-article/doi/10.1093/gigascience/gix117/4656251?guestAccessKey=71c1c32f-78fd-42c0-99a3-38e6c4fd8100
https://doi.org/10.1101/169045
http://doi.org/10.1016/j.molp.2017.12.010
http://dx.doi.org/10.3389/fpls.2017.01348
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Schnable Lab Contribution: Designed a different cross validation technique which was implemented by
the first author. Drafted portions of the introduction and discussion and revised the manuscript.

42. Gage J, Jarquin D, Romay M, ... Schnable JC (29th of 40 authors) .. Yu J, de Leon N§ (2017)
The effect of artificial selection on phenotypic plasticity in maize. Nature Communications doi:
10.1038/s41467-017-01450-2
Selected as an Editor’s Choice by MaizeGDB Editorial Board December 2017

Altmetric Score: 85 (83st percentile for papers of similar age (+/- 6 weeks) published in this
journal).
Times Cited to Date: 5

Journal Impact Factor (2017): 12.4
Schnable Lab Contribution: Generated and contributed yield and field phenotyping data from Nebraska
field sites of Genomes to Fields project.

41. Washburn JD, Schnable JC, Brutnell TP, Shao Y, Zhang Y, Ludwig M, Davidse G, Pires JC§ (2017)
Genome-guided phylo-transcriptomic methods and the nuclear phylogentic tree of the paniceae
grasses. Scientific Reports doi: 10.1038/s41598-017-13236-z
Altmetric Score: 1 (36th percentile for papers of similar age (+/- 6 weeks) published in this jour-
nal).
Times Cited to Date: 1

Journal Impact Factor (2017): 4.1
Schnable Lab Contribution: Grew plants, extracted RNA, built and sequenced libraries and shared data.
Consulted with the lead author on the syntenic gene analysis.

40. Ott A,∗ Liu S,∗ Schnable JC, Yeh CT, Wang C, Schnable PS§ (2017) Tunable Genotyping-By-Sequencing
(tGBS®) enables reliable genotyping of heterozygous loci. Nucleic Acids Research doi: 10.1093/nar/gkx853

Altmetric Score: 15 (87th percentile for papers of similar age (+/- 6 weeks) published in this jour-
nal).
Times Cited to Date: 4

Journal Impact Factor (2017): 11.6
Schnable Lab Contribution: Wrote portions of the manuscript, designed additional analyses to validate
datasets which were executed by Alina Ott.

39. Lai X, Schnable JC, Liao Z, Xu J, Zhang G, Li C, Hu E, Rong T, Xu Y, Lu Y§ (2017) Genome-wide
characterization of non-reference transposable elements insertion polymorphisms reveals genetic di-
versity in tropical and temperate maize. BMC Genomics doi: 10.1186/s12864-017-4103-x
Altmetric Score: 0

Times Cited to Date: 3

Journal Impact Factor (2017): 3.7

textscSchnable Lab Contribution: textitThe majority of this paper was written by Xianjun Lai during
his time in the Schnable lab. I redesigned several analyses for him to carry out and helped to re-write
the paper.

38. Mei W, Boatwright L, Feng G, Schnable JC, Barbazuk WB§ (2017) Evolutionarily conserved alterna-
tive splicing across monocots. Genetics doi: 10.1534/genetics.117.300189

Cover Article October 2017 Issue
Altmetric Score: 24 (88th percentile for papers of similar age (+/- 6 weeks) published in this jour-
nal).
Times Cited to Date: 6

Journal Impact Factor (2017): 4.1
Schnable Lab Contribution: Conceived and designed a new approach to identifying orthologous plant
exons based on a directed acyclic graph which was robust to the insertion or deletion of entire introns.

37. Mei W, Liu S, Schnable JC, Yeh C, Springer NM, Schnable PS, Barbazuk WB§ (2017) A compre-
hensive analysis of alternative splicing in paleopolyploid maize. Frontiers in Plant Science doi:

https://doi.org/10.1038/s41467-017-01450-2
https://doi.org/10.1038/s41598-017-13236-z
https://academic.oup.com/nar/article/doi/10.1093/nar/gkx853/4210942/tGBS-genotypingbysequencing-enables-reliable?guestAccessKey=0ba723ae-c6b2-4d7f-841e-cd46b4bf68f9
https://doi.org/10.1186/s12864-017-4103-x
https://doi.org/10.1534/genetics.117.300189
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10.3389/fpls.2017.00694

Altmetric Score: 9 (90th percentile for papers of similar age (+/- 6 weeks) published in this jour-
nal).
Times Cited to Date: 14

Journal Impact Factor (2017): 3.7
Schnable Lab Contribution: Developed approached to identifying orthologous exons across both maize
subgenomes and co-orthologous genes in sorghum (an earlier iteration of the algorithm later used for paper #
42). Consulted with the lead author on the best ways to make comparisons across subgenomes.

36. Walley JW,∗ Sartor RC,∗ Shen Z, Schmitz RJ, Wu KJ, Urich MA, Nery JR, Smith LG, Schnable JC,
Ecker JR, Briggs SP§ (2016) Integration of omic networks in a developmental atlas of maize. Science

doi: 10.1126/science.aag1125

Selected as an Editor’s Choice by MaizeGDB Editorial Board September 2016

Altmetric Score: 82 (77th percentile for papers of similar age (+/- 6 weeks) published in this
journal).
Times Cited to Date: 48

Journal Impact Factor (2017): 41.1
Schnable Lab Contribution: Suggested and provided the data which enabled the separate analysis of
maize syntenic and non-syntenic genes. This analysis lead to the discovery than non-syntenic maize genes
are much less likely to be translated enough protein, even when they are transcribed into mRNAs than genes
conserved at syntenic locations across multiple grass species. See Figure 1 in the final paper.

35. Ge Y§, Bai G, Stoerger V, Schnable JC (2016) Temporal dynamics of maize plant growth, water
use, and plant water content using automated high throughput RGB and hyperspectral imaging.
Computers and Electronics in Agriculture doi: 10.1016/j.compag.2016.07.028

Altmetric Score: 29 (99th percentile for papers published in this journal). Single highest altmetric
score recorded for this journal.
Times Cited to Date: 35

Journal Impact Factor (2017): 2.4
Schnable Lab Contribution: Provided plant material. Interpreted a portion of the resulting trait datasets.
Wrote portions of the manuscript particularly those focused on the biological relevance of the measured traits.

34. Liang Z, Schnable JC§ (2016) RNA-seq based analysis of population structure within the maize
inbred B73. PLoS One doi: 10.1371/journal.pone.0157942

Altmetric Score: 16 (90th percentile for papers of similar age (+/- 6 weeks) published in this
journal).
Times Cited to Date: 4

Journal Impact Factor (2017): 2.8
Schnable Lab Contribution: All analyses and writing conducted by lab members.

33. Rajput SG, Santra DK§, Schnable JC (2016) Mapping QTLs for morpho-agronomic traits in proso
millet ( Panicum miliaceum L.). Molecular Breeding doi: 10.1007/s11032-016-0460-4
Altmetric Score: 7 (87th percentile for published in this journal). Times Cited to Date: 4

Journal Impact Factor (2017): 2.1
Schnable Lab Contribution: Taught Santosh Rajput how to analyze GBS data. Conducted analyses to
generate a filtered set of dominant markers from homeologous loci collapsed across subgenomes which were
ultimately used to generate the genetic map created in this paper.

32. Joyce BL, Huag-Baltzell A, Davey S, Bomhoff M, Schnable JC, Lyons E§ (2016) FractBias: a graph-
ical tool for assessing fractionation bias after whole genome duplications. Bioinformatics doi:
10.1093/bioinformatics/btw666

Altmetric Score: 4 (72nd percentile for papers of similar age (+/- 6 weeks) published in this jour-
nal).
Times Cited to Date: 2

Journal Impact Factor (2017): 5.5
Schnable Lab Contribution: Generated semi-manual subgenome assignments which are used as the basis

http://dx.doi.org/10.3389/fpls.2017.00694
http://dx.doi.org/10.1126/science.aag1125
http://dx.doi.org/10.1016/j.compag.2016.07.028
http://dx.doi.org/10.1371/journal.pone.0157942
http://dx.doi.org/10.1007/s11032-016-0460-4
http://dx.doi.org/10.1093/bioinformatics/btw666
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for evaluating the accuracy of the automated assignments made by FractBias. Consulted with the lead author
on the best ways to make comparisons across subgenomes.

31. Chao S, Wu J, Liang J, Schnable JC, Yang W, Cheng F, Wang X§ (2016) Impacts of whole genome trip-
lication on MIRNA evolution in Brassica rapa. Genome Biology and Evolution doi: 10.1093/gbe/evv206

Altmetric Score: 6 (43rd percentile for papers of similar age (+/- 6 weeks) published in this jour-
nal).
Times Cited to Date: 10

Journal Impact Factor (2017): 3.9
Schnable Lab Contribution: Contributed to the design of comparisons across the Brassica rapa subgenomes.
Assisted in drafting portions of the paper.

30. Tang H, Bomhoff MD, Briones E, Schnabe JC, Lyons E§ (2015) SynFind: compiling syntenic regions
across any set of genomes on demand. Genome Biology and Evolution doi: 10.1093/gbe/evv219

Altmetric Score: 12 (86th percentile for papers of similar age (+/- 6 weeks) published in this jour-
nal).
Times Cited to Date: 22

Journal Impact Factor (2017): 3.9
Schnable Lab Contribution: Tested/validated the orthology assignments of the core algorithms and pro-
vided feedback to the author to improve the algorithm in an iterative process. Drafted portions of the manuscript
related to validation of the core algorithm.

29. Washburn JD, Schnable JC, Davidse G, Pires JC§ (2015) Phylogeny and photosynthesis of the grass
tribe Paniceae. American Journal of Botany doi: 10.3732/ajb.1500222

Altmetric Score: 5 (58th percentile for papers of similar age (+/- 6 weeks) published in this jour-
nal).
Times Cited to Date: 22

Journal Impact Factor (2017): 2.8
Schnable Lab Contribution: Collected germplasm, grew plants and contributed tissue for plastid se-
quencing. Revised the research questions to be addressed in the manuscript with the first and last authors.

28. Tang H, Zhang X, Miao C, Zhang J, Ming R, Schnable JC, Schnable PS, Lyons E, Lu J§ (2015)
ALLMAPS: robust scaffold ordering based on multiple maps. Genome Biology doi: 10.1186/s13059-
014-0573-1
Altmetric Score: 4 (11th percentile for papers of similar age (+/- 6 weeks) published in this jour-
nal).
Times Cited to Date: 48

Journal Impact Factor (2017): 13.2
Schnable Lab Contribution: Designed analyses for validating the accuracy of consensus ordering pro-
duced by the ALLMAPS algorithm. Contributed data for validation of the algorithm. Created visualizations
for figures. Wrote or re-wrote portions of the manuscript text.

27. Schnable JC§ (2015) Genome evolution in maize: from genomes back to genes. Annual Review of

Plant Biology doi: 10.1146/annurev-arplant-043014-115604

Altmetric Score: 15 (92nd percentile for papers of similar age (+/- 6 weeks) published in this
journal).
Times Cited to Date: 18

Journal Impact Factor (2017): 18.7
Schnable Lab Contribution: Wrote the manuscript.

26. Paschold A, Larson NB, Marcon C, Schnable JC, Yeh C, Lanz C, Nettleton D, Piepho H, Schnable
PS, Hochholdinger F§ (2014) Nonsyntenic genes drive highly dynamic complementation of gene
expression in maize hybrids. Plant Cell doi: 10.1105/tpc.114.130948

Altmetric Score: 18 (93rd percentile for papers of similar age (+/- 6 weeks) published in this
journal).
Times Cited to Date: 27

http://dx.doi.org/10.1093/gbe/evv206
http://dx.doi.org/10.1093/gbe/evv219
http://dx.doi.org/10.3732/ajb.1500222
http://dx.doi.org/10.1186/s13059-014-0573-1
http://dx.doi.org/10.1186/s13059-014-0573-1
http://dx.doi.org/10.1146/annurev-arplant-043014-115604
http://dx.doi.org/10.1105/tpc.114.130948
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Journal Impact Factor (2017): 8.2
Schnable Lab Contribution: Suggested a key analyses to the remaining authors – the separation of maize
genes into syntenically conserved and non-syntenic classes to look for different patterns of gene expression in
the F1 hybrid – and provided the datasets and analytical approaches necessary to conduct this analysis.

Postdoctoral Publications

25. Nani TF, Schnable JC, Washburn JD, Albert P, Pereira WA, Sobrinho FS, Birchler JA, Techia VH§

(2018). Location of low copy genes in chromosomes of Brachiaria spp. Molecular Biology Reports

doi: 10.1007/s11033-018-4144-5
Times Cited to Date: 0

Journal Impact Factor (2017): 1.9

24. Studer AJ∗, Schnable JC∗, Weissmann S, Kolbe AR, McKain MR, Shao Y, Cousins AB, Kellogg EA,
Brutnell TP§ (2016) The draft genome of Dichanthelium oligosanthes: A C3 panicoid grass species.
Genome Biology doi: 10.1186/s13059-016-1080-3
Times Cited to Date: 8

Journal Impact Factor (2017): 13.2

23. Huang P, Studer AJ, Schnable JC, Kellogg EA, Brutnell TP§ (2016) Cross species selection scans
identify components of C4 photosynthesis in the grasses. Journal of Experimental Botany doi:
10.1093/jxb/erw256

"Insight" highlighting this article by PA Christin also published in JXB doi: 10.1093/jxb/erw390
Times Cited to Date: 17

Journal Impact Factor (2017): 5.4

22. Liu X, Tang S, Jia G, Schnable JC, Su X, Tang C, Zhi H, Diao X§ (2016) The C-terminal motif of
SiAGO1b is required for the regulation of growth, development and stress responses in foxtail millet
[Setaria italica (L.) P. Beauv]. Journal of Experimental Botany doi: 10.1093/jxb/erw135

Times Cited to Date: 13

Journal Impact Factor (2017): 5.4

21. Jia G, Liu X, Schnable JC, Niu Z, Wang C, Li Y, Wang Sh, Wang Su, Liu J, Gou E, Diao X§ (2015)
Microsatellite variations of elite Setaria varieties released during last six decades in China. PLoS
One doi: 10.1371/journal.pone.0125688

Times Cited to Date: 11

Journal Impact Factor (2017): 2.8

20. Qie L, Jia G, Zhang W, Schnable JC, Shang Z, Li W, Liu B, Li M, Chai, Y, Zhi H, Diao X§ (2014)
Mapping of quantitative trait loci (QTLs) that contribute to germination and early seedling drought
tolerance in the interspecific cross Setaria italica x Setaria viridis. PLoS One doi: 10.1371/jour-
nal.pone.0101868

Times Cited to Date: 33

Journal Impact Factor (2017): 2.8

19. Diao X§, Schnable JC, Bennetzen JL, Li J§ (2014) Initiation of Setaria as a model plant. Frontiers of

Agricultural Science and Engineering doi: 10.15302/J-FASE-2014011

Times Cited to Date: 48

Journal Impact Factor (2017): Impact Factor Not Yet Assigned

Graduate Publications

18. Cheng F, Sun C, Wu J, Schnable JC, Woodhouse MR, Liang J, Cai C, Freeling M,§ Wang X§ (2016)
Epigenetic regulation of subgenome dominance following whole genome triplication in Brassica rapa.
New Phytologist doi: 10.1111/nph.13884

https://doi.org/10.1007/s11033-018-4144-5
http://dx.doi.org/10.1186/s13059-016-1080-3
http://dx.doi.org/10.1093/jxb/erw256
https://doi.org/10.1093/jxb/erw390
http://dx.doi.org/10.1093/jxb/erw135
http://dx.doi.org/10.1371/journal.pone.0125688
http://dx.doi.org/10.1371/journal.pone.0101868
http://dx.doi.org/10.1371/journal.pone.0101868
http://dx.doi.org/10.15302/J-FASE-2014011
http://dx.doi.org/10.1111/nph.13884
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Times Cited to Date: 19

Journal Impact Factor (2017): 7.4

17. Almeida AMR, Yockteng R, Schnable JC, Alvarez-Buylla ER, Freeling M, Specht CD§ (2014) Co-
option of the polarity gene network shapes filament morphology in angiosperms. Scientific Re-
ports doi: 10.1038/srep06194

Times Cited to Date: 8

Journal Impact Factor (2017): 41

16. Martin JA, Johnson NV, Gross SM, Schnable JC, Meng X, Wang M, Coleman-Derr D, Lindquist E,
Wei C, Kaeppler S, Chen F, Wang Z§ (2014) A near complete snapshot of the Zea mays seedling
transcriptome revealed from ultra-deep sequencing. Scientific Reports doi: 10.1038/srep04519

Selected as an Editor’s Choice by MaizeGDB Editorial Board May 2014

Times Cited to Date: 21

Journal Impact Factor (2017): 4.1

15. Garsmeur O,∗ Schnable JC,∗ Almeida A, Jourda C, D’Hont A,§ Freeling M§ (2014) Two evolution-
arily distinct classes of paleopolyploidy. Molecular Biology and Evolution doi: 10.1093/mol-
bev/mst230

Times Cited to Date: 84

Journal Impact Factor (2017): 10.2

14. Turco G, Schnable JC, Pedersen B, Freeling M§ (2013) Automated conserved noncoding sequence
(CNS) discovery reveals differences in gene content and promoter evolution among the grasses.
Frontiers in Plant Sciences doi: 10.3389/fpls.2013.00170

Times Cited to Date: 21

Journal Impact Factor (2017): 3.7

13. Schnable JC, Wang X, Pires JC, Freeling M§ (2012) Escape from preferential retention following re-
peated whole genome duplication in plants. Frontiers in Plant Science doi: 10.3389/fpls.2012.00094

Times Cited to Date: 48

Journal Impact Factor (2017): 3.7

12. Freeling M§, Woodhouse MR, Subramaniam S, Turco G, Lisch D, Schnable JC (2012) Fractionation
mutagenesis and similar consequences of mechanisms removing dispensable or less-expressed DNA
in plants. Current Opinion in Plant Biology doi: 10.1016/j.pbi.2012.01.015

Times Cited to Date: 105

Journal Impact Factor (2017): 7.3

11. Tang H§, Woodhouse MR, Cheng F, Schnable JC, Pedersen BS, Conant GC, Wang X, Freeling M,
Pires JC (2012) Altered patterns of fractionation and exon deletions in Brassica rapa support a two-
step model of paleohexaploidy. Genetics doi: 10.1534/genetics.111.137349

Times Cited to Date: 111

Journal Impact Factor (2017): 4.1

10. Schnable JC, Freeling M, Lyons E§ (2012) Genome-wide analysis of syntenic gene deletion in the
grasses. Genome Biology and Evolution doi: 10.1093/gbe/evs009

Selected as an Editor’s Choice by MaizeGDB Editorial Board Dec 2012

Times Cited to Date: 106

Journal Impact Factor (2017): 3.9

9. Zhang W, Wu Y, Schnable JC, Zeng Z, Freeling M, Crawford GE, and Jiang J§ (2012) High-resolution
mapping of open chromatin in the rice genome. Genome Research doi: 10.1101/gr.131342.111

Times Cited to Date: 110

Journal Impact Factor (2017): 4.1

http://dx.doi.org/10.1038/srep06194
http://dx.doi.org/10.1038/srep04519
http://dx.doi.org/10.1093/molbev/mst230
http://dx.doi.org/10.1093/molbev/mst230
http://dx.doi.org/10.3389/fpls.2013.00170
http://dx.doi.org/10.3389/fpls.2012.00094
http://dx.doi.org/10.1016/j.pbi.2012.01.015
http://dx.doi.org/10.1534/genetics.111.137349
http://dx.doi.org/10.1093/gbe/evs009
http://dx.doi.org/10.1101/gr.131342.111
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8. Eichten SR,∗ Swanson-Wagner RA,∗ Schnable JC, Waters AJ, Hermanson PJ, Liu S, Yeh C, Jia Y,
Gendler K, Freeling M, Schnable PS, Vaughn MW, Springer NM§ (2011) Heritable epigenetic varia-
tion among maize inbreds. PLoS Genetics doi: 10.1371/journal.pgen.1002372

Selected as an Editor’s Choice by MaizeGDB Editorial Board Jan 2012

Times Cited to Date: 115

Journal Impact Factor (2017): 10.1

7. Schnable JC, Lyons E§ (2011) Comparative genomics with maize and other grasses: from genes to
genomes. Maydica 56(1763) 77-93 Link directly to PDF
Times Cited to Date: 11

Journal Impact Factor (2017): 0.2

6. Tang H, Lyons E, Pedersen B, Schnable JC, Paterson AH, Freeling M. (2011) Screening synteny
blocks in pairwise genome comparisons through integer programming. BMC Bioinformatics doi:
10.1186/1471-2105-12-102

Times Cited to Date: 71

Journal Impact Factor (2017): 2.2

5. Schnable JC, Pedersen BS, Subramaniam S, Freeling M§ (2011) Dose-sensitivity, conserved noncod-
ing sequences and duplicate gene retention through multiple tetraploidies in the grasses. Frontiers

in Plant Science doi: 10.3389/fpls.2011.00002

Commentary by Birchlier and Veitia also published in Frontiers in Plant Science doi: 10.3389/fpls.2011.00064
Times Cited to Date: 29

Journal Impact Factor (2017): 3.7

4. Schnable JC§, Freeling M (2011) Genes identifed by visible mutant phenotypes show increased bias
towards one of two maize subgenomes. PLoS One doi: 10.1371/journal.pone.0017855

Times Cited to Date: 102

Journal Impact Factor (2017): 2.8

3. Schnable JC, Springer NM, Freeling M§ (2011) Differentiation of the maize subgenomes by genome
dominance and both ancient and ongoing gene loss. Proceedings of the National Academy of

Sciences doi: 10.1073/pnas.1101368108

Selected as an Editor’s Choice by MaizeGDB Editorial Board May 2011

Times Cited to Date: 327

Journal Impact Factor (2017): 9.5

2. Woodhouse MR,∗ Schnable JC,∗ Pedersen BS, Lyons E, Lisch D, Subramaniam S, Freeling M§ (2010)
Following tetraploidy in maize, a short deletion mechanism removed genes preferentially from one
of the two homeologs. PLoS Biology doi: 10.1371/journal.pbio.1000409

Selected as an Editor’s Choice by MaizeGDB Editorial Board August 2010

PLoS Biology Cover Article
Times Cited to Date: 187

Journal Impact Factor (2017): 9.1

1. The International Brachypodium Initiative (2010) Genome sequencing and analysis of the model
grass Brachypodium distachyon. Nature doi: 10.1038/nature08747

Times Cited to Date: 1,226

Journal Impact Factor (2017): 41.6

Service: selected, 2014-Present

University

Consortium for Integrated Translational Biology (CITB) 2014-Present

http://dx.doi.org/10.1371/journal.pgen.1002372
http://www.schnablelab.org/Pubs/Maydica_GenesGenomes.pdf
http://dx.doi.org/10.1186/1471-2105-12-102
http://dx.doi.org/10.3389/fpls.2011.00002
http://dx.doi.org/10.3389/fpls.2011.00064
http://dx.doi.org/10.1371/journal.pone.0017855
http://dx.doi.org/10.1073/pnas.1101368108
http://dx.doi.org/10.1371/journal.pbio.1000409
http://dx.doi.org/10.1038/nature08747
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UNL Faculty Greenhouse Committee 2015-Present

Department of Agronomy and Horticulture Peer Evaluation Committee 2016-Present

Biotech Seminar Series Committee 2017-Present

Agronomy and Horticulture Faculty Advisory Committee 2017-Present

Nebraska Food for Health Center Faculty Advisory Committee 2017-Present

Organizing Committee “International Millet Symposium 2018” 2018

Organizing Committee “Predictive Crop Design, Genome to Phenome” 2017

Search Committee, Director of Phenomic Sciences 2017

Search Committee, Agricultural Research Division 2016

Search Committee, Quantitative Life Sciences Initiative 2016

Search Committee, Department of Agronomy and Horticulture 2016

Organizing Committee “Plant Phenomics: from pixels to traits” 2015

Professional

Associate Editor: Molecular Plant 2014-Present

Data Management Subcommittee, Maize Genetics Research Collaboration Network 2018-Present

MaizeGDB Advisory Committee 2018-Present

Grant Reviewer: NSF (panel & ad hoc), USDA (panel), JGI (panel), Genome British Columbia (ad hoc).

Peer Reviewer (selected, recent): Bioinformatics, BMC Plant Biology, G3: Genes|Genomes|Genetics,
Genome Biology & Evolution, Heredity, Journal of Experimental Botany, Molecular Biology and Evolu-
tion, Molecular Plant, Nature Communications, Nature Plants, New Phytologist, PeerJ, Photosynthesis
Research, Plant Cell, Plant Cell & Environment, The Plant Genome, The Plant Journal, Plant Methods,
Plant Physiology, PLoS Genetics, Science

Invited Talks:

I have delivered a total of 50 invited talks or seminars, including 37 since I was hired as an assistant
professor at the University of Nebraska-Lincoln. 29 excluding seminars and conferences affiliated with
the University of Nebraska-Lincoln.

Talks in italics are scheduled for Fall ’18 or Spring of ’19 but have not yet been delivered and are not
including in the count of delivered presentations.

External at Institutions

Invited presentations only. Excludes presentations selected based on abstracts or applications.
42 total and 29 during my time at UNL

University of Massachusetts-Amhert, MA, USA (Feb. 2019)

Research Triangle, Raleigh, NC, USA (Oct. 2018)

https://extension.unl.edu/statewide/panhandle/international-millet-symposium-2018/
http://nric.nebraska.edu/
http://www.unl.edu/psi/2015-plant-science-symposium
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Plant Energy Biology Annual Forum, Perth, Australia (Sept. 2018)
Expenses covered by invitation.

Washington State University, Pullman, WA, USA (Sept. 2018)

42. The Plant Phenome Journal Webinar Series 2018

41. University of Delaware, Newark, DE, USA 2018

40. Entrepreneurship Panel, USDA FACT: Genomes to Fields, Ames, IA, USA 2018

39. Plant Phenotyping Session, Plant and Animal Genome, San Deigo, CA, USA 2018

38. Chinese Academy of Agricultural Sciences, Beijing, China 2017

37. Beijing Academy of Agricultural and Forestry Sciences, Beijing, China 2017

36. University of Minnesota, St. Paul, MN 2017

35. Plant Genome Evolution, Sitges, Spain 2017

34. Iowa State University, Ames, IA, USA 2017

33. Purdue Plant Science Symposium (Student Organized), West Lafayette, IN, USA 2017

32. P2IRC Annual Symposium, Saskatoon, Saskatchewan, Canada 2017

31. University of Missouri-Columbia, Columbia, MO, USA 2017

30. Maize Tools and Resources (Maize Genetics Conference pre-meeting), St. Louis, MO, USA 2017

29. Phenome, Tucson, AZ, USA 2017

28. Kansas State University, Manhattan, KS, USA 2016

27. University of Georgia-Athens, Athens, GA, USA 2016

26. University of California-San Diego, San Diego, CA, USA 2016

25. Corn Breeding Research Meeting, Jacksonville, FL, USA 2016

24. Chinese Academy of Agricultural Sciences, Beijing, China 2015

23. Beijing Academy of Agricultural and Forestry Sciences, Beijing, China 2015

22. Molecular Plant Symposium: From Model Species to Crops, Shanghai, China 2015

21. Sichuan Agricultural University, Chengdu, China 2015

20. Huazhong Agricultural University, Wuhan, China 2015

19. Shandong Agricultural University, Tai’an, China 2015

18. Monsanto, St. Louis, MO, USA 2015

17. Corn Breeding Research Meeting, St. Charles, IL, USA 2015

16. Life Technologies Session, Plant and Animal Genome, San Diego, CA, USA 2015

15. Maize Session, Plant and Animal Genome, San Diego, CA, USA 2015

14. Millet as Crop: Past and Future, Aohan, Inner Mongolia, China 2014

(May 1st, 2014. Start of my time at UNL)
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13. Henan Agricultural University, Zhengzhou, China 2014

12. Chinese Academy of Tropical Agriculture, Haikou, China 2014

11. Cornell University, Ithaca, NY, USA 2014

10. Interdisciplinary Plant Group Seminar Series, University of Missouri, Columbia, MO, USA 2012

9. Donald Danforth Plant Science Center, St. Louis, MO, USA 2012

8. Plant Genomes in China Meeting, Tai’an, China 2012

7. China Agricultural University, Beijing, China 2012

6. Chinese Academy of Agricultural Sciences, Beijing, China 2012

5. American Society of Plant Biology, Austin, TX, USA 2012

4. MaizeGDB, Ames, IA, USA 2012

3. Polyploidy Session, Plant and Animal Genome, San Deigo, CA, USA 2012

2. CSSA Translational Genomics Session, Plant and Animal Genome, San Diego, CA, USA 2012

1. University of Arizona, Tucson, AZ, USA 2011

Internal

8 total and 8 during my time at UNL

8. UNL Plant Phenomics Symposium 2018

7. NeDA 2017: 2nd Nebraska Data Analytics Workshop, UNL 2017

6. Water for Food Global Conference, UNL 2017

5. Complex Biosystems Seminar Series, UNL 2017

4. Food Science Departmental Seminar Series, UNL 2016

3. Animal Science Departmental Seminar Series, UNL 2016

2. Agronomy & Horticulture Departmental Seminar Series, UNL 2015

1. Plant Science Retreat, UNL 2014
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Candidate Statement

Program Overview

My research program at the University of Nebraska-Lincoln has had two – sometimes overlapping but
logically distinct – themes. The first, which I was originally hired to pursue, is to employ comparative
genomic approaches, including functional genomic data, to share information across maize, sorghum, and
allied domesticated and wild species to develop new ways to link genes to functions and phenotypes. As
an extension of this theme, research in my lab has also focused on the ability to distinguish between genes
which are likely to play functional roles in determining the phenotype of a plant, and genomic sequences
annotated as genes which are extremely unlikely to ever be identified as playing a consequential role in
determining any plant trait. The second research theme within my group is one I was asked to take on
by the UNL administration a little over a year after I started at the university: developing and deploying
new approaches to utilize high throughput phenotyping in the context of quantitative genetics and crop
improvement efforts. This effort currently focuses primarily on maize and sorghum and includes both con-
trolled environment and field phenotyping efforts. Both programs have been productive bringing in grant
dollars and each are produced both publications lead by my own research group with external collabora-
tors as co-authors and publications by other research groups with members of my own research group as
co-authors. A third, recently developed research focus involves the use to plant quantitative genetics to
identify new specialized plant metabolites with the potential the perturb the human gut microbiome, and
ultimately use this knowledge to develop new functional foods.

During my time at the University of Nebraska I have also been active in economic development.
I have founded or co-founded three startups, two during my time at UNL. The second of the three,
Dryland Genetics, has also invested over $100,000 funding work in the lab of one of my colleagues in
the department (Dipak Santra). I serve on the scientific advisory council of a local genotyping company
(GeneSeek) which is a notable employer of UNL graduates, and I have been a guest member of scientific
advisory board meetings for Syngenta and Indigo Agriculture.

My appointment at the University of Nebraska-Lincoln coincided with the launch of the new
Complex Biosystems graduate program. Complex Biosystems is one of the first, if not the first, interde-
partmental graduate programs at UNL. I was involved in the original design of this requirements for this
program and volunteered to teach Professional Development (LIFE 843) to first year graduate students
entering the program in its first year (Fall 2015). I have continued to teach this course in each subsequent
year, and in 2017 picked up Big Questions in Complex Biosystems (LIFE 841), a second required course for
first year graduate students in Complex Biosystems, when the original instructor was hired away to an-
other university. This year I am teaching Big Questions for the second time and Professional Development
for the fourth time. However, I believe my greatest educations contributions have come in the context of
involving undergraduates in the research process. In the past four years, 12 undergraduates and 2 high
school students have had a chance to work on research projects in my lab, supported by a combination of
Research Experience for Undergraduate (NSF), Undergraduate Creative Activities & Research Experiences
(UNL), and startup or grant research funds (see details below).

Both my research focuses necessitate working in team-based environments with statisticians,
engineers, computer scientists, and applied plant breeders. I have been extremely pleased with the oppor-
tunity this provides for both the undergraduate and graduate students working in my lab to experience
working as part of an interdisciplinary team and to develop the necessary skills and vocabulary to com-
municate across disciplinary silos. This experience, more than any of the specific skills I can teach them
– with the possible exception of learning how to apply the highly successful hypothesis-testing mindset
of geneticists to genomics and big data research questions – is the way I can best prepare students in my
research group to be successful in private industry, in academic research, or as entrepreneurs.
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Research Contributions

Introduction

The grasses are one of the single most evolutionarily, ecologically, and economically successful clades of
plants on the planet today. This group of species has reshaped whole ecosystems and adapted to grow
and thrive everywhere from salt soaked tropical beaches to frozen tundras. Multiple grass clades have
made the jump to using C4 photosynthesis and have evolved multiple distinct enzymatic pathways to
carry out the C4 pathway. More than half of all calories consumed by humans around the world come,
directly or indirectly, from only three highly productive domesticated grasses: maize, wheat, and rice. Yet,
in addition to these three species, at least 27 other grass species have also been domesticated by humans as
grain crops (see Glemin & Bataillon 2009 doi: 10.1111/j.1469-8137.2009.02884.x). Yet, at the genomic level,
the genomes of grasses remain surprisingly similar with many of the same genes, conserved in the same
order, present across all of these species. Research in my group focuses on ways to generate genomic
and phenotypic data from sets of related grass species and both developing and using comparative,
functional, and quantitative genomic approaches to link genes to functions. In many cases we are
able to leverage the fact that most phenotypic and evolutionary transitions observed in the grasses have
occurred multiple times independently in related lineages.

Since my hire, I have invested a substantial fraction of my total time and effort in building and
sustaining research teams which cross disciplinary expertise. I believe that my success in that endeavor
is reflected both in the breadth of disciplines represented by my co-PIs (Computer Science, Statistics,
Engineering, Biochemistry, Food Science, Genetics, and Applied Plant Breeding), but more importantly
in the fact that many of my co-PIs are found on multiple projects, including both those I have lead, and
those I have contributed to as a team member. Putting teams together is, in some ways, a lot easier than
managing and contributing to teams in such a way that the people continue to want to work together in
the future. Similarly, you will see a number of names who both show up as middle authors on papers
lead by my lab, and who show up as the lead or anchor authors of papers where I and my lab members
are middle authors in turn.

The sections below describe some of the most productive areas of research in my lab over the
past four years. Through these and other projects I have published a total of 38 peer reviewed papers since
my appointment as an assistant professor at the University of Nebraska-Lincoln (56 total peer reviewed
publications), including 28 resulting from work conducted here at the University. I have been fortunate
enough to be quite successful at securing external funding, including two federal grants as PI (one from
the USDA and one from NSF), three federal grants as a co-PI (USDA, ARPA-E, and NSF) (see page 44 for
the cover page summaries of each funded federal grant) and a large number of nonfederal grants as both
a PI and co-PI.

Research Highlights

Emphasis I: Comparative Genomics of Maize, Sorghum, and Allied Species

The comparative genomics work in my lab focuses primarily on the panicoid grasses, a group of species
which includes maize, sorghum, and sugar cane, miscanthus, switchgrass, and many of the domesticated
species collectively referred to as millets. As part of an effort to improve the resources for comparative
genomics in this group of species, I have worked with JGI and HudsonAlpha to sequence the genomes
of additional grass species within this clade, including Dichanthelium oligosanthes (published), Paspalum
vaginatum (completed), and Urochloa fusca (initial draft). All the comparative genomics work performed
in my lab depends on a set of high quality syntenic ortholog calls across different grass species which is
generated and updated in house. We have distributed updated versions of these lists of syntenic orthologs
across different grass genomes online using FigShare prior to their use in lab publications, and these
datasets have been widely downloaded and employed in published research by other groups across the
USA, EU, and China.

and using examples of parallel evolution to generate hypotheses about the functions of specific
genomic sequences.
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Emphasis IA: Separating Functional and Functionless or Function Mimicking Parts of the Genome

A combination of homology-based, mRNA-sequencing based, and ab initio prediction based approaches
now make it straightforward to identify protein coding exons within any existing or newly sequenced
plant genome. However, two significant challenges remain. The first is the identification of the regulatory
sequences – which are predominantly noncoding – and control where, when, and in response to what
stimuli those exonic sequences are transcribed into mRNA remain far more challenging to identify in sil-
ico. The second is that recent work, including from my own research group, is beginning to demonstrate
that a nontrivial number of gene models present in plant genomes may not be true genes according to
the classic requirement that a gene “contribute in any detected way to plant morphology, physiology or
development” (Bennetzen et al. 2004 doi: 10.1016/j.pbi.2004.09.003). Comparing orthologous regions of
the genome across related species can be used to address both of these questions, at least in part.

Identifying regulatory regions in noncoding DNA: One successful approach for identifying
regulatory sequences has been to use comparisons between the noncoding sequence surrounding orthol-
ogous genes in related species to identify islands of conserved sequence evolving more slowly than the
surrounding noncoding DNA. This slower evolutionary rate is seen as a marker for functional constraint,
and regions identified as conserved noncoding sequences have been experimentally validated as regula-
tors of the expression pattern of adjacent protein coding genes. However, previous approaches employed
for identifying these functionally constrained functional regulatory regions within noncoding sequence
were based on pairwise comparisons between related genes and as a result of multiple testing – analo-
gous to the birthday problem – could not confidently identify sequences shorter than 15 base pairs long
as exhibiting statistically significant functional constraint. This represented a major limitation of existing
methods as many transcription factor binding sites can be as short as 4-8 base pairs long. Alignments
of more than two sequences have the potential to reduce sequence matches resulting from coincidental
matches rather than conserved homology, however conventional multiple sequence alignment algorithms
cannot be effectively employed to compare plant promoters as the high rates of sequence divergence, in-
sertion, and deletion mean that the majority of intergenic sequence associated with orthologous genes is
truly non-homologous, and much of the remainder has diverged to the point where homology is no longer
detectable through sequence similarity. Working with Sairam Behera, a computer science student in Jiten-
der Deogun’s lab I and two of my students – Xianjun Lai and Zhikai Liang – developed a new approach
to identifying small conserved sequences in the noncoding sequence associated with orthologous genes
in multiple species. Unlike previous approaches, this algorithm – STAG-CNS – is inherently scalable to
incorporate data from orthologous genes in >2 species at once. Using data from genes in six different
grass species, we demonstrated that unlike previous pairwise approaches, STAG-CNS could confidently
identify sequences as short as 9 base pairs long as showing functional constraint, and that these sequences
showed greater overlap with chromatin marks known to be associated with regulatory sequences – such as
DNase1 hypersensitive sites – than conserved noncoding sequences identified through pairwise compar-
isons. As additional grass genome have become available since our original paper was published in 2017,
STAG-CNS has continued to scale, providing greater and greater resolution in identifying functionally
constrained regulatory sequences (Lai et al. 2017 doi: 10.1016/j.molp.2017.05.010).

Separating genes and gene mimics: Maize is rapidly becoming one of the best plant models
to study what is, in fact, a gene. This is because of both its long history of forward genetic investigation
which provides a significant set of verified "true positive" genes to use as ground truth, as well as grow-
ing evidence that different maize haplotypes vary significantly in their number of gene-like sequences,
including the number of transcribed sequences with valid open reading frames which show homology
to genes in other plant species. These sequences present a major challenge to efforts to annotated the
genome, and, in fact, the first version of the maize genome included multiple sets of gene model anno-
tations, based on differing degrees of supporting evidence which identified between 32,000 and 110,000

putative genes. The conservation of a gene at the same position in the genome between related species
(synteny), rather than solely the conservation of gene sequence itself, appears to be a far better mark for
function and contribution to plant morphology, physiology or development. Genes conserved at syntenic
locations are 9x as likely to be identified as the causal loci responsible for phenotypic variation mapped
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through forward genetics, and 4x as likely to be harbor SNPs identified in GWAS studies (as reviewed
Schnable 2015 doi: 10.1146/annurev-arplant-043014-115604). Since joining UNL I have worked to uncover
the reason for this dramatic difference in the functional relevance of nonsyntenic and syntenically con-
served genes. Working with a group in Germany interested in allele specific expression in hybrids, we
demonstrated that nonsyntenic genes show much less conservation of expression between alleles in maize
hybrids (Paschold et al, published in The Plant Cell in 2014). Working with researchers at Iowa State and
Kansas State, we have demonstrated at, at least in maize, the long known correlation between gene density
and recombination frequency across the genome is entirely explained by syntenic gene density, and that
nonsyntenic gene density shows no correlation with recombination rate (Liu et al 2018, Molecular Biology
and Evolution). Working with scientists at the University of California-San Diego, we demonstrated that
not only on non-syntenic genes less likely to be transcribed into mRNA, but when mRNAs are detected
from nonsyntenic genes these mRNAs are less likely to be translated into proteins, suggesting potential
mechanistic explanation for why nonsyntenic genes are much less likely to play a role in determining
plant traits (Walley et al. published in Science in 2016).

Emphasis IB: Using parallel evolution to identify genes involved in complex changes in phenotype

As mentioned, the grasses have been successful enough as a clade that many complex changes have
happened multiple times in parallel in different lineages. These cases of parallel evolution provide an
opportunity to address several questions. Firstly, do parallel phenotypic changes in related lineages result
from changes in the function of the orthologous genes in each lineage? Secondly, if the answer to the
first question is yes, can we use cases of parallel evolution to identify the specific genetic loci involved in
complex changes in plant traits?

Domestication Syndrome: In order to test the first question, my lab first worked with parallel
artificial selection for "domestication syndrome" traits in maize and sorghum. Domestication of different
grain crops from different wild grasses involved conscious or unconscious selection for an array of traits
including a loss of seed dormancy and shattering, decreasing tillering, increases in seed size, decreases in
shade avoidance responses, etc. Reanalyzing published data from separate studies on maize and sorghum
and their respective wild relatives using a common pipeline members of my lab discovered that there
was no statistically significant overlap in the relatively large sets of genes which show population genetic
signatures of selection between wild and domesticated accessions. However, at the same time, we found
that genes with specific and known phenotypic roles in producing domestication syndrome traits in one
species were disproportionately likely to show population genetic signatures of selection in the other (Lai
et al. published in The Plant Journal in 2018).

Low temperature tolerance and temperate latitude adaptation: The first federally funded
project in my research group – a USDA NIFA AFRI grant with Rebecca Roston, a collaborator from
the Biochemistry department with a background in cold and freezing stress biology as a co-PI – sought to
employ the parallel adaption of different groups of panicoid grass species to temperate climates to identify
genes and pathways involved in conferring low temperature tolerance. Both maize and sorghum were
domesticated from wild species native to tropical latitudes and are extremely sensitive to cold and freezing
temperatures. As a first step in this project, we set out to develop robust methods for comparing patterns of
transcriptional responses to stimuli across related species using time course gene expression data collected
from maize and sorghum exposed to cold stress and grown in a common experiment. Working with
a collaborator from the statistics department – Yumou Qiu – we validated an approach to specifically
compare the pattern of transcriptional response to stimulus across orthologous genes in related species
which may exhibit different baseline levels of expression under control conditions. In the specific maize-
sorghum comparison, we demonstrated that genes with conserved patterns of expression in response to
cold stress across the two species experienced stronger purifying selection and were enriched in genes
with plausible mechanistic links to cold acclimation/tolerance while genes with dissimilar patterns of
response to cold across the two species were more similar to a random sample of expressed genes (Zhang
et al. Published in The Plant Cell in 2017).

This finding lead to proposing a model that gene regulation, like noncoding sequence as a
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whole, is a somewhat fast evolving trait, with many transcriptional responses being selectively neutral
or nearly neutral. This model is also consistent with allele specific expression studies in maize which
indicated that transcriptional responses to cold stress are frequently not conserved between different al-
leles of the same gene. If ultimately proven to be correct, one conclusion is that parallel whole genome
transcriptional studies in several related species can provide a way to separate the signal of functionally
constrained transcriptional responses from the noise of rapidly evolving but largely selectively neutral re-
sponses which are currently confounded in many studies. A review paper which summarized some of the
potential implications of this model, and performed a meta analysis of published cold stress experiments
across multiple species was written and published with our collaborators in the Roston Lab and came out
earlier this year (Raju et al 2018, published in Plant Science).

Leveraging support from our $20M NSF EPSCoR grant (The Center for Root and Rhizobiome
Innovation), members of my lab have also generated a library of full length cDNA sequences from Trip-
sacum dactyloides using PacBio IsoSeq sequencing, a member of a genus sister to Zea which is indigenous
to Nebraska and much of the lower 48 United States east of the rocky mountains. Using an analyti-
cal method which identified genes with elevated ratios of non-synonymous substitutions to synonymous
substitutions in either T. dactyloides or maize relative to the ratios observed for orthologs of that specific
gene in other related grasses. Using maize as a control, we found that genes with elevated rates of protein
sequence evolution specifically in T. dactyloides were clustered in a lipid biosynthesis pathway known to
be involved in conferring freezing tolerance in eudicts, and identified a statistically significant overlap
between genes showing elevated rates of protein sequence evolution in T. dactyloides and genes showing
signatures of artificial selection between tropical and temperate latitude adapted maize accessions (Yan et
al, Preprint).

Emphasis II: Phenomics for Breeding and Quantitative Genetics of Maize, Sorghum, and Allied
Species

My interest in high throughput phenotyping of plants dates back to my postdoc at the Danforth Center
where I used cameras connected to a raspberry pi computer to measure leaf rolling and leaf dropping of
different maize genotypes in response to drought stress. I did not originally anticipate continuing to work
on plant phenotyping after my hire at UNL. However about a year into my time at the University I was
asked by several administrators to resume this program in addition to my multi-species genomics work.
Ultimately I envision being able to connect these two areas of emphasis through the development of phe-
notyping methodologies which can be applied across maize, sorghum, foxtail millet and pearl millet for
effective identification of homologous traits and cross species quantitative genomics. In the interregnum,
this research emphasis has a strong component of service to my institution, as well as benefiting student
training by ensuring members of my lab regularly come into contact with and collaborate with faculty
and students from statistics, computer science, and engineering, disciplines that plant biology students
often lack sufficient exposure to.
Controlled Environment Phenotyping: Employing high throughput phenotyping methodologies in the
context of a breeding program or quantitative genetic research requires two very different types of data
analysis. The first is simply to convert raw sensor or image data into some sort of biologically mean-
ingful numerical measurement. The second is to take those sets of numerical data and convert them
into biological insight. The latter problem can be addressed with existing tools for genomic prediction
and QTL mapping/GWAS, although potentially intriguing alternative methods may also become practi-
cal as high throughput phenotyping datasets tends to have much higher dimensionality than conventional
phenotyping datasets. However, addressing the first problem absolutely requires the development and
deployment of new algorithms, and early work in the lab focused on collaborating with computer sci-
entists, statisticians, and engineers simply to develop algorithms to extract meaningful measurements of
plant traits from RGB and hyperspectral images. This work, supported by startup funds, internal grants,
and an USDA/NSF joint EAGER award with my colleague Yufeng Ge as lead PI, resulted in a number
of publications, including Ge et al 2016 doi: 10.1016/j.compag.2016.07.028 (published in Computers and
Science in Agriculture and already cited 35 times), Pandey et al 2017 doi: 10.3389/fpls.2017.01348 (pub-
lished in Frontiers in Plant Science), and Liang et al 2018 doi: 10.1093/gigascience/gix117 (published in
Gigascience). One key finding of Liang et al 2018 was that the amount error in measurements of biological
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traits (such as biomass) using image data was, itself, subject to genetic control. After presenting this work
at the AGU conference in December of 2017, A colleague has contacted me to tell me that, after seeing this
work presented at the AGU conference in December, they have begun running separate GWAS for error
between manual and high throughput measurements of the same traits and are able to identify specific
genetic loci involved in controlling error. My own lab is just starting to do similar work, using multiple
replicates of the the Sorghum Association Panel which were grown and phenotyped through reproductive
maturity on the greenhouse system (completed grant #14) and multiple replicates of the Buckler Goodman
292 maize association panel which are currently being grown and phenotyped on the system as part of
the NSF CRRI project (active grant #4). Going forward I anticipate we have hit an inflection point where
papers published by the lab in this area will start to shift back to addressing biological questions, rather
than focusing primarily on methods development and validation.
Field Phenotyping: Field phenotyping efforts in the lab have been enabled by my participation in
Genomes to Fields Initiative (https://www.genomes2fields.org/). This participation has in turn been
supported by research funding from Nebraska Corn Growers – one of the key stakeholders of my own
research program – who have now supported my G2F and field phenotyping work for three years run-
ning, each year evaluating a new research proposal as part of their competitive funding process. The
overall goal of Genomes to Fields is to enable plant science (particularly in quantitative genetics and high
throughput phenotyping) on a geographic scale beyond what any individual academic research group
(or small company) could manage individually. This in turn should create datasets that make it possible
to train students with the big data skillsets that big ag companies are having trouble hiring, catalyze the
development and validation of new plant phenotyping technologies, and provide a platform for startup to
medium sized ag companies to conduct geographically broad experiments on a scale that would only oth-
erwise be feasible for big ag companies. In addition to these initiative-wide goals, I have found that simply
having plots in the field, combined with the commitment to manually collect ground truth data from our
plots, and access to data on the performance of the same lines at dozens of sites in states across the corn
belt and beyond is excellent collaborator bait, particularly for statisticians and engineers interested in new
ways to analyze and collect plant phenotypic data respectively. My participation in Genomes to Fields
has resulted in three publications thus far: Gage et al 2017 doi: 10.1038/s41467-017-01450-2 (published in
Nature Communications), Liang et al 2018 (also references in the previous section), and Alkhalifah et al
2018 doi: 10.1186/s13104-018-3508-1 (published in BMC Research Notes).

Emphasis III: The Nebraska Food for Health Center

Several years ago I was recruited to join a group of six faculty members who created the original concept
for the Nebraska Food for Health Center (NFHC). This team pitched the concept of a center which could
unite plant quantitative genetics with studies of the human microbiome to identify new dietary molecules
which can perturb the gut microbiome to the Bill and Melinda Gates Foundation and the Raikes Foun-
dation, resulting in a $5M charitable give to the University of Nebraska from these two foundations to
establish the center, and additional fundraising by the University of Nebraska Foundation with a target of
$40M in total investment over coming years. The Nebraska Food for Health center seeks to develop new
approaches to perturb the human gut microbiome – both as a tool for basic research and to improve human
health – through the application of plant quantitative genetics. Essentially we will identify sets of special-
ized plant metabolites present in food with microbially active properties by conducting GWAS to identify
genetic loci in plants which are associated with changes in the population structure and composition
of human gut microbiomes feed grain derived from specific plant accessions. Because these microbially
active compounds are, by definition, already produced by existing food crops in varying concentrates,
conventional breeding work could be used to develop new varieties of functional foods enriched in com-
pounds with beneficial effects or depleted in compounds with detrimental effects, potentially providing
new valued-added crop variety options to Nebraska farms – key stakeholders of my research program
and the Department of Agronomy and Horticulture as a whole. Work in this area commenced in earnest
only in 2017 with the recruitment of the lab’s most recent PhD student, supported by the NFHC graduate
fellowship program and co-mentored with Andrew Benson in Food Science and has, as of yet, not resulted
in any peer reviewed publications.
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Mentoring and Teaching Contributions

My goal as a teacher and mentor is to train students who are equally comfortable in the field, at the lab
bench, or working at the command line at both the undergraduate and graduate level. Within my lab,
I design each graduate student’s project to require significant direct interaction with at least one faculty
member in statistics, computer science, or engineering, as well as at least one UNL faculty member (besides
me) in either plant breeding, genetics, or biochemistry. I have also been working to make sure as many of
the graduate and undergraduate students in my lab have interactions with private sector companies prior
to graduation. In recent years this has included presenting to groups of visiting scientists from Pioneer
Hi-Bred and directly interacting with employees at Indigo Agriculture as part of a collaborative project.

Mentoring: I am currently advising three PhD students and one masters student from the
Agronomy and Horticulture department. In addition I serve as the co-advisor for one PhD student in
food science and one visiting PhD student from Shandong Agriculture University. During my time at the
University of Nebraska-Lincoln I have also served as the co-advisor for a second visiting PhD student from
Sichuan Agriculture University, and two masters students from the Department of Computer Science and
Engineering (see page 4. Students in the lab are making excellent progress towards graduation. My first
PhD student has published six papers during his three years in the lab (four as first author), the second
has published three (one as first author) in three years, and the third has published one (as first author)
in two years, with a second first author paper in review. Xianjun Lai, a CSC supported graduate student
published three first author papers – plus one perspective/review piece – in the two years he was part of
the lab, allowing him to be hired as an Associate Professor when he returned to China.

I also currently mentor two postdoctoral scholars, and have previously mentored three post-
docs and one visiting scholar during my time at UNL. Of those four lab alumni, one is now an assistant
professor, a second is a staff scientist, and a third the deputy director of a functional genomics center in
China, while the fourth did a short term postdoc in my lab while waiting for his spouse to graduate and
has now transferred to a new institution for his primary postdoc project. For a complete list of nonunder-
graduate lab alumni and their present positions please see the mentoring and teaching appendix (page
26).

Teaching: I have placed a high priority on involving undergraduates in the academic research
process since the start of my time at UNL. Over the past four years my lab has hosted 13 undergraduate
researchers and 2 high school interns. Four students were supported through the Research Experience for
Undergraduates summer program, two as part of an internal UNL program called UCARE (Undergrad-
uate Creative Activities and Research Experience), one high school intern through the Young Nebraska
Scientist program, and the remaining eight were supported by startup funds, and when those were ex-
hausted, from research grant funding (see page 4). In recent years undergraduate and high school student
research projects in my research group include a statistical reconstruction of ancestral character states for
grass phenotypes, identifying computer vision phenotypes which correlate with field performance in ex-
PVP maize lines and training neural networks to count corn leaves using computer generated corn plants.
The preceding examples were all projects conducted by biology or agronomy students, not students with
backgrounds in Computer Science or Statistics. For a list of poster presentations including those by un-
dergraduate researchers see page 26. The first undergraduate in my lab – Daniel Ngu – has already been
a co-author on two published papers, and several more recent undergraduates are co-authors on projects
currently being written up for submissions. A sample of written feedback from former mentees within
the lab is provided as part of Appendix A (see page 28).

I joined UNL as a new Complex Biosystems graduate major was being developed and de-
ployed. Complex Biosystems is one of the first, if not the first, interdepartmental graduate program in
biology at the University of Nebraska. After being involved in the initial curriculum and program design,
I began teaching one of the required first year graduate courses for the new program (LIFE 843), which
I am currently teaching for the fourth time this fall. This course incorporates training on both oral and
written scientific communication, scientific misconduct, and professional development. The most success-
ful aspect of the course has been a module in which students draft a research statement following the
guidelines for the National Science Foundation Graduate Research Fellowship Program. Two years ago I
updated this module so that, prior to the drafting their own research statements, students are divided into
groups and conduct a mock peer review and stack rank of research statements from successful applicants
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in prior years, which drew both positive feedback from students and a notable improvement in the quality
of the final research statements turned in by students. In addition, after another of the original founding
faculty for the Complex Biosystems program left the University, I have taken over coordinating the Fall
semester of Life 841, which is another required first year course for students in the Complex Biosystems
program. Life 841 focuses on the big open questions across a number of fields including quantitative
genetics, plant biology, and microbiome host interactions. Example syllabi for LIFE 843 and LIFE 841

(formerly LIFE 891) are provided in Appendix A (see page 36) I am currently involved in an effort lead by
George Graef to revise and revitalize the Plant Breeding curriculum within the Department of Agronomy
and Horticulture and hopefully to revive the teaching of Plant Breeding at the undergraduate level. In
addition to formal teaching I have been active in conducting outreach to both early learners (Sunday with
a Scientist) and high school students (Fascination with Plants Day), as well as to the broader scientific
and research community (both through twitter and podcast interviews). Details of outreach activities are
provided as part of Appendix A (see page 34).

Service Contributions

Scholarly Service
I serve as a member of the advisory committee for MaizeGDB, the USDA funded genetics and genomics
database for maize research. For folks more familiar with Arabidopsis, MaizeGDB is the equivalent of
TAIR. In addition, I was recently recruited to become a member of the Data Management Subcommittee
of the NSF-funded Maize Genetics Research Collaboration Network. I am also conscious of the fact that
high publication frequency brings with it a responsibility to be active in the peer review process. I have
reviewed an average of 2-3 manuscripts per month during my time as an assistant professor for journals
ranging from Science to G3. Finally, I have served as an associate editor for Molecular Plant since 2014.
University and Department Service
During my time as the University of Nebraska I have served on four search committees and the organizing
committees for two conferences based at the University of Nebraska (Predictive Crop Design: Genome to
Phenome, Plant Phenomics: From Pixels to Traits) and one based at a neighboring school (International
Millet Symposium at Colorado State University). I have also served on a number of internal committees
with varying degrees of both time commitment required and exposure to political consequences and
fallout. The most controversial committee I serve on is the UNL Faculty Greenhouse Committee. On
one notable occasion, my faculty mentor within the department fired me as a mentee because she was
unhappy that I had brought a concern of hers to the greenhouse committee, but was unable to sway the
committee as a whole to adopt the remedy she had requested I seek.

I was elected by my peers within the Department of Agronomy and Horticulture to serve a two
year on the Faculty Advisory Committee in 2017. Over this period the department has had two chairs, and
a third is expected to assume the office before the end of my current term on the committee so, in addition
to providing a service back to the department, this role as served as a fascinating learning experience into
differences in management style and the challenges facing any faculty member who finds themselves in
charge of a department including 67 faculty members with home bases spread across four hundred miles
and two time zones. I also serve as a member of the faculty advisory committee for the Raikes and Gates
Foundation funded Nebraska Food for Health Center – the only assistant professor to be asked to serve
in this role. Within the department I also service on the Peer Evaluation Committee which reviews the
annual progress reports submitted by faculty members and makes recommendations and provides text to
the department chair for use in the annual evaluation process.
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Appendix A: Supporting Evidence for Mentoring Activity and Outcomes

Present Employment of Lab Alumni

Name Schnable Lab Posi-
tion

Tenure Current Position

Yang Zhang Postdoctoral
Scholar

2014-2017 Research Scientist, St. Jude Children’s Research
Hospital

Jinliang
Yang

Postdoctoral
Scholar

2016-2017 Assistant Professor, University of Nebraska-Lincoln

Sunil Kumar Postdoctoral
Scholar

2017-2018 Postdoc, Niederhuth Lab, Michigan State Univer-
sity

Lang Yan Visiting Scientist 2016-2017 Deputy Director, Potato Functional Genomics, Xi-
Chang College

Xianjun Lai CSC PhD Student 2015-2017 Associate Professor, XiChang College
Bhushit
Agarwal

Masters Student 2015-2016 Software Engineer, Mode.ai

Srinidhi
Bashyam

Masters Student 2015-2016 Systems Software Developer, University of
Nebraska-Lincoln

Partial List of Poster Presentations With Undergraduate Authors High-
lighted

Lab Members in bold. Undergraduates from the Schnable lab in red

Carvalho DS, Liang Z, Butera C, Stoerger V, Schnable JC. (2018) High-throughput imaging and phe-
notyping of panicoid grain crops. 3rd International Millet Symposium. Fort Collins, Colorado.

Butera C, Carvalho DS, Liang Z, Miao C, Sun G, Schnable JC. (2018) Automated phenotyping of
maize and pearl millet growth patterns and drought stress responses. Summer Research Fair - Univer-
sity of Nebraska-Lincoln. Lincoln, Nebraska.

Pages AD, Miao C, Clarke J, Schnable JC. (2018) Automated trait extraction from images of Sorghum.
Summer Research Fair - University of Nebraska-Lincoln. Lincoln, Nebraska.

Foltz A, Sun G, Schnable JC. (2018) Differences in the responses to nutrient stress of the root systems
of maize and its domesticated and wild relatives. Summer Research Fair - University of Nebraska-
Lincoln. Lincoln, Nebraska.

Miao C, Pandey P, Liang Z, ... Schnable JC. (2018) Analysis of sorghum time-series phenotype data
using nonparametric curve fitting and machine learning. Phenome 2018. Tucson, Arizona.

Pedersen C, Schnable JC, Liang Z. (2018) Analyzing phenotypic correlations in large scale studies
combining field and greenhouse datasets. Nebraska Plant Breeding Symposium. Lincoln, Nebraska
Connor Pedersen was awarded the first prize in the undergraduate poster competition at the Nebraska Plant
Breeding Symposium.

Hoban T, Schnable JC, Miao C, Xu Z, Liang Z. (2018) Using machine learning to count leaves in
maize. Nebraska Plant Breeding Symposium. Lincoln, Nebraska

Liang Z, Pandey P, Stoerger V, Xu Y, Qiu Y, Ge Y, Schnable JC. (2018) High-throughput imaging of
maize lines from public and private sectors employed in field trials. Supercomputing and Life Sciences
Symposium. Lincoln, Nebraska.
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Podliska H, Schnable JC, Carvalho DS. (2018) Cold tolerance in PACMAD grasses. Spring Research
Fair - University of Nebraska-Lincoln. Lincoln, Nebraska.

Miao C, Yang J, Schnable JC. (2018) Large-scale simulation studies enabled by HPC reveal the powers
of GWAS approaches in dissecting highly polygenic traits in crop species. Supercomputing and Life
Sciences Symposium. Lincoln, Nebraska.

Miao C, Pandey P, Liang Z, Carvalho DS, Ye X, Stoerger V, Xu Y, Ge Y, Schnable JC. (2018) Analysis of
sorghum time-series phenotype data using functional ANOVA and machine learning. Phenome 2018.
Tuscon, Arizona.

Liang Z, Bai G, Ge Y, Rodriguez O, Schnable JC. (2018) Field phenotype prediction on maize using
novel phenomic tools and environmental information. 2018 NIFA FACT G2F Workshop. Ames, Iowa.

Schnable JC, Pandey P, Ge Y, Xu Y, Qiu Y, Liang Z. (2017) Lessons From Paired Data From exPVP
Maize Lines in Agronomic Field Trials and RGB And Hyperspectral Time-Series Imaging In Controlled
Environments. AGU 2017 Fall Meeting. New Orleans, Louisiana.

Shi Y, Veeranampalayam-Sivakumar AN, Li J, Ge Y, Schnable JC, Rodriguez O, Liang Z, Miao C.
(2017) Breeding for Increased Water Use Efficiency in Corn (Maize) Using a Low-altitude Unmanned
Aircraft System. AGU Fall Meeting. New Orleans, Louisiana.

Hoban T, Liang Z, Schnable JC. (2017) Identifying sorghum root hair mutants as a first step in compar-
ative genetic analysis of maize and sorghum. Spring Research Fair - University of Nebraska-Lincoln.
Lincoln, Nebraska.

Carvalho DS, Zhang Y, Schnable JC. (2017) Identifying common and unique enzymatic changesas-
sociated with three C4 biochemical pathways in related grasses. Predictive Crop Design: Genome-to-
Phenome. Lincoln, Nebraska.

Zhang Y, Ngu DW, Carvalho DS, Liang Z, Qiu Y, Roston RL, Schnable JC. (2017) Statistical ap-
proaches to identifying differentially regulated orthologs (DROs) across related grass species. 59th
Maize Genetics Conference. St. Louis, Missouri.

Miao C, Yang J, Schnable JC. (2017) Comparative GWAS in Sorghum bicolor and Setaria italica. 59th
Maize Genetics Conference. St. Louis, Missouri.

Yan L, Lai X, Rodriguez O, Schnable JC. (2017) Developing transcriptomic resources for Tripsacum to
study the adaptation of a maize relative to temperate climates. 59th Maize Genetics Conference. St.
Louis, Missouri.

Lai X, Yan L, Lu Y, Schnable JC. (2017) Searching for parallel signatures of selection during domesti-
cation in maize and sorghum. 59th Maize Genetics Conference. St. Louis, Missouri.

Liang Z, Bai G, Ge Y, Rodriguez O, Schnable JC. (2017) Field phenotype prediction on maize using
novel phenomic tools and environmental information. 59th Maize Genetics Conference. St. Louis,
Missouri.

Liang Z, Pandey P, Stoerger V, Xu Y, Qiu Y, Ge Y, Schnable JC. (2017) Conventional and hyperspectral
time-series image data sets of maize inbred lines widely used in North American field trials. Nebraska
EPSCoR RII Track 1 Grant External Review Panel Visit. Lincoln, Nebraska.

Liang Z, Bashyam S, Agarwal B, Samal A, Bai G, Chaudhury SD, Rodriguez O, Qiu Y, Ge Y, Schn-
able JC. (2016) Maize Phenomap1 and Phenomap2 datasets: Integration with genomes to fields. 4th
International Plant Phenotyping Symposium. Texcoco, Mexico.

Liang Z, Bashyam S, Samal A, Choudhury SD, Geng B, Ge Y, Rodriguez O, Schnable JC. (2016)
Computer vision based phenotyping of panicoid crops. 2016 Purdue Plant Science Symposium. West
Lafaytte, Indiana.
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Johnson K, Liang Z, Schnable JC. (2016) Maize association studies with high throughput image based
phenotyping. Summer Research Fair - University of Nebraska-Lincoln. Lincoln, Nebraska.

Horn T, Zhang Y, Schnable JC. (2016) Cold sensitivity and genetic regulatory responses in panicoid
grasses. Summer Research Fair - University of Nebraska-Lincoln. Lincoln, Nebraska.

Liang Z, Schnable JC. (2016) B73 maize population structure analysis by RNA-seq data. 2016 UNL
Plant Breeding and Genetics Symposium. Lincoln, Nebraska.

Zhang Y, Ngu DW, Mahboub S, Qiu Y, Roston RL, Schnable JC. (2016) Conservation and divergence of
synthetic gene regulation in response to stress in maize and relatives. 58th Maize Genetics Conference.
Jacksonville, Florida

Ngu DW, Zhang Y, Schnable JC. (2016). Updates to qTeller: A tool for visualizing published gene
expression data. 58th Maize Genetics Conference. Jacksonville, Florida

Carvalho DS, Zhang Y, Schnable JC. (2016) Comparative analysis of C4 photosynthesis genes in two
independent origins of C4 in grasses. 58th Maize Genetics Conference. Jacksonville, Florida.

Lai XJ, Bendix C, Zhang Y, Ngu DW, Lu YL, Harmon FG, Schnable JC. (2016) Conserved and lineage-
specific alternative splicing of orthologous genes in maize, sorghum, and setaria. 58th Maize Genetics
Conference. Jacksonville, Florida.

Carvalho DS, Zhang Y, Schnable JC. (2015) Comparative transcriptomic analysis of Danthoniopsis
dinteri, a novel C4 grass species. Plant Phenomics Symposium. Lincoln, Nebraska.

Zhang Y, Ngu DW, Roston RL, Schnable JC. (2015) Core cold responsive genes in the panicoid grasses.
Plant Science Symposium "Plant Phenomics: from pixels to traits". Lincoln, Nebraska

Letters from Former Mentees:



James C. Schnable 29

Figure 1: Ashley Foltz was an REU student from the University of Wyoming who worked on comparisons
of how the root morphology and gene expression of eight different grasses (maize, sorghum, setaria and
wild relatives) responded to different nutrient deficits as part of the CRRI EPSCoR project.
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Figure 2: Taylor Horn was an REU student from Baylor University who worked on a project linking vari-
ation in the cold stress tolerance of wild grasses to their native ranges, conducting phenotypic screening,
and mining data from the Global Biodiversity Information Facility (GBIF) for a GIS based analysis that
she learned to conduct herself using python.



James C. Schnable 31

Figure 3: Kyle Johnson was an REU student from BYU who worked on kernel phenotyping project,
imaging kernels from the maize Buckler/Goodman 282 association panel and conducting GWAS for traits
measured from those images using computer vision techniques related to size and shape.
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Figure 4: Xianjun Lai was a "sandwich" PhD student from Sichuan Agricultural University who was
supported for two years of his graduate research in my lab by the Chinese Scholarship Council from
2015-2017. Lang Yan was a visiting scholar in the lab from 2016-2017.
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Figure 5: Sunil Kumar came to the lab as a molecular biologist, having just finished a PhD at UNL, and
spent a semester as a postdoc learning both bioinformatic and comparative genomic techniques prior to
starting his primary postdoc at Michigan State where he is now working on comparative epigenomics in
maize and Tripsacum dactyloides.
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Outreach Activities

Sunday with a Scientist: Working with members of both the Herr lab (Plant Pathology) and the Roston
Lab (Biochemistry), I and other members of my lab designed and delivered in a module for the successful
"Sunday with a Scientist" program titled "Why Plants Don’t Wear Sweaters" which is run by the Nebraska
State Museum and held in Morrill Hall on the third Sunday of each month.

http://museum.unl.edu/sundaywithascientist/may2016.html

Figure 6: Schnable and Roston lab members at a Sunday with a Scientist event held in 2016. Total atten-
dance at the 2016 "Why Plants Don’t Wear Sweaters" Sunday with a Scientist event was 110 individuals:
Adults 61, Youth 45 and UNL students 4.

Fascination of Plants: As part of the 2017 celebration of "Fascination of Plants" day, the Schnable Lab de-
signed and taught a module to introduce high school students from a local magnet school to comparative
genomics techniques used the web interface/database CoGe. As a result of limited dry-lab space available
to the Schnable Lab, enrollment in this module was capped at two shifts of 20 students each and every
spot was filled.

Figure 7: One shift of 20 high school students crowded into the dry lab space of the Schnable lab to learn
and practice basic comparative genomics techniques.

Peggy Smedley Interview: Invited guest interviewed on the Peggy Smedley show – a weekly podcast
focused on the Internet of Things – about developments in plant phenotyping. Reported audience size of
100,000 downloads per week.

http://www.chicagotribune.com/bluesky/originals/ct-peggy-smedley-internet-of-things-bsi-20151015-story.html
http://www.chicagotribune.com/bluesky/originals/ct-peggy-smedley-internet-of-things-bsi-20151015-story.html
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https://peggysmedleyshow.com/portfolio-items/05-22-18-episode-564-segment-2-iot-measures-
and-manages-plants/

Twitter: In order to for the work I do to have impact, it is important to work to ensure people actually
hear about it. As the number of scientific papers published each year continues to accelerate at a rate
of 5-10% year, depending on which estimates you believe, it is less and less practical to simply publish
papers in journals and sit back and wait for impact to happen – whether that impact is measured in terms
of changes in real world outcomes, economic activity, changes in the broad scientific consensus within a
field, or simply citations to the paper in question. Some of this necessary evil of self promotion can be
achieved through one on one conversations and attendance at scientific conferences.

However, in addition to these approaches, I have developed and maintained a twitter account
which I use to disseminate and promote the research and achievements of lab members and scientific
collaborators. The account currently has 1,832 unique followers and generates 100,000-150,000 unique
impressions per month. Generally it achieves 1,000-5,000 per tweet, although my record is >54,000 im-
pressions for a twitter showcasing time lapse imaging of corn plant development. A modified version
of this small time lapse dataset was later incorporated into the wikipedia page on "Heterosis" by a third
party, with proper citation and attribution back to my lab and the student involved.
Water of Food: Interview by Daniel Carvalho (a PhD student in the lab) about his work studying the
genetic basis of the convert evolution of C4 photosynthesis as part of the mission of the Daugherty Water
for Food Global Institute.

https://www.youtube.com/watch?v=uF02kuE4Qn0

https://en.wikipedia.org/wiki/Heterosis
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Example Syllabi
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Biosystems Research I  
Big Questions  

LIFE891: 3 credits, Fall 2017 
 

Instructional coordinator: 
Dr. James Schnable  
E207 Beadle Center 
Phone: 472-3192 
Email: schnable@unl.edu 
Office hours: Normally, I will be available for office hours the hour after class. If you need to talk 
with me outside that time, please email for an appointment time. Additional office hours will be 
set by each team of instructors. 

 
Meeting place and time: Tuesday/Thursday, 9:30-10:45 AM, 110 Othmer Hall. 

 
Course Objectives: The course will provide an overview of major research questions in the life 
sciences focused on understanding complex biological systems. Emphasis will be on 
developing confidence in reading and critically evaluating seminal and current primary literature 
in a broad range of research on living systems. This will include an introduction to key 
techniques in biochemical, molecular, organismal, quantitative and computational biology 
relevant to the life sciences. Students will develop the following set of skills: 

1) Conversant in major concepts and issues underlying significant ongoing research 
questions in the life sciences, including the state of our understanding, and the array of 
approaches that have been used to address the questions 

2) Familiar with contemporary research methods in the life sciences  
3) Able to articulate the strengths and limitations of discovery-based versus hypothesis-

driven research, understand how use of methodologies differs with these objectives, and 
appreciate what research questions are best addressed by which approaches   

4) Competent in critically reading and interpreting primary literature in diverse systems  
5) Strong written communication and scientific presentation in life sciences  

 
Prerequisites:  No formal prerequisites, but basic knowledge of math, biology, biochemistry, 
and/or chemistry will be assumed. 

 
Recommended Reference Text: You do not need to purchase a textbook exclusively for this 
course. Instructor teams will provide recommendations for resources to consult for reference. 

 
Primary literature: The overall schedule of topics and due dates is [will be] attached to this 
syllabus. Reading assignments for each class period’s lecture topic will typically consist of a 
review article and/or 1-2 primary papers. These will be posted in pdf format on the Blackboard 
site, typically no less than a week before the material will be discussed in class. It will be 
essential to complete reading assignments prior to the class period so that you are prepared for 
the discussion. You may also need to consult reference texts or look up additional review 
materials as needed for background. 
Big questions in current research will be examined in five modules. Examples of such questions 
include the following: 

1. How do computational approaches advance the pace of life sciences research? 
2. Cancer: why don’t we have a cure? 
3. How does the gut microbiome impact obesity and disease susceptibility? 
4. Feeding the world: can water use be optimized with drought tolerant crops? 
5. What are we doing to the soil (or water): impact of industry on environment? 

 



 2 

Assignments:  
The course will be assessed on the basis of class readings, discussions, one written project or 
collection of assignments per modular topic, and an integrative final. Dates and instructors for 
each module are in the schedule attached. Projects/assignments and respective due dates will 
be defined by each team. No late submission of written assignments will receive credit. 

 
Grades will be based on the following criteria: grading scale 
Five written projects 
    Project 1  
    Project 2  
    Project 3  
    Project 4  
    Project 5 

50% total 
10% 
10% 
10% 
10% 
10% 

Overall participation and preparation* 30% 
Final 20% 
*Attendance is a component of class participation and preparation, and is MANDATORY. If you 
will be absent, you must notify the instructor of the current topic before the class meeting with a 
detailed reason for absence and the date of absence (acceptable reasons for absence: at 
scientific meeting; surgery or similar significant medical issue (not just a cold); major experiment 
that cannot be done another day and time). This is for your benefit. 

 
Academic Dishonesty:  Academic dishonesty includes fabrication, falsification and plagiarism.   
Acts of academic dishonesty are not acceptable or tolerated by the scientific community.  Thus, 
these acts should not be tolerated by students.  Falsification of research data or its deliberate 
misinterpretation is a serious offense with consequences ranging from reprimand to dismissal to 
professional ruin.  Plagiarism is more complex and may be the result of carelessness or 
ignorance, rather than an intentional attempt to deceive.  Plagiarism is defined as passing off 
someone else's ideas, words or writings as your own.  Inclusion of a sentence in a paper that is 
copied from any source without quotation marks and citation is an obvious example of 
plagiarism.  However, paraphrasing another person’s writing or organization of ideas is 
also regarded as plagiarism.  Anything you present that is under your name should be entirely 
your own work unless so indicated and appropriately cited. This includes ideas, artwork and 
figures, as well as specific sentence, paragraph or word use.  Note that in scientific writing, 
quotations are typically not used and it is therefore expected that all phraseology is your own, 
whether cited or not. 
 
This is the University’s policy.  We uphold it implicitly and we are committed to making sure you 
understand the reprehensible practice of plagiarism in all its nuances.  
 

It is that important to your career, starting now. 
 
If you do not fully understand what constitutes plagiarism, please ask for clarification 
immediately.  
 
We expect and encourage you to discuss assignments and work together as you process the 
material, but that your individual compositions will be your own original writing. Assignments will 
be submitted electronically and automatically subjected to plagiarism screening by academic 
software. If you plagiarize, you will receive an F for the course.  UNL's policies concerning grade 
appeals will be followed. 

 
Students with disabilities are encouraged to contact me for a confidential discussion of their 
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individual needs for academic accommodation. It is the policy of the University of Nebraska to 
provide flexible and individualized accommodation to students with documented disabilities that 
may affect their ability to fully participate in course activities or to meet course requirements.  To 
receive accommodation services, students must be registered with the Services for Students 
with Disabilities (SSD) office, 132 Canfield Administration, 472-3787 voice or TTY. 

 
Grades of Incomplete: According to UNL policy, an Incomplete will be given only in the event 
of acute illness, military service, hardship, or death in the immediate family (i.e.; parents, 
children, spouses or siblings). Students are eligible for an Incomplete only if coursework is 
substantially completed.  For this course, at least 50% of the class discussions and coursework 
must have been completed with a minimum overall grade of C to be considered for the 
Incomplete option.  Resolution of the Incomplete grade would entail retaking the entire course 
within two years. 

 
Classroom Emergency Preparedness and Response Information 
• Fire Alarm (or other evacuation):  In the event of a fire alarm: Gather belongings (Purse, 

keys, cellphone, N-Card, etc.) and use the nearest exit to leave the building. Do not use the 
elevators. After exiting notify emergency personnel of the location of persons unable to exit 
the building. Do not return to building unless told to do so by emergency personnel.  

• Tornado Warning:  When sirens sound, move to the lowest interior area of building or 
designated shelter.  Stay away from windows and stay near an inside wall when possible. 

• Active Shooter 
o Evacuate:  if there is a safe escape path, leave belongings behind, keep hands visible 

and follow police officer instructions.   
o Hide out:  If evacuation is impossible secure yourself in your space by turning out lights, 

closing blinds and barricading doors if possible.   
o Take action: As a last resort, and only when your life is in imminent danger, attempt to 

disrupt and/or incapacitate the active shooter. 
 

UNL Alert:  Notifications about serious incidents on campus are sent via text message, email, 
unl.edu website, and social media.  For more information go to: http://unlalert.unl.edu. 
 
Additional Emergency Procedures can be found here: 
http://emergency.unl.edu/doc/Emergency_Procedures_Quicklist.pdf  
 
JClarke 7/30/17 
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Schedule of lectures and assignments 
 

SA, Systems Analysis; PBS, Pathobiology and Biomedical Science; MI, Microbial Interactions; IPB, Integrative Plant 
Biology; COBEE, Computational Organismal Biology, Ecology and Evolution 
 

SA Tues  Aug 22 Overview and history  TBD 

Thurs  Aug 24 Systems analysis Jean-Jack Riethoven 

Tues  Aug 29   

Thurs  Aug 31   

PBS Tues  Sept 5 Pathobiology and  Rodrigo Franco Cruz 

Thurs  Sept 7 Biomedical science  

Tues  Sept 12   

Thurs  Sept 14   

Tues  Sept 19   

Thurs  Sept 21   

MI/IPB Tues  Sept 26 Microbiome and Metagenomics Joshua Herr 

Thurs  Sept 28   

Tues  Oct 3   

MI Thurs  Oct 5 Microbial interactions Amanda Ramer-Tait, Andrew Benson, 
Jacques Izard 

Tues  Oct 10 Gut microbiome  

Thurs  Oct 12   
 Tues Oct 17 Fall break, no class  

Thurs Oct 19   

Tues Oct 24   

Thurs Oct 26   

IPB Tues Oct 31 Soil microbes and interactions 
with roots Daniel Schachtman 

 Thurs Nov 2 TBD  
 Tues Nov 7 Integrative plant biology Tom Clemente 

COB 
EE 

Thurs Nov 9 Computational organismal Colin Meiklejohn 

Tues Nov 14 Biology, Ecology, Evolution TBD 
Thurs Nov 16  Drew Tyre 
Tues Nov 21  Clay Cressler 
Thurs Nov 23 Thanksgiving break, no class  
Tues Nov 28  John DeLong and Kristi Montooth 
Thurs Nov 30  Steven Thomas 

SA Tues Dec 5 Systems analysis James Schnable 
Thurs Dec 7   
Wed Dec 13 10am-Noon official final time  



LIFE 843 – Professional Development 
 
1 Credit 
 
Instructor: James Schnable 
E207 Beadle Center 
City Campus 
schnable@unl.edu 
 
No required text book 
 
Course Information: 
This course will meet once per week and is intended for first year graduate students in the life 
sciences.  
Course Objectives: 
At the conclusion of this course, students should be able to: 
1. Present scientific information in both oral and written formats in ways accessible to others 
with scientific backgrounds outside of their own specialization 
2. Effectively read the scientific literature, and for individual papers be capable of assessing 
what was known previously, the hypotheses put forward, and critically assess the whether the 
results put forward by the authors represent an effective test by the authors. 
3. Understand what constitutes scientific misconduct, how to avoid committing misconduct 
yourself, and how to deal with observing others committing apparent misconduct 
4. Describe their career goals post graduate school and describe how they are selecting a lab 
and research project which will enable them to work towards those goals. 
Assignments and Assessment: 
Throughout this course you will give two presentations, write one two page research 
statement (and associated preliminary documents), and participate in a mock peer review, as 
well as discussions of scientific misconduct. 
Five minute presentation (10% of final grade): This presentation should include no more 
than three slides, take no more than four minutes (leaving one minute for questions). The first 
slide should introduce the topic for those with no background in the topic (what does the 
audience need to know to understand your presentation, why is it relevant to their lives), the 
second slide should present more detailed information, and the third should explain the 
significance of the information presented on the first two.  

Presentations can be on any topic other than your past or current research. Previous 
topics have included: Strategies for conserving water, the origins and future threat of killer 
bees, and how to cook thai curry.  

To receive full credit your presentation cannot exceed 240 seconds and must be 
intelligible to both the instructor and other students.  
Academic paper presentation (30% of final grade): This presentation should be 
approximately 15 minutes in length. At a minimum you should include a title slide, a slide 
listing the hypothesis you believe the authors tested in this paper, a bullet point list 
summarizing the introduction, slides for each figure in the paper you are presenting 
(supplementary figures can be optionally included if you think they help describe the paper), a 
slide summarizing the conclusions the authors drew from their results, and a final slide 
describing your assessment of whether the authors results A) support their conclusions B) 
represent a valid test of their hypothesis. 
When you present each figure you say what it is, what it is showing, and why you think the 



authors included in their manuscript. 
Two page research statement (40% of final grade): This research statement will track the 
form of the statement required by the NSF GRFP. Students will submit a list of 3-5 potential 
research topics, a research statement outline, and rough draft, and a final draft. All 
documents should be submitted electronically and are due the midnight before class on the 
week the assignment is due. Point can be lost for failure to turn in research topics, outline, 
and rough draft on time, however quality of each student's work will be assessed only from 
the final paper.  
 
Class participation (Mock peer review 10% Academic misconduct discussion 10%). 
Attendance and Participation: 
Attendance is mandatory. If you need to miss a class for an outside event, illness, or other 
event, contact me prior to the start of class. 
Weekly schedule: 
Week 1 (August 21nd): Introduction to the course. Anatomy of a good scientific presentation.  
Sign up for presentation dates. 
Week 2 (August 28th): Five minute/three slide presentations for all students 
Week 3 (September 4th): Receive and read three example research statements. Conduct 
mock peer review and stack rank during class.  
Week 4 (September 11th): No class. Students should submit 3-5 ideas for research projects 
(as little as one sentence each) by e-mail. 
Week 5 (September 18nd): Three student presentations on academic papers 
Week 6 (September 25th): Three student presentations on academic papers. One-on-one 
meetings to go over research proposal ideas should be scheduled for this week. 
Research proposal outlines due 
Week 7 (October 2th): Draft research statements due. Peer review of draft research 
statements. Class will divide into two groups, evaluate anonymous research statements, and 
provide a summaries of strengths and weaknesses of each proposal to the instructor. 
Students should submit draft research statements electronically to the instructor no later than 
midnight the night before class.  
Week 8 (October 9th): No class. Final research statements, including “response to reviewers” 
due. 
October 16th: Fall break, no class 
Students will received instructor feedback and anonymized peer feedback on final research 
statements. 
(Reminder for those planning to submit NSF-GRFP proposals that they will be due by October 
22nd (Monday).  
Week 9 (October 23th): Class discussion of examples of recently retracted scientific papers 
taken from “Retraction Watch” 
Week 10 (October 30th): TBD.  
Week 11 (November 6th): Group discussions of academic misconduct take home examples;  
Short responses to academic misconduct examples due 
Week 12 (November 13th): Plagiarism and dual publication. 
Week 13: (November 20nd) Academic Life Skills: Choosing an advisor, choosing a research 
project. 
Week 14: (November 27th) Academic Life Skills: Life after grad school (industry research, 
academic research, academic teaching, science related non-research fields). 
Week 15: (December 4th): Open discussion  
Additional required information: 



 
Fire Alarm (or other evacuation): In the event of a fire alarm: Gather belongings (Purse, 
keys, cellphone, N-Card, etc.) and use the nearest exit to leave the building. Do not use the 
elevators. After exiting notify emergency personnel of the location of persons unable to exit 
the building. Do not return to building unless told to do so by emergency personnel. 
Tornado Warning:  When sirens sound, move to the lowest interior area of building or 
designated shelter.  Stay away from windows and stay near an inside wall when possible. 
Active Shooter 
o   Evacuate:  if there is a safe escape path, leave belongings behind, keep hands visible and 
follow police officer instructions.  
o   Hide out:  If evacuation is impossible secure yourself in your space by turning out lights, 
closing blinds and barricading doors if possible.  
o   Take action: As a last resort, and only when your life is in imminent danger, attempt to 
disrupt and/or incapacitate the active shooter. 
UNL Alert:  Notifications about serious incidents on campus are sent via text message, email, 
unl.edu website, and social media.  For more information go to:http://unlalert.unl.edu. 
Additional Emergency Procedures can be found here: 
http://emergency.unl.edu/doc/Emergency_Procedures_Quicklist.pdf 
Students with disabilities are encouraged to contact the instructor for a confidential discussion 
of their individual needs for academic accommodation. It is the policy of the University of 
Nebraska-Lincoln to provide flexible and individualized accommodation to students with 
documented disabilities that may affect their ability to fully participate in course activities or to 
meet course requirements. To receive accommodation services, students must be registered 
with the Services for Students with Disabilities (SSD) office, 132 Canfield Administration, 472-
3787 voice or TTY. 
Academic Integrity: 
Academic integrity is an essential indicator of the student’s ethical standards. For this reason 
students are expected to adhere to guidelines concerning academic honesty outlined in 
Section 4.2 of University’s Student Code of Conduct which can be found at 
http://stuafs.unl.edu/ja/code/three.shtml. Students are encouraged to contact the instructor to 
seek clarification of these guidelines whenever they have questions and/or potential 
concerns.  
a. Breaches of academic integrity and their consequences vary considerably, so it is not 
possible to outline one set of absolute chain of consequences for every situation  
b. Each instructor may impose a consequence(s) for a breach of academic integrity in his/her 
own course, consistent with the magnitude of the breach. The consequences may range from 
reduced credit for a test or assignment to failure in the course.  
c. If the student feels that the consequence(s) imposed are inappropriate, the student should 
discuss the matter first with the instructor within 7 days of the incident.  
d. If the student is still dissatisfied with the consequences imposed, he/she may appeal to the 
Department Head or his/her designee within 14 days of the incident.  
e. If the student is dissatisfied with the results of his/her appeal to the Department Head, then 
he/she may appeal to the Dean of the College of Agricultural Sciences and Natural 
Resources within 21 days of the incident.  
f. Further appeal may be pursued with the University Judicial Officer as described in 
http://stuafs.unl.edu/ja/code/three.shtml.  
g. The course instructor will inform the student’s academic advisor of the final disposition of 
the breach of academic integrity immediately after the final decision 
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Figure 8: RoL: FELS: EAGER: Genetic Constraints on the Increase of Organismal Complexity Over Time.
(Schnable is PI)

Overview:
The research included as part of this project is aimed at testing a proposed rule of life: that in-
creases in organismal complexity are constrained by the availability of certain types of genes
which are recalcitrant to most forms of gene duplication, but can be duplicated as part of poly-
ploidy (whole genome duplication) (Freeling and Thomas, 2006; Freeling, 2009). Most apparent
links between whole genome duplication and an increase in the number of separately defined
body parts – for example the evolution of early tetrapods or the emergence of flowering plants
– occurred tens or hundreds of millions of years ago. However, we will use a much more recent
model to test this hypothesis. The model system Zea mays (maize; corn) produces two special-
ized types of inflorescences for male and female reproduction which have been shown to be con-
trolled by distinct genetic architectures, while all the other genera in the grass tribe to which it
belongs – Andropogoneae – produce only a single type of inflorescence. This proposal seeks to
test the link between a whole genome duplication in the maize lineage and the evolution of its
developmentally distinct inflorescences. These tests will be conducted using both conventional
comparative genomics and novel comparative genetics techniques enabled by reverse genetics re-
sources in both maize, and a closely related species Sorghum bicolor, which lacks both the maize
whole genome duplication and the specialized and genetically differentiated inflorescences found
in maize.
Intellectual Merit:
In both plants and animals, the emergence of new specialized body parts – for example the devel-
opment of floral organs in plants or the multiple specialized types of teeth found in heterodont
animals – is a rare process. Generally these specialized organs appear to originate as specialized
versions of existing organs, yet their specialization requires a divergence in regulation between
different copies of the same organ. This EAGER proposal seeks to test the hypothesis that, in the
case of the specialized reproductive organs of maize, the separate regulation and evolution of what
were, initially, duplicate copies of the same organs were enabled by a whole genome duplication,
which created duplicate copies of many transcription factors which rarely duplicate through other
processes. In addition, through the generation and phenotypic characterization of knockouts of
syntenic orthologous genes in both maize and sorghum, this proposal provides one of the first
systematic tests of the Ortholog Conjecture in plants (Koonin, 2005; Nehrt et al., 2011; Chen and
Zhang, 2012).
Broader Impacts:
If successful, this proposal will have defined a potential rule of life that may also explain why
the emergence of new specialized body parts is so rare, can predict when the emergence of new
specialized body parts is more likely, and provide initial insights into how specialized body parts
could be engineered in future synthetic biology efforts. Research in this area also has the potential
to guide the development of new engineered varieties of crop plants with multiple specialized
leaf types deployed in different parts of their canopies, okafor example – engineering top layer
leaves to have fewer chloroplasts, allowing more light to penetrate deeper into the canopy where
lower wind speeds and higher humidity reduce the transpirational water cost of photosynthesis
(Ort et al., 2011, 2015) or engineering bottom leaves to express modified forms of chlorophyll
such as chlorophylls D & F which can harvest energy from abundant far red light present lower
in crop canopies (Chen et al., 2010; Croce and Van Amerongen, 2014). In addition this proposal
will provide valuable training on conducting science at the intersection of genomics, genetics,
and phenomics to one postdoc, and has the potential to provide spin off projects characterizing
individual orthologous gene triplets in more detail to multiple undergraduates, supported by
UNL’s internally funded UCARE program as well as an existing REU program in which Schnable
participates at UNL.

B–1
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Figure 9: USDA NIFA AFRI Foundational: Identifying mechanisms conferring low temperature tolerance
in maize, sorghum, and frost tolerant relatives. (Schnable is PI)

 
PROJECT SUMMARY 

 

 
Instructions: 
The summary is limited to 250 words. The names and affiliated organizations of all Project Directors/Principal Investigators (PD/PI) should be listed in 
addition to the title of the project. The summary should be a self-contained, specific description of the activity to be undertaken and should focus on: overall 
project goal(s) and supporting objectives; plans to accomplish project goal(s); and relevance of the project to the goals of the program. The importance of a 
concise, informative Project Summary cannot be overemphasized. 
 
 

Title:   Identifying mechanisms conferring low temperature tolerance in maize, sorghum, and frost tolerant relatives. 
PD:   Schnable, James, C Institution:  University of Nebraska-Lincoln      
CO-PD:  Roston, Rebecca Institution:  University of Nebraska-Lincoln      
CO-PD:   Institution:        
CO-PD:   Institution:        
CO-PD:   Institution:        
CO-PD:   Institution:        
CO-PD:   Institution:        
 
 
Key crops in the US – maize and sorghum – are quite sensitive to both cold and freezing 
temperatures resulting in crop losses from unexpected cold snaps, and limiting growing seasons at 
more northern lattitudes, resulting in lower yields. Maize and sorghum show extremely limited 
genetic variation for survival under freezing temperatures, limiting the effectiveness of conventional 
intraspecific quantitative genetic approaches. The central premise of this proposal is that 
interspecific comparisons between low temperate tolerant and low temperature sensitive species 
within the same grass subfamily will make it possible to link changes in gene regulation to changes 
in membrane lipid composition and metabolite accumulation known to be two central components 
freeze and cold tolerances. To this end, changes in membrane lipid composition and gene 
expression in response to cold and subsequent freezing stress will be profiled for 10 panicoid 
grasses in objective one. Synteny-based comparative genomic approaches will be employed to 
enable the comparisons of the transcriptional response of the same genes across multiple species to 
the same changes in environmental condition. A broader set of 180 grass species will be assayed for 
cold and freezing tolerance in objective two. And in objective three patterns of metabolic change in 
response to cold stress will be assayed in maize, sorghum, and two close relatives in which freeze 
tolerance has evolved independently. Integrating multiple types of data from multiple species in 
response to different degrees of low temperature stress will permit the identification of mechanisms 
which convey low temperature tolerance in panicoid grasses. 
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Figure 10: ARPA-E Roots: In-plant and in-soil microsensors enabled high-throughput phenotyping of root
nitrogen uptake and nitrogen use efficiency. (Schnable is co-PI)

1. INNOVATION AND IMPACT  
1.1 Overall Description.  

Nitrogen (N) is a key nutrient for crop plants, and improved nitrogen use efficiency (NUE) can 
significantly reduce fertilizer applications, increase crop yields, and reduce the environmental 
footprint of agriculture. By examining plant N uptake and NUE on appropriate populations, the 
genetic control of physiological phenotypes can be defined. Although progress has been made in 
collecting in-field trait data, high-throughput and high-accuracy measurements of below-ground 
phenotypes and in planta phenotyping of N status have so far not been possible. Sensing of plant-
soil processes that control NUE is currently limited to methods that are time-intensive, laborious, 
and destructive and have low information content with respect to spatiotemporal characteristics of 
N soil N supply and plant N uptake. 

We propose to develop Micro-Electro-Mechanical Systems (MEMS)-based in planta and soil 
N sensors that will extend rapidly measureable plant phenotypes from yield, number of leaves, and 
flowering time to deep physiological traits directly related to root N uptake and NUE. The in planta 
and soil nitrate measurements will be coupled to create a direct measurement of fertilizer NUE 
that is not currently possible, and thereby enable rapid identification of genotypes with N-uptake-
proficient root systems. The core concept is to create a low cost sensors-enable high-throughput, 
high-accuracy, large-scale NUE phenotyping platform combining minimally invasive, in planta 
nitrate sensors and microfluidic soil nitrate sensors, to enable integrated sensing of plant and soil 
processes that influence NUE.  

The unique in planta sensors, in the form of a microscale needle, are inserted into multiple 
sites of the plant to prove frequent and accurate monitoring of nitrate uptake. The sensors will 
create an unprecedented ability to describe the spatial distribution and temporal variations of in 
planta nitrate status. In addition, we will develop microfluidic soil nitrate sensors capable of 
monitoring soil nitrate concentrations with full automation from sampling to quantification to 
signal processing. We will validate the proposed sensors and NUE phenotyping platform, by 
deploying hundreds of low-cost nitrate in planta and soil sensors within yield trials of corn with 
known genotypes across multiple, well-defined environments.  

Together, in planta and soil nitrate sensors will create tremendous synergy from which the 
integrated data could efficiently identify interactions between genotype and environment that drive 
N-uptake-proficient root systems, potentially reducing the need for costly and laborious root 
phenotyping. At present, a plant’s ability to access soil N requires destructive, labor-intensive 
measurements. With coupled in planta and soil nitrate sensing, the amount of nitrate uptake per 
amount of soil nitrate can be directly measured, creating a continuous measurement of N uptake 
per amount of available soil N. 

Objectives 
This proposal has two objectives that will enable next-generation field-based, high-throughput 

phenotyping to accurately assess NUE. 
(1) Develop, calibrate and optimize low cost, efficient MEMS-based in planta sensors and 

integrated microfluidic soil sensors for accurate measurements of plant and soil nitrate levels.  
(2) Establish and validate a field-based, high-throughput phenotyping platform with coupled 

in planta and soil sensors to generate data from yield trials of known genotypes in multiple, well-
defined environments.   
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Figure 11: NSF EPSCoR Track I: Center for Root and Rhizobiome Innovation. (Schnable is a member of
the management)

PROJECT SUMMARY
Overview:

Page A

The Center for Root and Rhizobiome Innovation (CRRI) will be established to develop tools
and technologies for more rapid, precise, and predictable crop genetic improvement that complement
and transcend methods currently used by biotechnologists and plant breeders. These innovations
are needed because of the urgency and enormity of challenges facing global agriculture, including
the need to feed a rapidly growing population in the face of extreme climate variations and
limitations in water and soil vitality. CRRI research will be structured around a systems
and synthetic biology core to generate and iteratively improve network models of plant metabolism
for predictable outcomes from genetic modifications. CRRI’s systems and synthetic biology
research will be applied to the study of root metabolism and its influence on root-interactions
with soil microbes for improved plant health. Research will focus on root metabolism in maize,
a plant genetic model and important crop species, but findings will be broadly applicable
to other plants and crop species. CRRI will develop and use fundamental knowledge to create
translational products with far-reaching impact on plant and microbial biology and global
agriculture.

Intellectual Merit :
CRRI research will be based on generation of large omics datasets from analyses and measurements
of root gene expression and metabolites, soil microbiota, and plant phenotypes. Computational
innovations for extraction and integration of these datasets will drive the creation of algorithms
for predictive model construction and databases for more efficient data mining. CRRI researchers
will also devise next-generation synthetic biology tools for precise delivery and expression
of large numbers of trait genes in crop plants. By combining computationally-derived models
and synthetic biology tools, CRRI will advance the predictive engineering of plant metabolism
to accelerate crop improvement. Systems and synthetic biology-enabled research on root-microbiome
interactions also lead to innovative solutions for agroecosystem sustainability. Furthermore,
collaborations among CRRI engineers and biologists will result in new fiber optic technology
for real-time, non-destructive sampling of root-associated microbes and root exuded chemicals.
This technology will advance rhizosphere and root-microbiome studies, emerging research areas
of agricultural and ecological significance.

Broader Impacts :
Innovations arising from CRRI will enable strategies for increasing the rate and precision
of crop genetic improvement and will generate maize germplasm with altered root metabolism
and soil microbe interactions for improved tolerance to drought and low soil fertility. These
products will be important for the sustainability of Nebraska’s agriculture-based economy
and for meeting the global grand challenges to agricultural production. CRRI will implement
an innovative and comprehensive research-based STEM portfolio of education and workforce development
activities along the continuum of the STEM pipeline. CRRI will implement: 1) secondary education
programs to build the pipeline of students choosing STEM studies and careers; 2) undergraduate
and graduate training programs that prepare the next generation of researchers and industry
leaders and a rigorous postdoctoral scientist mentoring program; 3) faculty development programs
including early career faculty and small colleges that increase research capabilities and
provide new opportunities for students; and 4) STEM events that educate the public in the
science and ethics of new technologies for informed consumer choices. Over the entire award
period, CRRI will provide 55 person-years of postdoctoral scientist training and will support
35 graduate students and 120 undergraduates (cumulative) as participants in research-based
activities. CRRI will further impact 15 small college faculty, 15 small college undergraduates,
950 undergraduates in CRRI enhanced courses, 20 students in internships, and 4,680 grade 7-12
students (cumulative). The CRRI diversity plan, through targeted strategies and support of
successful programs, will accelerate the pace of diversification among students, postdoctoral
scientists, and faculty while facilitating the participation of a broadly-defined group of
individuals in CRRI activities.
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Figure 12: NSF EPSCoR Track-2 FEC: Functional analysis of nitrogen responsive networks in Sorghum.
(Schnable is co-PI)

Project Summary 1 

Project Summary 
 
Overview 
We propose to establish a partnership for cutting edge plant genomic research between two 
EPSCoR regions of Alabama and Nebraska. The team at University of Nebraska-Lincoln will 
contribute their expertise in plant transformation and automated phenotyping using their new 
state-of-the-art LemnaTeC high-throughput system for imaging large plants. The team at 
HudsonAlpha Institute for Biotechnology in Huntsville, Alabama will contribute dedicated 
outreach for agricultural biotechnology education and genomic and molecular analysis of plant 
networks. We will combine these advanced tools to better understand the regulation of a 
complex agronomic trait of agricultural, economic, and environmental importance: how nitrogen 
affects plant growth and development. 
 
Intellectual Merit 
We will collect baseline information of plant response to nitrogen levels through combined 
transcriptomics, automated phenotyping, and molecular function methods in the widely used 
grain and biomass crop sorghum. We will modify the function and regulation of key hubs and 
transcription factors using CRISPR/Cas9 transformation methods targeting the promoter regions 
of these genes. We will then characterize plants with the resulting modified genotypes that show 
nitrogen response deploying new nitrogen uptake sensors, automated phenotyping through the 
full cycle of seasonal plant development, and genomics of expression based network 
reconstruction to identify key modifiers of nitrogen use efficiency. We anticipate that the model 
and pipelines established through the combined efforts of these two institutions will be 
extendable to understanding the biology underlying other complex agronomic traits in addition to 
nitrogen use efficiency. 
 
Broader Impacts 
In addition to a deep understanding of the molecular basis of plant nitrogen uptake throughout 
the growing season and the creation of many sorghum lines that can be used for additional 
nitrogen experiments, this proposal also seeks to train and motivate students to become 
involved in genetic and biotechnology based research for agriculture. As part of the proposed 
research, two graduate students will develop methods for automated phenotyping image 
analysis, a postdoctoral researcher will learn new skills and develop pipelines to go from 
transcriptomic analysis to empirical determination of gene function, and an early career faculty 
member will further develop her program in crop functional genomics. HudsonAlpha will develop 
and deploy a 3-week summer course, ‘AgriGenomics Academy’, for advanced high school 
students that will be offered for 3 years to 16-18 students each year to excite students to go on 
to genomics based research efforts in plants. Additional impacts include the recruitment of three 
undergraduate students who will complete summer internships at both HudsonAlpha and 
University of Nebraska-Lincoln to learn advanced techniques, and support for the Launching 
Aspiring Biotechnology Students (LABS), which introduces low and moderate-income students 
to biotechnology. 
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Figure 13: USDA/NSF Joint Program PAPM EAGER: Transitioning to the next generation plant pheno-
typing robots. (Schnable is co-PI)

1 
 

1 Project Overview, Goal, and Objectives 
One of the grand challenges facing agriculture today is to produce enough food and energy for a 
world population likely exceeding 9.7 billion by 2050. To achieve this goal, the overall 
production of all major food and energy crops will have to double, which has to occur in the 
context of climate change (Tilman et al., 2011). Crop yield improvement in the past few decades 
has been mainly attributed to green revolution, inorganic fertilizer and mechanization; but these 
technologies are unlikely to sustain the needed yield increase for another 35 years (Ray et al., 
2013). Plant phenomics, the use of holistic large scale approaches to collect plant phenotypic 
information, has the potential to spark a new green revolution (Houle et al., 2010). It would fill 
the gap between the low cost of generating large scale datasets of plant genotypes and the time 
consuming and expensive processes of collecting large scale phenotypic datasets. Advancement 
in plant phenomics would enable more effective utilization of genetic data, and ultimately lead to 
novel gene discovery and improved crop yield in the field (Furbank and Tester 2011). 
In recent years there has been a rapid expansion of high throughput plant phenotyping using 
digital image analysis (Golzarian et al., 2011; Chen et al., 2014). As the current state of the art, 
digital imaging has proven to be very useful in obtaining plant traits such as size and growth 
(Neilson et al., 2015; Neumann et al., 2015). An intrinsic limitation of image-based phenotyping, 
however, lies in the fact that images are indirect measurements. The results are in terms of pixel 
count or pixel intensity, which by its own convey little information regarding the traits of 
biological importance. This is particularly true when plant chemical and physiological traits such 
as water content and photosynthesis are to be measured. To maximize the use of images, 
researchers are required to collect ground truth trait measurements to establish correlations 
between the ground truth data and images. Because ground truthing is performed by humans, it is 
slow and expensive, and represents a major limiting factor for image-based plant phenotyping. 
There are many specialized plant sensors designed to 
measure a wide array of plant physiological or 
chemical traits. Several examples are the fiber-optic 
sensing head coupled with a NIR spectrometer for 
leaf reflectance, handheld leaf porometers for 
stomatal conductance and gas exchange, anthocyanin 
meters, and portable photosynthesis system for leaf 
fluorescence and Photosystem II analysis (Figure 1). 
All these sensors are designed to be operated by 
human for in vivo plant sensing. Conceivably, robotic 
systems can be developed to integrate these sensors 
for autonomous trait measurements.        
The goal of this project is to develop automated 
robotic systems that can realize in vivo, human-
like plant phenotyping in the greenhouse. Our 
central hypothesis is that the throughput, capacity 
and accuracy of phenotyping by the automated robots will be much better than human, whereas 
the cost will be substantially lower. Toward that end, there are three specific research aims listed 
in Research Tasks section (see section 4).  
 

Figure 1. Specialized plant leaf sensors 
for in vivo plant sensing 
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Pending Grants

1. “Hybrid Pearl Millet as a Biomass Crop for the Arid Great Plains”
Department of Energy - Affordable and Sustainable Energy Crops
Schnable JC (PI), Ge, Yufeng (co-PI) (Biological and Systems Engineering, UNL), Dweikat, I (Agron-
omy and Horticulture, UNL), Wilkins M (Biological and Systems Engineering, UNL), Yang J (Agron-
omy and Horticulture, UNL), Cheng X (Mathematics, University of Nebraska-Omaha), Serba, D
(Agricultural Research Center, Kansas State University) Award Period: 7/1/2019 - 6/30/2024

Award Amount: $3.9M total.

2. “Crops in silico: Increasing crop production by connecting models from the microscale to the
macroscale”
Foundation for Food and Agricultural Research
Amy Marshal-Colon (University of Illinois- Urbana Champaign, Schnable JC (co-PI) (One of eight
total co-PIs, including faculty at UIUC, Purdue, and Penn State)
Award Period: 12/1/2018 - 12/31/2022

Award Amount: $5M total. Funding directly and specifically to the Schnable Lab: $493,823

3. “Ultra-Low Power Sensor Network”
ARPA-E - Open Call
Full proposal submitted after encouragement from ARPA-E based on evaluation of a preproposal.
Kim H (PI) (Department of Electrical and Computer Engineering, University of Utah), Schnable JC
(co-PI) (one of four total co-PIs, sole plant biologist)
Award Period: 1/1/2019 - 12/31/2020

Award Amount: $1.1M total. Funding directly and specifically to the Schnable Lab: $198,845

4. “BTT EAGER: A wearable plant sensor for real-time monitoring of sap flow and stem diameter to
accelerate breeding for water use efficiency”
National Science Foundation - Breakthrough Technology Call
Full proposal submitted based on an invitation from NSF after evaluation of a preproposal.
Schnable JC (PI), Dong L (co-PI) (Electrical and Computer Engineering, ISU), Castellano M (co-PI)
(Agronomy, ISU), Schnable P (co-PI) (Agronomy, ISU)
Award Period: 1/1/2019 - 12/31/2020

Award Amount: $300k total. Funding directly and specifically to the Schnable Lab: $99,299

5. “EAGER-SitS: Ultra-Low-Power, Event-based-Wake-Up, Wireless Chemical Sensor Networks for Long-
Term Underground Soil Monitoring”
Full proposal submitted based on an invitation from NSF after evaluation of a preproposal.
National Science Foundation - Signals in the Soil
Kim H (PI) (Department of Electrical and Computer Engineering, University of Utah, Schnable JC
(co-PI) (one of two total co-PIs)
Award Period: 9/1/2018 - 8/31/2020

Award Amount: $300k total. Funding directly and specifically to the Schnable Lab: $100,000

6. “EAGER SitS: High-resolution Measurement of N Dynamics Using a Miniature in-Soil Lab”
Full proposal submitted based on an invitation from NSF after evaluation of a preproposal.
National Science Foundation - Signals in the Soil
Dong L (PI) (Electrical and Computer Engineering, ISU) Schnable JC (co-PI) (one of four total co-PIs
Award Period: 1/1/2019 - 12/31/2020

Award Amount: $300k total. Funding directly and specifically to the Schnable Lab: $15,273

Letters From UNL Administrators
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Press Releases and News Articles
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If you’ve ever driven through Nebraska in a dry 
year, you’ve seen the leaves of corn rolling up from 
too little moisture. 

But how much water does corn actually need 
at each stage of growth, and can cultivars be 
developed that can thrive with less? 

Researchers at the University of Nebraska–
Lincoln are learning more about the growth rate 
and the percentage of water in the plant through 
phenotyping and through research facilities that 
carefully monitor growth, water and environment, 
recording it all with specialized photography  
and sensors. 

Plant phenotyping research may make it 
possible to develop locally adapted crop varieties 
that produce higher yields. That could be especially 
important in geographic areas where weather or 
other conditions traditionally produce lower yields.

Scientists Yufeng Ge and James Schnable 

collaborate on research that measures and 
compares physical traits of corn, using a high-
throughput phenotyping system in the Greenhouse 
Innovation Center at Nebraska Innovation Campus. 
On the surface, the collaboration seems ordinary, 
but it is complex – on several levels.

Ge is an assistant professor in the university’s 
Department of Biological Systems Engineering; 
Schnable is an assistant professor in the Department 
of Agronomy and Horticulture. Ge, the engineer, 
works with technologies such as instrumentation, 
cameras and collection of informative images, 
while Schnable, the agronomist, works with the 
plant traits and genetics. Together, they are making 
progress toward higher, more consistent crop yields.

“These are the first steps in accelerating 
development of technologies that can alter the 
way we live,” Schnable said. The work right now is 
making first advances so phenotyping equipment 

Interview with Yufeng Ge and James Schnable
By Breanna Jakubowski

SCIENTISTS’ 
COLLABORATION
Developing technologies that can  
eventually ‘alter the way we live.’
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becomes less expensive and easier to integrate into 
every farm in America.

Technological advances have increased speed 
and precision in terms of fertilizer applications on 
the farm and selecting plants for genetic potential, 
but until recently, the actual measurement of the 
plants slowed the plant breeding process. Now, 
high-throughput phenotyping offers the potential 
to make everything go faster, Schnable added. 

The high-throughput phenotyping system is one 
of only a few in the United States. It uses sensors, 
robotics and computer technology, Ge said, rapidly 
measuring and comparing the physical traits of 
individual plants and capturing it all in high-content 
images.

The scientists conduct research on the 
university’s test fields, located both right on campus 
and around Nebraska, but also in the Greenhouse 
Innovation Center. Climate can be controlled 
in each of the greenhouse’s two sections, so a 
scientist can conduct research on plants’ growth 
in a specific temperature or relative humidity. The 
greenhouse has 672 plant pots; each can hold one 
plant. There are three automated watering stations 
that measure how much water each plant used 
since it was last watered and can add individually 
specified amounts of water to each plant each day 
during a research experiment. 

The greenhouse phenotyping facility has the 
capacity to capture tens of thousands of images 
a day in different forms, Ge said, with five kinds of 
sophisticated cameras: a consumer-grade camera 
with higher resolution; a fluorescent camera that 
measures the chlorophyll in the plant; a thermal 
infrared camera that measures the temperature of 
plant leaves and stems; a near-infrared camera that 
looks at plants’ water content; and a hyperspectral 
camera that captures the reflective spectrum of  
a plant leaf. The hyperspectral camera also 
quantifies differences in the chemical composition 
of plants, including variation in water, pigment and 
cell wall composition.

The system stores all of those images in the 
computer and database. 

‘SEA OF DATA’
Thousands of photos are taken every day, 

representing an immense amount of data that is 
analyzed for conclusions about plant growth and 
water consumption.  

 “It is the responsibility of the researcher to go 
into that big sea of data, trying to figure out what 
you are looking for,” Ge said. 

Ge and Schnable collaborate with computer 
scientists and statisticians, who work with the data 
after the cameras capture the images. Even a simple 
experiment, Schnable said, can generate hundreds 
of gigabytes of data, with the possibility of growing 
to terabytes. The team of researchers is working 
on challenges of data transmission so others can 
easily access the data. Another challenge, Schnable 
said, is capturing the metadata, such as the corn 
plant’s variety, genotype, growth environment and 
treatment. 

After the image collection, they face the 
challenge of turning the pictures into numbers, 
which statisticians need to work with the data. 

“After the engineering, we have lots of images 
of individual plants or plots, taken many times 
throughout the growing season,” Schnable said. 
These images are added to the data collected with 
non-high-throughput phenotyping, such as bushels 
per acre in yield; height; flowering; climb and more, 
which all are numerical values. 

“How you take an image with a cellphone camera 
or something more complex, like the hyperspectral 
photos, and reduce them to numerical values that 
are informative about the health or stress tolerance 
or yield potential of a corn, soybean or sorghum 
plant – that’s one of the real analysis challenges,” 
Schnable said. 

INTERDISCIPLINARY COLLABORATION
The collaboration between the two scientists 

is rewarding, Ge said. It also is the research trend, 
driven by funding agencies that suggest a variety 
of perspectives when solving a challenge.

“I trained as an engineer and I always interacted 
with engineers, and we would talk about things 
like tractors and irrigation pivots and precision 
agriculture, remote sensing and instrumentation. 
But it wasn’t until I joined th university and started 
working on the high-throughput phenotyping 
research that I realized it opened up a whole new 
arena,” he said. 

Schnable said that on a fundamental level, it 
means that “I bring the plants and he brings the 
sensors and computers” to the collaboration.

“I have an experiment where I’m growing plants 
in Mead (at the university’s Agricultural Research 
and Development Center). I can go to Yufeng 
and he already has developed this wonderful 
sensor platform that he can roll through the field,” 
Schnable said. “I can say, ‘well, if you’re developing 
this anyway, can you image these plants for me?’” 
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The university invests not only in the high-
throughput phenotyping greenhouse at Nebraska 
Innovation Campus, but also in the phenotyping 
field facility at the ARDC in Mead, Ge said. 

“Everyone understands just how vital this 
work is, and that is very powerful – both in terms 
of the resources the state invests in it, but also in 
the mindset of students you meet, the people you 
work with on campus. They understand just how 
important agriculture is,” Schnable said. 

TIMELY RESEARCH
Ge said the research team wants to find out 

whether hyperspectral imaging can non-invasively 
measure biochemical traits in the plant leaf, such 
as nitrogen, phosphorus and potassium. If it can be 
done, he said, farmers will benefit by having to apply 
only the amount of nutrients the plant needs, and 
no more.

Schnable said that in the next decade, there will 
be more pressure to apply only the specific amount 
of nitrogen or other fertilizers that are needed. If 
research can quantify plants’ requirements more 
precisely, farmers can adopt the techniques that will 
save them money, he added.

“The grand challenge that we are facing here is 
that we wanted to produce sufficient food, fuel and 
fiber for the global population that is projected to 
exceed 9.7 or 10 billion by the year 2050. Everything 
we do fits into that grand challenge,” Ge said. Using 
the phenotyping method, scientists are able to look 
at not only Nebraska, but around the United States 
and potentially to developing countries like Africa, 
India or China. 

“That is the key to phenotyping; you want to 
develop crop cultivars that can survive in different 
environments,” Ge said.
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ABSTRACT

One method for identifying noncoding regulatory regions of a genome is to quantify rates of divergence

between related species, as functional sequence will generally diverge more slowly. Most approaches to

identifying these conserved noncoding sequences (CNSs) based on alignment have had relatively large

minimum sequence lengths (R15 bp) compared with the average length of known transcription factor

binding sites. To circumvent this constraint, STAG-CNS that can simultaneously integrate the data from

the promoters of conserved orthologous genes in three or more species was developed. Using the data

from up to six grass species made it possible to identify conserved sequences as short as 9 bp with false

discovery rate %0.05. These CNSs exhibit greater overlap with open chromatin regions identified using

DNase I hypersensitivity assays, and are enriched in the promoters of genes involved in transcriptional

regulation. STAG-CNS was further employed to characterize loss of conserved noncoding sequences

associated with retained duplicate genes from the ancient maize polyploidy. Genes with fewer retained

CNSs show lower overall expression, although this bias is more apparent in samples of complex organ

systems containing many cell types, suggesting that CNS loss may correspond to a reduced number of

expression contexts rather than lower expression levels across the entire ancestral expression domain.

Key words: conserved noncoding sequence, comparative genomics, suffix tree, longest path algorithm, grain

crops

Lai X., Behera S., Liang Z., Lu Y., Deogun J.S., and Schnable J.C. (2017). STAG-CNS: An Order-Aware
Conserved Noncoding Sequences Discovery Tool for Arbitrary Numbers of Species. Mol. Plant. 10, 990–999.

INTRODUCTION

Mutations accumulate in different parts of the genome at different

rates.Protein-codingexons tend tohavesignificantly lower ratesof

nucleotide substitutions than introns or intergenic sequences. The

majority of possible substitutions in protein-coding sequences

usually change the amino acid sequences of the resulting protein.

Many such changes in the amino acid sequencewill have negative

effects on the protein. Therefore, many mutations which occur

in the protein-coding sequence are purged from the genome by

purifying selection. Protein-coding sequences can be said to be

functionally constrained, resulting in nucleotide substations accu-

mulatingmore slowly. In both animals and plants, there are islands

of noncoding sequences which also exhibit low rates of nucleotide

substitution, indicating that these regions are also subject to func-

tional constraint (Hardison et al., 1997; Levy et al., 2001; Kaplinsky

et al., 2002; Guo and Moose, 2003). There regions are referred to

as conserved noncoding sequences (CNSs) (Hardison et al.,

1997), or sometimes in the animal literature as conserved

noncoding elements (CNEs) (Shin et al., 2005). In both animals

and plants, CNSs have been shown to confer extremely specific

spatiotemporal patterns of transcriptional regulation (Shin et al.,

2005; Visel et al., 2008; Raatz et al., 2011).

Identification of CNSs in animals and plants presents very different

challenges. In animals, many CNSs are large (R100 bp) (Stephen

Published by the Molecular Plant Shanghai Editorial Office in association with
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et al., 2008), while different analyses in plants have primarily

identified smaller (15–50 bp) CNSs (Thomas et al., 2007; Baxter

et al., 2012; Haudry et al., 2013; Turco et al., 2013). Various

algorithmic approaches are currently employed to identify

CNSs in plants including both manual (Thomas et al., 2007) and

automated (Turco et al., 2013) curation of BLASTN results,

global alignments of sliding windows of promoter regions (Baxter

et al., 2012), the use of whole-genome alignment algorithms

(Haudry et al., 2013), alignment-independent detection of

enriched IUPAC motifs (De Witte et al., 2015), and searches for

biologically defined transcription factor binding sites across

orthologous genes (Van de Velde et al., 2016). The majority of

these approaches are either based on two-at-a-time sequence

alignments (Baxter et al., 2012; Haudry et al., 2013; Turco

et al., 2013) and/or do not retain information on conserved

microsynteny within the promoter (De Witte et al., 2015; Van de

Velde et al., 2016).

Here we describe a new method for CNS detection using

suffix tree and maximum-flow algorithms (see Methods), which

identifies sets of sequences conserved in the same order in

the promoters of arbitrarily large numbers of orthologous or

paralogous genes. This approach is inherently non-pairwise, al-

lowing researchers to adjust the number of genes compared

and significance cutoffs for CNS discovery based on the toler-

ance of their research program to either false positives or false

negatives. The analysis described herein demonstrates that as

greater numbers of species are used in the comparison, CNSs

with smaller sizes can be identified while retaining equivalent or

better false positive discovery rates.

RESULTS

A New Approach for Fast and Accurate CNS
Identification

A comparative genomics approach combining data on

conserved sequences and conserved order was employed iden-

tify CNSs within the promoters of syntenic orthologous genes

drawn from two to six grass species. This approach identifies

conserved regions, i.e., maximal exact matches (MEMs), present

in all sequences being analyzed, and then searches for and

locates the optimal path including the greatest number of

conserved sequences without violations of microsynteny using

a weighted acyclic graph (Figure 1A). This approach provides

flexibility to identify CNS using data from different numbers

of species, or multiple paralogous gene copies from a single

family, and is runtime efficient, only taking several seconds

to complete the computation for one group of orthologous

or paralogous genes and a few hours to complete the

computation for all syntenic orthologous genes present within a

group of species. The software tool (STAG-CNS: Suffix Tree

Arbitrary Gene number: Conserved Noncoding Sequence) and

its source code are now publicly available at https://github.

com/srbehera11/stag-cns.

Estimating the Accuracy and Sensitivity of STAG-CNS

STAG-CNS has a configurable minimum CNS length that allows

the users to balance the trade-off between increasing sensitivity

to small conserved sequences and controlling false positive dis-

covery rates. The probability of the same short sequence existing

in multiple sequences by chance alone is dependent on the num-

ber of sequences being compared, the length of each compar-

ator sequence, and the minimum length of the matching

sequence. Assuming a random ordering of four nucleotides at

equal frequencies, this probability can be approximated by the

formula: 1 � ((1 � 1/4
n)L�n+1)L�n+1, where L represents the length

of DNA sequence and n is the length of small sequence fragment

(Figure 2A). However, the assumptions given above are violated

by most genomes. Among 239 monocot species, GC content

was found to vary between 33.6% and 49.9% (�Smarda et al.,

2014). In grasses, individual genes exhibit binomial distributions

of gene content (Tatarinova et al., 2010). In addition, the

frequency of individual short sequences is nonrandom within a

given genome, with certain strings never or rarely occurring,

and others, particularly those found in MITEs and other

transposons, occurring at high frequency. Therefore, rather

than approximating the false positive discovery rate for STAG-

CNS using the formula described above, it was instead estimated

using permutation testing, whereby the number of putative

conserved noncoding sequences identified in comparisons of

nonorthologous genes was assayed following the method

described by Baxter et al. (2012). This method allows the

minimum number of CNSs that can be detected at an

acceptable false positive rate to be determined empirically. A

set of 200 genes (Supplemental Table 1) conserved as syntenic

orthologous located in sorghum, rice, setaria, brachypodium,

oropetium, and dichanthelium were randomly selected from a

previously published syntenic gene list (Schnable et al., 2016).

Conserved noncoding sequences were identified between

syntenic orthologous genes in three species, sorghum, rice,

and setaria, using minimum CNS lengths between 8 and 22 bp.

Average false positive discovery rates per gene were estimated

using 100 random permutations of the dataset (Figure 2B). As

expected, both true positives and false positives declined

as minimum CNS lengths increased, while the percentage of all

identified CNSs predicted to be true positives increased.

Controlling the false positive discovery rate at 5% of total

discovered CNSs indicated that a CNS as short as 12 bp can

be identified with high confidence using data from three species.

To determine howminimumCNS length responded to variation in

the number of species employed in the comparison, CNSs were

identified between the same set of 200 genes employed above

(Supplemental Table 1) using data from syntenic gene copies in

2, 4, 5, or 6 species, with minimum CNS lengths from 8 to 22

bp (Figure 3A). The corresponding false positive discovery rates

are displayed in Figure 3B. As expected, increasing the number

of species included in the analysis improves the proportion of

true positive CNSs identified at any given minimum CNS length,

and with six species it was possible to identify conserved

sequences as short as 9 bp while maintaining a false discovery

rate (FDR) of less than 5%.

Comparison of STAG-CNS and CDP

The CNS Discovery Pipeline (CDP) is one of the tools previously

used to identify conserved noncoding sequences among

different grass species (Turco et al., 2013). Unlike STAG-CNS,

the CDP works by performing pairwise comparisons based on

BLASTN, and identifies CNSs present in three or more species

through overlap with a single common reference. The CNSs
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were identified in 200 genes conserved in sorghum, setaria, and

rice using the CDP and STAG-CNS for direct comparisons of the

results produced by both methods. A set of genes previously

shown to be CNS rich were selected to maximize the number

of informative comparisons (Supplemental Table 3). The CDP

was run with the default minimum CNS length of 15 bp for

sorghum–rice and sorghum–setaria comparisons. A CNS was

considered to be present across all three species if there was

at least a 12-bp overlap in sorghum between a sorghum–rice

Figure 1. The Work Flow for Identi-
fying CNSs across Grass Species Using
STAG-CNS.
(A) CNS discovery strategy using suffix tree and

maximum-flow algorithms.

(B) CNS of three species and directed acyclic

graph using maximal exact matches (MEMs).

(C) Breaking ties: choose the one with

highest rank. The ranking of the scenario above is

(1) > (3) > (4) > (2) (see Methods).

CNS and sorghum–setaria CNS. The

number and total length of three-species

CNSs identified for each syntenic ortholo-

gous gene group was compared between

the two methods and found to be moder-

ately correlated. The Pearson correlation

coefficient between the results from the

CDP and STAG-CNS was 0.415 (p value =

1.01e-09) for the number of CNSs identified

per gene and 0.525 (p value = 1.332e-15) for

the total length of CNS sequence identified

per gene (Supplemental Figure 1).

Subsequently, all of the 17 996 orthologous

syntenic genes of three species (sorghum,

setaria, and rice) (Supplemental Table 2)

were used to identify the CNS using STAG-

CNS and CDP (sorghum and rice, sorghum

and setaria, and the pan-grass species).

The CNS information from both methods

was summarized (Table 1) and the

orthologous CNSs of the syntenic genes of

three species listed (Supplemental Table 4).

The CDP uses nucleotide–nucleotide

BLAST (blastn) as its core aligner, allowing

it to identify longer sequences with multiple

mismatches or gaps in CNSs, while STAG-

CNS currently requires exact matches.

The mismatch rates for each pairwise CNS

identified by the CDP were 9.3% between

sorghum and rice and 11.6% between

sorghum and setaria, suggesting one

mismatch for each 10-bp sequence on

average using the CDP method. As a result,

STAG-CNS identified fewer CNSs per

gene in this three-way comparison. Across

the 17 996 syntenic gene triplets employed

in this analysis, STAG-CNS identified an

average of 0.58 CNS per gene while the

CDP identified an average of 1.25 CNSs per gene. Both the

average length and median length of CNSs identified by STAG-

CNS were smaller than those calculated by CDP (Table 1).

Overall, the total length of the CNS of syntenic genes

identified by CDP and STAG-CNS were 774.2 kb and 162.3 kb,

respectively.

The CNSs identified by each method were manually proofed

for a number of individual syntenic genes. One example
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(Sobic.004G325100) is shown in Figure 4. The CDP identified a

total of 12 CNSs between sorghum and rice and eight CNSs

between sorghum and setaria. Comparing all three species

simultaneously using STAG-CNS identified 13 short CNSsmostly

representing more precise regions within larger CNSS identified

in pairwise species analysis. Including data from syntenic ortho-

logs in all six grass species employed in this analysis increased

the number of CNSs identified by STAG-CNS to 18. As an addi-

tional validation step, sequences identified by STAG-CNS were

compared with a functionally characterized noncoding regulatory

sequence associated with the classical maize gene knotted1

(Greene et al., 1994; Inada et al., 2003). Using a minimum CNS

length of 12 bp and comparison across sorghum, setaria, and

rice, six CNSs were identified in the third intron of knotted1,

which largely corresponded to the functional regulator region

defined through characterization of transposon insertion alleles

(Supplemental Figure 2) (Greene et al., 1994).

Association of CNSs with DNase I Hypersensitive Sites

Regulatory sequences are often correlated with regions of

open or accessible chromatin (Tsompana and Buck, 2014;

Rodgers-Melnick et al., 2016). Open chromatin can be assayed

in a whole-genome fashion using a range of techniques

including FAIRE-seq, MNase-seq, and DNase I hypersensitivity-

seq (Zhang et al., 2012; Rodgers-Melnick et al., 2016). The

overlap between CNS identified by STAG-CNS and open chro-

matin regions was tested using a pre-existing set of DNase I

hypersensitive sites (DH sites) generated from rice seedling and

callus tissue (Zhang et al., 2012). A total of 8934 CNSs

identified from the syntenic genes in sorghum, rice, and setaria

with minimum CNS of 12 bp were compared with the DH sites

(Figure 5 and Supplemental Table 5).

Of these CNSs, 34.0% (3037) and 58.1% (5190) overlapped with

DH sites identified in seeding and callus tissues, respectively,

significantly more than would be expected from random

sequence (binomial test p value < 1.0e-06 in both cases). For

example, in callus tissue, total length of accumulative DH sites

accounts for 8% of rice genome and the overlap between

STAG-CNS and DH sites was enriched �7.26-fold, more than

expected. This observation is potentially confounding by the

enrichment of both open chromatin and conserved promoter se-

quences around transcription start sites. After excluding DH sites

and CNSs within 1000 bp of annotated transcription start sites,

5591 CNSs remained. Of these sequences 1130 and 2289 over-

lapped with DH sites identified in seedling and callus tissues,

respectively, which continued to show a significant enrichment

(binomial test p value < 1.0e-06 in both cases). The overall per-

centage of the remaining portion of the rice genome and DH sites

in callus tissue drops from 8% to 5.8%. However, the enrichment

of overlap between STAG-CNS and DH sites actually decreases

slightly from�7.26-fold enrichment to�7-fold enrichment. These

overlaps are also significantly higher than those previously

observed when comparing CNSs identified by the CDP between

rice and sorghum with the same rice open chromatin datasets

(25.7% and 41.6% for seedling and callus tissue, respectively)

(Zhang et al., 2012).

A set of 1873 rice genes with conserved syntenic orthologs

across all six species used in this analysis were used to test

how the relative overlap between STAG-CNS-identified se-

quences and DH open chromatin regions responded to variation

in the number of species employed to identify CNS and minimum

CNS length. The overlap between potential regulatory sites

identified using the STAG-CNS and potential regulatory sites

identified using DNase1 hypersensitivity-seq increases either

when the number of species used in the STAG-CNS analysis is

increased or when the minimum length of the CNS is increased

(Figure 3C and 3D).

Functional Enrichments among CNS-Rich Genes

Previous studies have shown that genes with regulatory functions

tend to be associated with greater numbers of CNSs (Freeling

and Subramaniam, 2009; Turco et al., 2013) and that genes

with more complex regulatory patterns tend to have larger

promoters in both animals (Nelson et al., 2004) and plants (Sun

et al., 2010). Here, genes were grouped based on the number

of CNS for each syntenic gene (0, 1, 2, or R3). Gene ontology

(GO) enrichment analysis was performed on each group of

syntenic genes independently (Supplemental Table 6). For the

genes present in the group with no CNS, nine GO terms related

to ‘‘metabolic process,’’ ‘‘catalytic activity,’’ ‘‘single-organism

metabolic,’’ ‘‘oxidoreductase activity,’’ etc. were identified as

enriched (Bonferroni test p value < 0.05, FDR < 0.05). In the

group of genes associated with one CNS, 20 GO terms were

significantly enriched (Bonferroni test p value < 0.05, FDR <

0.05); among these terms 17 were related to ‘‘regulation of,’’

two were related to ‘‘transcription factor activity,’’ and one was

related to ‘‘biological regulation.’’ Similarly, 22 GO terms were

significantly enriched in the group of genes with two CNSs

(Bonferroni test p value < 0.05, FDR < 0.05), including all 20 GO

terms identified as enriched among genes with one CNS and

Figure 2. Relationship of Minimum
Conserved Sequence Length and Statis-
tical Power.
(A) The number of overlapping sequences of a

given length between two noncoding sequences

based on either a statistical model assuming

random sequence and equal frequencies of all

four nucleotides, random regions extracted from

actual grass genomes, or syntenic orthologous

noncoding regions extracted from grass genomes.

(B) Relationship between the minimum length of

shared subsequence before it is considered a

CNS, number of CNSs discovered, and false

discovery percentage.
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two others related to ‘‘DNA binding’’ and ‘‘nucleic acid binding.’’

Among the genes with at least three CNSs, a total of 32 GO terms

were significantly enriched (Bonferroni test p value < 0.05, FDR <

0.05). Among these GO terms, 18 were related to ‘‘regulation’’

and 10 to ‘‘binding.’’ Overall these findings are consistent with

previous reports using CNSs identified by other methods.

A significant proportion of syntenic genes were not associated

with any GO term annotations (6121 genes). The distribution

of these unannotated genes across the four categories of CNS

richness described above was tested using a ’’dummy’’ GO

term not associated with any genes. Significantly fewer genes

with no GO annotations were present in the 0 CNS/gene category

than expected, and significantly more genes without any GO

terms were present in the 1 CNS/gene category. No significant

difference from the null model was observed for these genes in

the 2 CNSs/gene category and R3 CNSs/gene category. How-

ever, these were also the two categories with the fewest total

genes, reducing statistical power to detect significant enrichment

or purification of these genes.

Biased Regulatory Sequence Loss Tracks Biased Gene
Loss between Maize Subgenomes

STAG-CNS can also be used to identify differences in the loss or

retention of conserved noncoding sequences between dupli-

cated genes. Maize experienced a whole-genome duplication

(WGD) within the last 5–12 million years, after its divergence

from the lineage leading to sorghum (Swigo�nová et al., 2004)

forming two subgenomes (maize I and maize II) (Schnable et al.,

2011). Following the WGD, duplicate copies of many genes

were deleted from one or the other subgenome; however, 4000–

7000 duplicate gene pairs are retained on both maize

subgenomes today. Gene copies were more likely to be lost

from the maize II subgenome, while gene copies on the maize I

subgenome tend to be expressed at higher levels than their

Figure 3. Analysis Showing that Both
Increasing the Number of Species and
Increasing the Minimum Length Can In-
crease the Power of STAG-CNS to Detect
the CNS.
For each sub-figure the x-axis shows the species

number analyzed and the y-axis shows the mini-

mum length used to identify CNSs.

(A) The number of CNSs identified in a different

number of species and the minimum length

of CNSs.

(B) True positive discovery rate of CNSs across a

different number of species. The true positive

rates below the black line indicate reliable mini-

mum length of CNSs (true positive rates R95%).

(C and D) Overlap rate of CNS and DNase sites in

callus (C) and seed (D).

retained duplicates on the maize II

subgenome (Schnable et al., 2011). Unlike

other forms of gene duplication, both

copies of a WGD-derived gene pair are

initially associated with equivalent sets

of regulatory sequences, although these

sequences can be lost from one or the

other gene copy, a process known as fractionation mutagenesis

(Freeling et al., 2012).

A set of 6156 syntenic gene groups including gene copies in se-

taria, sorghum, maize I, and maize II were used in the following

analysis. Using the same sorghum and setaria gene, CNSs

shared by both retained duplicate maize genes, as well as

sequences conserved in both outgroup species but retained

by only one maize gene copy, were identified using STAG-

CNS (Supplemental Figure 3A and Supplemental Table 8). In

approximately half the cases (2925 gene groups), no CNSs

were found to be associated with either maize gene copy. In

an additional 297 cases, equal numbers of CNSs were retained

by each gene copy. However, of the remaining 2934 cases,

approximately two-thirds (1925 gene groups) showed greater

amounts of conserved noncoding sequence associated the

maize I copy of a retained duplicate gene pair, and one-third

(1010 gene groups) showed greater amounts of conserved

noncoding sequence associated with the maize II gene copy.

Bias in CNS loss correlated with bias in expression, with

greater bias toward expression of the maize I gene copy in

cases where the maize I gene copy retained more CNSs, and

less or no bias toward greater expression of the maize I gene

copy when the maize II gene copy retained more CNSs. The

strength of this effect was quantified in a range of gene

expression datasets generated by multiple research groups

(Wang et al., 2009; Li et al., 2010; Davidson et al., 2011;

Waters et al., 2011; Bolduc et al., 2012; Chang et al., 2012;

Chettoor et al., 2014; Zhang et al., 2017). Supplemental

Figure 3B shows the difference in the magnitude of biased

expression toward maize I between the group of genes where

maize I retained more CNSs and the group of genes where

maize II retained more CNSs. Pollen and anthers showed

some of the smallest effects of relative CNS number on bias

toward maize I gene copy expression, while whole leaf/whole

seedling/whole root samples showed some the greatest
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effects of relative CNS number on bias toward maize I gene copy

expression.

DISCUSSION

We developed an algorithm and software implementation,

STAG-CNS, for the identification of conserved noncoding se-

quences distributed in the noncoding regions flanking conserved

syntenic orthologous genes across multiple species. The pro-

posed approach employs the suffix tree and maximum-flow

algorithm to identify CNSs using both sequence conservation

constraints and conservedmicrosynteny constraints in each spe-

cies. Unlike previous CNS identification tools based on sequence

alignment, STAG-CNS can directly align the promoters from

three or more species simultaneously. This flexibility makes it

possible to identify shorter, but highly conserved, sequences

that could not be identified at acceptable FDRs using two-at-a-

time approaches to CNS discovery (Figure 3B). Effective use

of STAG-CNS requires tuning the minimum CNS length. This

will vary based on a number of factors including the number

of species included in the analysis, the phylogenetic distance

between these species, and the total amount of flanking

sequence included on either side of target genes. For these

reasons, the optimal solution for any gene group of species

may be to test the false discovery proportions at different

minimum CNS lengths as described above, before choosing

a cutoff for the final analysis. However, many individual users

may not have the time or computational resources to perform

optimization for individual projects. In the absence of tuning,

our implementation of the STAG-CNS algorithm will use default

cutoffs based on the threshold values for different numbers of

species being compared, defined in Figure 3B. Because

transcription factor binding sites are small, STAG-CNS de-

pends on the presence of some type of anchor sequence,

such as a conserved syntenic orthologous gene group, to

define workably small genome regions to compare between

species. However, the use of this tool is not confined only to

promixal promoters, but can also be employed to compare

intron sequences across multiple species (Supplemental

Figure 2) or to compare deep intergenic regions if other

methods are used to identify specific regions of the genome

for comparison across species.

Known transcription factor binding sites range in length from 6 to

15 bpwith an average length of 10 bp (Stewart et al., 2012; Tu�grul

et al., 2015; Yu et al., 2016), so the advance from identifying

CNSs R15 bp to identify conserved sequences as short as

9 bp with acceptable (%0.05) FDRs means that it should be

possible to identify most of the conserved binding sites of a

wider range of transcription factors using CNS analysis. As the

number of species with high-quality genome sequences in

groups such as the grasses, crucifers, and legumes increases,

it is anticipated that it will be possible to employ STAG-CNS to

identify even smaller regions of conserved sequence within

gene promoters with acceptable false discovery proportions.

Many CNSs identified with previous methods contained mis-

matches and indels (about 10% of base pair positions for CDP

CNSs). It is likely that many of these mismatches do not disrupt

the function of the conserved noncoding region. Currently STAG-

CNS can only identify exact match sequences. However, there

are precedents in the literature for adapting suffix tree-based algo-

rithms to identify conserved sequences containing up to one

mismatch without unmanageable increases in runtime or memory

requirements. This canbe achievedby extending the longest com-

mon substring with k mismatch problem for more than two se-

quences. Crochemore et al. (2006) used suffix tree and reverse

suffix tree, i.e., suffix tree of sequences in reverse, to find the

longest repeats with k consecutive mismatches among two

strings. A modified version of Crochemore’s algorithm was

developed by Flouri et al. (2015) for finding the longest common

substring with one mismatch. This method could be extended for

more than two sequences, as employed in STAG-CNS, by using

a generalized suffix tree and a reverse generalized suffix tree.

Finally, the ability to analyze the promoter sequence surround-

ing three or more genes at once makes it possible to more accu-

rately study the differential loss of conserved sequences from

duplicate genes following WGD. Here STAG-CNS was used to

demonstrate that the maize subgenome which lost more genes

following WGD also has less conserved regulatory sequence

associated with retained copies of duplicate gene pairs. Several

recent reports have suggested that duplicate maize genes have

experienced significant regulatory sub- or neofunctionalization

(Hughes et al., 2014; Pophaly and Tellier, 2015; Li et al.,

2016). The findings here and elsewhere suggest that genes

from the maize II subgenome may have subfunctionalized into

more specialized expression domains while maize I gene

copies retained broader patterns of expression. This model

would be broadly consistent with the findings of Pophaly

and Tellier (2015) that a large population of maize WGD

gene pairs exhibit bidirectional expression divergence when

Software

CDP CDP STAG-CNS

CNS data Os-Sb (15 bp) Pan-grass (12 bp) Sb-Si-Os (12 bp)

Total no. of orthologous CNSs 46 005 22 510 10 498

Percent of syntenic genes with at least 1 CNS 72.47% (13 041) 41.67% (7499) 27.61% (4968)

Average no. of CNSs 2.56 CNS/gene 1.25 CNS/gene 0.58 CNS/gene

Mean length of CNS (bp) 32.77 34.39 32.66

Median length of CNS (bp) 24.00 25.00 18.00

Total quantity of conserved noncoding sequence (bp) 1 507 726 774 177 162 250

Table 1. Summary of CNS Distributions in 17 996 Syntenic Orthologous Genes.
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examining expression patterns across specific tissue types, and

that these genes are enriched in transcription factors, a class of

gene that tends to have large promoters containing many

conserved regulatory elements.

METHODS

STAG-CNS Algorithm and Implementation

The STAG-CNS uses suffix tree and maximum-flow algorithm to discover

the CNSs in multiple grass species. Repeated subsequences, i.e., MEMs,

are identified using suffix tree and then themicrosyntenic path through the

target sequences including the greatest number of base pairs of repeated

subsequences is identified using maximum-flow algorithm. Figure 1A

shows the overview of the algorithm to detect CNSs. The repeated

subsequences, i.e., MEMs produced from suffix tree of sequences, are

used to construct a weighted directed acyclic graph (DAG) and then the

maximum-flow algorithm is used on DAG to generate the CNSs. The

input for STAG-CNS is a file containing fasta sequences of the surround-

ing regions, i.e., 10 kb upstream and downstream of each gene to be

compared, with additional information such as gene name, start and

end position of the gene, chromosome name, direction (‘‘+’’ or ‘‘�’’),

and the actual start and end positions in the chromosome. All of this infor-

mation is extracted from the annotation files of corresponding species. If

the direction is ‘‘�’’, i.e., the gene of interest is on the reverse strand, the

reverse complement of sequence is constructed prior to analysis. The

STAG-CNS can be used to find CNS located in nonpromoter regions by

modifying the input file. For example, to find the CNSs in the intron region,

the start and end positions of exons should be provided in the input file.

The generalized suffix tree of all sequences is constructed by using Ukon-

nen’s linear time online algorithm (Ukkonen, 1995). The generalized suffix

tree is a tree data structure that stores all suffixes of the sequences in a

compressed manner. The suffix of a string is a substring which ends at

the last position of the string. The leaf nodes of the generalized suffix

tree are labeled with the index of the sequence and the start position of

the suffix in that sequence. This data structure has been used in a

variety of applications in computational biology including search

applications, exact match searches, subsequence composition

searches, homology searches, single-sequence analysis applications,

and multiple-sequence analysis applications (Bieganski et al., 1994).

The MEM is a repeat subsequence that cannot be extended at both the

ends. The generalized suffix tree is used to find the MEMs efficiently by

traversing the tree and using some additional information associated

with suffix tree data structure such as suffix links. The suffix tree was

first studied by Gusfield (1997) and was also used for multiple-sequence

alignment in the MGA tool (H€ohl et al., 2002). Our algorithm uses the

similar approach to find all MEMs with length greater than or equal to

the given minimum length (input parameter) using the generalized suffix

tree. The implementation of this part of the algorithm (finding MEMs

from generalized suffix tree) is similar to splitMEM (Marcus et al., 2014).

The first figure in Figure 1B shows an example of MEMs present in three

sequences. The blocks of same color represent the matching

subsequences. Instead of obtaining all MEMs, the program only finds

the MEMs which are (a) present in all sequences, (b) not present in

genomic regions, (c) present in the same side of the gene. A weighted

DAG is constructed using the MEMs obtained in the previous stage. The

middle part of Figure 1B shows the DAG obtained from the MEMs. The

MEM with light-blue color intersects with the MEM with the pink color,

so there is no edge between them. The MEM with light-blue color does

not intersect with all other MEMs, so there are directed edges from that

MEM to all other MEMs except the pink one. Each MEM becomes a

node in the graph and the weight of the node is the length of that MEM.

If two MEMs are not overlapping or intersecting with each other, a

directed edge is constructed between them. For each node, the weight

of each incoming edge is equal to the node weight. The CNSs are

extracted from the graph using the approach similar to the longest path

algorithm (Ma and Deogun, 2010). Here we use a maximum-flow

algorithm instead of the longest path for the weighted DAG to find the

path with maximum weight. The algorithm finds the optimal path

consisting of CNSs that gives the maximum cumulative score (shown in

the bottom part of Figure 1B). The ties are broken based on the

distance between consecutive CNSs. If two or more CNS sets have

same maximum score, the set with minimum intra-CNS distance is cho-

sen. In Figure 1C, the first set of CNSs is chosen among the four CNS

sets having equal score. The CNS that is selected among four have min

{jd1 � d2j + jd1 � d3j + jd2 � d3j}, where d1, d2, and d3 are the distances

between MEM with the green color and MEM with maroon color in the

sequences 1, 2, and 3, respectively. Basically, the CNSs with less

variation in the distance between two of its consecutive MEMs is ranked

higher.

The current implementation of the STAG-CNS algorithm has been tested

using between 3 and 15 sequences and for sequence lengths between 2

kb and 50 kb. It takes little less than an hour to generate the CNS of 10

sequences, each 25 kb long, using 10 Gb of memory. The memory usage

may increase when the total length of the sequences becomes more than

500 kb. The output of STAG-CNS is a file containing the list of CNSs with

their start and end positions, and length and name of the chromosome. It

also produces the visualization file that can be used in the Gobe visualiza-

tion tool (Pedersen et al., 2011). The source code for STAG-CNS is freely

available at https://github.com/srbehera11/stag-cns.

Genomes and Orthologous Syntenic Gene Sets

The genomes and annotations of seven related species were downloaded

fromPhytozome (https://phytozome.jgi.doe.gov/pz/portal.html): sorghum

(Sorghum bicolor v3.1) (McCormick et al., 2017), rice (Oryza sativa v7)

(Ouyang et al., 2007), setaria (Setaria italica v2.2) (Bennetzen et al.,

2012), brachypodium (Brachypodium distachyon v3.1) (Vogel et al.,

2010), maize (Zea mays) (Schnable et al., 2009); and CoGe (https://

genomevolution.org/coge/): oropetium (Oropetium thomaeum v1.0)

(VanBuren et al., 2015) and dichanthelium (Dichanthelium oligosanthes

v1.001) (Studer et al., 2016). A pan-grass orthologous gene list including

all of these seven species generated on the GEvo panel of CoGe is avail-

able (https://genomevolution.org/coge/Gevo.pl) (Schnable et al., 2016). A

set of 200 orthologous syntenic genes of six species (excluding maize)

were randomly selected from the pan-grass syntenic gene list, which

were used to test the optimal minimum length of CNS when comparing

Figure 4. Visual Comparison of CNSs Iden-
tified for a Given CNS-Rich Gene Using the
CDP or STAG-CNS.
CNSs between Sb-Os and Sb-Si were identified

using CDP with default parameters (minimum

length of CNS: 15 bp). CNSs in Sb-Si-Os were

identified using STAG-CNS with a minimum CNS

length of 12 bp. CNSs in six species (Sb-Si-Os-

Or-Br-Do) were identified using STAG-CNS with

minimum CNS length of 9 bp. The blocks in blue,

green, and gray correspond to untranslated re-

gions, exons, and introns, respectively.

996 Molecular Plant 10, 990–999, July 2017 ª The Author 2017.

Molecular Plant Detection of CNSs in Arbitrary Numbers of Species



orthologous genes from different numbers of species (Supplemental

Table 1). Another set consisted of 17 996 orthologous syntenic genes

present in three species (sorghum, setaria, and rice) were also extracted

from the pan-grass syntenic gene list (Supplemental Table 2). A

subset of 200 syntenic genes, which had the greatest number of

CNSs between sorghum and rice based on CDP, was extracted

(Supplemental Table 3). These syntenic gene sets were used for the

comparison of STAG-CNS and CDP. A set of 6156 maize duplicated

genes from two maize subgenome and corresponding syntenic genes in

sorghum and setaria were obtained from the pan-grass syntenic genes

list (Supplemental Table 7).

Extracting Noncoding Regions Associated with Genes and
Permutation Testing of CNS False Discovery Rates

The region used for CNS discovery started 10 kb upstream and ended

10 kb downstream of a given syntenic gene. However, the sequence

was truncated at the next conserved syntenic gene if this gene was less

than 10 kb away from the start or end of the target gene. CNS may

be identified in the nonsyntenic gene if one such gene is included in

the flanking sequences of the given syntenic gene at an extremely

small probability. For extremely high-confidence removal of sequences

with coding potential or transcribed sequences, STAG-CNS can be

combined with downstream filtering using ORF discovery and/or BAM

files including RNA-seq reads (Turco et al., 2013). For permutation

testing, these sequences were grouped randomly across species for

each permutation. The average number of CNS identified across 100

permutations was compared with the original set of CNSs identified

without shuffling syntenic relationships to estimate the FDR. The

difference between the average number of CNSs from the permutation

test and the number of CNSs from the original set (without shuffling) is

considered to be false positive. The estimated true positive number of

CNSs was the number of CNSs in syntenic genes minus the false

discovery number of CNSs. The true positive rate is ratio of true positive

number of CNS and all numbers of CNSs in syntenic genes. This

analysis was repeated separately for minimum CNS lengths between

8 bp and 22 bp and for genes extracted from between two species and

six species. The species compositions of each group were: two species

(sorghum and rice), three species (sorghum, rice, and setaria), four

species (sorghum, rice, setaria, and oropetium), five species (sorghum,

rice, setaria, oropetium, and brachypodium), and six species (sorghum,

rice, setaria, oropetium, brachypodium, and dichanthelium).

Comparing STAG-CNS and CDP Using Sorghum, Rice, and
Setaria

The approach described in the previous subsection was also applied

to extract the noncoding sequences 10 kb upstream and downstream

of the genes. A total of 17 996 syntenic genes of sorghum, setaria,

and rice were used to find the CNS with optimal minimum length of

CNS at 12 bp.

Figure 5. Overlap of Rice, Sorghum, and Se-
taria CNSs Identified Using STAG-CNS with
Regions of Open Chromatin Identified using
DNase1 Hypersensitivity in Rice Seedlings
and Rice Callus.
As both CNS andDHS are commonly found near the

start of transcription, this analysis was conducted

separately for all CNS and DHS (A) and only for

those CNS and DHS more than 1 kb distant from an

annotated TSS (B).

TSS, transcription start site.

At the same time, the CNSs in syntenic genes of sor-

ghum–rice and sorghum–setaria were identified us-

ing CDP with default parameters (Turco et al., 2013)

but with themodification that syntenic gene pairs were provided externally

from the same list used by STAG-CNS rather than identifying syn-

tenic gene pairs automatically (the default of the CDP). Then the CNSs

of sorghum–rice and sorghum–setaria were combined based on positions

on the genome of sorghum. The overlapped region (R12 bp) of CNSs be-

tween two pairwise species was regarded as the CNSs of pan-grass syn-

tenic genes. Summary statistics were computed with custom perl scripts

and basic functions in R software.

GO Term Enrichment Analyses

The enrichment analyses were performed using the goatools (version

0.5.9) (Tang et al., 2015), a Python script to find enrichment of GO

terms. The genes in the GO annotation file of sorghum were used as

association data. A total of 17 996 sorghum syntenic genes were used

as a reference population. Nonannotated genes were temporarily

annotated as a GO term that was not present in the analyses to test

whether these unannotated genes were enriched in any groups. The

genes with 0, 1, 2, and R3 CNSs were grouped respectively into four

subsets. The Bonferroni correction and FDR implementation using re-

sampling method were applied with a significance p value of <0.05. The

GO enrichment data for sorghum are shown in Supplemental Table 6.

Association Analyses between CNSs and DNase I Sites

The DNase I sites of seeding and callus were downloaded from the NCBI

GEO (http://www.ncbi.nlm.nih.gov/geo/), which have been generated by

Zhang et al. (2012). The overlapping positions between DNase I sites

and CNSs identified from 17 996 syntenic genes in sorghum, rice (v5),

and setaria were calculated using custom perl scripts. A total number of

1873 syntenic genes in six species (sorghum, rice, setaria, oropetium,

brachypodium, and dichanthelium) were extracted from the syntenic

gene list. The CNSs with minimum length from 8 bp to 22 bp were

extracted from different numbers (2–6) of species to identify the CNSs

and compared with the DNase sites. The percentages of overlap of

CNS and DNase sites for each case were calculated and shown in the

heatmap (Figure 3C and 3D).

Comparison of CNSs in Maize Subgenomes

The set of 6156 syntenic genes form sorghum, setaria, and duplicated

maize genes (Supplemental Table 1) were divided into two groups

(sorghum-setaria-maize I and sorghum-setaria-maize II) that were used

to identify the CNSs in the noncoding sequences 10 kb upstream and

downstream of these syntenic genes. The numbers of CNSswere counted

for each syntenic gene of the two groups and the differences between the

duplicated genes, maize I and maize II, computed using in-house perl

scripts. The expression values of these duplicated genes in multiple tis-

sues were calculated from several datasets (Wang et al., 2009; Li et al.,

2010; Davidson et al., 2011; Waters et al., 2011; Bolduc et al., 2012;

Chang et al., 2012; Chettoor et al., 2014; Zhang et al., 2017) to
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compare the expression level between maize I and maize II. For case 1,

maize I genes having more CNS than maize II, we count the number if

maize I genes have higher/lower expression than maize II and calculate

the ratio between them to measure the bias. For case 2, maize I genes

having less CNS than maize II, we also count the number if maize II

genes have higher/lower expression than maize I and calculate the ratio.

We use the values of the ratio of case 1 minus the ratio of case 2 to

show the gene expression bias between the two cases in different tissues.
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and evolutionary significance of genomic GC content diversity in

monocots. Proc. Natl. Acad. Sci. USA 111:E4096–E4102.

Stephen, S., Pheasant, M., Makunin, I.V., and Mattick, J.S. (2008).

Large-scale appearance of ultraconserved elements in tetrapod

genomes and slowdown of the molecular clock. Mol. Biol. Evol.

25:402–408.

Stewart, A.J., Hannenhalli, S., and Plotkin, J.B. (2012). Why

transcription factor binding sites are ten nucleotides long. Genetics

192:973–985.

Studer, A.J., Schnable, J.C., Weissmann, S., Kolbe, A.R., McKain,

M.R., Shao, Y., Cousins, A.B., Kellogg, E.A., and Brutnell, T.P.

(2016). The draft genome of the C 3 panicoid grass species

Dichanthelium oligosanthes. Genome Biol. 17:223.

Sun, X., Zou, Y., Nikiforova, V., Kurths, J., and Walther, D. (2010). The

complexity of gene expression dynamics revealed by permutation

entropy. BMC Bioinformatics 11:607.
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Identifying interspecies changes in gene regulation, one of the two primary sources of phenotypic variation, is challenging on
a genome-wide scale. The use of paired time-course data on cold-responsive gene expression in maize (Zea mays) and
sorghum (Sorghum bicolor) allowed us to identify differentially regulated orthologs. While the majority of cold-responsive
transcriptional regulation of conserved gene pairs is species specific, the initial transcriptional responses to cold appear to
be more conserved than later responses. In maize, the promoters of genes with conserved transcriptional responses to cold
tend to contain more micrococcal nuclease hypersensitive sites in their promoters, a proxy for open chromatin. Genes with
conserved patterns of transcriptional regulation between the two species show lower ratios of nonsynonymous to
synonymous substitutions. Genes involved in lipid metabolism, known to be involved in cold acclimation, tended to show
consistent regulation in both species. Genes with species-specific cold responses did not cluster in particular pathways nor
were they enriched in particular functional categories. We propose that cold-responsive transcriptional regulation in
individual species may not be a reliable marker for function, while a core set of genes involved in perceiving and responding to
cold stress are subject to functionally constrained cold-responsive regulation across the grass tribe Andropogoneae.

INTRODUCTION

Thegrassesareacladeofmore than10,000species,whichexhibit
conservedmorphology and genome architecture (Bennetzen and
Freeling, 1993). Grasses have adapted to grow in a wide range of
climates and ecologies across the globe, with 20% of total land
area covered by ecosystems dominated by grasses (Shantz,
1954). As a result, the range of tolerance to abiotic stresses
present in the grass family (Poaceae) far exceeds that present
within any single grass species. However, to date, studies at-
tempting to identify determinants of abiotic stress tolerance at
a genetic or genomic level have predominantly focused on in-
dividual species (Chopra et al., 2017; Priest et al., 2014; Revilla
et al., 2016; Tiwari et al., 2016;Waters et al., 2017). Themajority of
genetic changes with phenotypic effects can be broadly clas-
sified into two categories: those that alter protein-coding se-
quence and those that alter the regulation of gene expression.

DNA sequence changes that alter protein-coding sequences
can be identified in a straightforward fashion. The probability that
a given polymorphism in a protein-coding sequence will have
a phenotypic effect can also often be estimated. At a basic level,
this involves classification as synonymous,missense, andnonsense

mutations. Information on the overall level of evolutionary con-
servation for a given amino acid residue can also be used to
increase the accuracy of these predictions (Cooper et al., 2005;
Ng and Henikoff, 2001; Reva et al., 2011). Cross-species
comparisons of the protein-coding sequences from genes
co-opted into new functional roles in C4 photosynthesis have
been able to identify protein changes linked to changes in
function at a resolutionof individual aminoacid residues (Christin
et al., 2007).
Identifying changes in gene regulation across related species

is more challenging, and the associated methods are far less
advanced. For extremely close relatives, such as Arabidopsis
thaliana and Arabidopsis arenosa, RNA-seq reads from both
species can bemapped to a common reference genome (Burkart-
Waco et al., 2015). For species with greater levels of sequence
divergence in transcribed regions, this approach becomes im-
practical. Recent work in Sophophora (formerly Drosophila)
described some of the many challenges present in comparing
changes in baseline expression levels across closely related
species with independently sequenced and assembled refer-
ence genomes (Torres-Oliva et al., 2016). However, this ap-
proach is limited to identifyingchanges inbaselinesexpression in
the same treatment rather than examining patterns of regulation
across multiple treatments. Within the grasses, several research
groups have employed clustering-based methods to identify
genes with conserved patterns of regulation during either re-
productive or photosynthetic development (Davidson et al., 2012;
Wang et al., 2014). Among other results, one of these studies
concluded that orthologous genes conserved at syntenic locations
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are more likely to share correlated expression patterns across
multiple species than genes classified as orthologs based on phy-
logenetic analysis but located at nonsyntenic locations (Davidson
et al., 2012). Clustering-based methods can identify genes with
conserved patterns of regulation across multiple species, but
they have high false positive rates when used to identify genes
with changes in regulatory pattern.

Inevenclosely relatedspecies, thebaseline expression levelsof
orthologous genes can diverge significantly (Hollister and Gaut,
2009; Hollister et al., 2011). Testing for conserved or divergent
patterns of regulation across different genotypes or different
species when baseline expression levels have diverged creates
a statistical challenge. Modeling of multiple environmental or
genotype level effects can be combined either additively or
multiplicatively. The model selected will determine which set of
genes will be classified as differentially regulated between
species. While few attempts have been made to identify differ-
ential patterns of gene regulation across species, attempts to do
so between subspecies or diverse accessions have largely used
either only a multiplicative model (Lovell et al., 2016), an additive
model, or additive and multiplicative models separately (Waters
et al., 2017) but have not made comparisons between the
suitability of the two models.

Here, we sought to develop effective methods for comparing
gene regulatory patterns between syntenic orthologous genes in
closely related species. For initial cross-species comparisons,
data on changes in the transcriptional responses to cold stress in
maize (Zeamays) and sorghum (Sorghumbicolor) were employed.
Cold was selected as a stress that could be delivered in a con-
sistent fashion and time frame.Maize and sorghumwere selected
based on their close evolutionary relationship (Swigonová et al.,
2004), high-quality sequenced genomes (Paterson et al., 2009;
Schnable et al., 2009), and common susceptibility to cold stress
(Chinnusamyet al., 2007;Hetherington et al., 1989;Wendorf et al.,
1992). In addition, maize is a mesotetraploid species that expe-
rienced a whole-genome duplication ;12 million years ago after
its divergence from sorghum (Swigonová et al., 2004), producing
two functionally distinct maize subgenomes, maize1 and maize2
(Schnable et al., 2011). Approximately 3000 to 5000pairs of genes
are retained on both maize subgenomes (Schnable et al., 2009,
2011, 2012).Unlikeother typesofgeneduplication,whole-genome
duplicates initially retain almost all the same associated conserved

regulatory sequences (Freeling et al., 2012). Comparing the ex-
pression patterns of duplicated genes exposed to the same trans-
regulatory factors provides a bridge to comparing the expression
patterns of orthologous genes in closely related species with
similar phenotypes. These twosystemsprovide auseful platform
for developing and testing approaches to comparative gene
regulatory analysis. However, one goal of cross-species com-
parisons of transcriptional regulation must ultimately be to link
changes in regulation to changes in phenotype,which in the case
of low-temperature stress will require conducting comparisons
between species with differing, rather than similar, tolerance
to cold.

RESULTS

A set of 15,231 syntenic orthologous gene pairs conserved be-
tween the maize1 subgenome and sorghum and 9553 syntenic
gene pairs conserved between the maize2 subgenome was
employed in thisstudy (Figure1A).Thesequence identity incoding
regions of syntenic genes between sorghum and either maize
subgenomeorbetweenmaizesubgenomes is;90%(Supplemental
Figure 1), which is a level of divergence that makes alignment to
a common reference sequence impractical. We conducted parallel
expression analyses of the set of syntenic orthologous gene pairs
conserved between the maize1 subgenome and sorghum and the
smaller set of syntenic gene pairs conserved between the maize2
subgenome and sorghum.
Syntenic orthologs exhibited reasonably well-correlated pat-

terns of absolute gene expression levels between sorghum and
either subgenome of maize based on expression data generated
fromwhole seedlings under control conditions (Spearman’s rho =
0.79–0.84, Pearson r = 0.67–0.85, Kendall rank correlation 0.67–
0.63; Figure 1B). This observation is consistent with previous
reports about the analysis of expression across reproductive
tissues in three grass species (Davidson et al., 2012). However, it
should be noted that these correlations were significantly lower
than those observed between biological replicates (seeMethods
for a detailed explanation of what constituted a biological rep-
licate in this study) of the same species (Spearman’s rho = 0.88–
0.98, Pearson r = 0.89–0.99, Kendall rank correlation 0.78–0.91),
and many individual genes have large divergence in baseline

Figure 1. Gene Level and Expression Level Conservation between Sorghum, Maize1, and Maize2.

(A) The overlap between syntenic orthologous gene pairs conserved between maize1/sorghum and maize2/sorghum.
(B) Comparison of average control condition expression levels (log2 transformed FPKM) for either maize1/sorghum or maize2/sorghum gene pairs.
(To improve readability, a random sample of 1/3 of all gene pairs is displayed for each category.)
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expression levels between the two species, creating divergence
between the predictions of additive and multiplicative statistical
models of gene regulation, as described above.

Wevisuallyconfirmedthe lethaleffectofprolongedcoldstresson
maize and sorghum (Ercoli et al., 2004; Hetherington et al., 1989;
Olsen et al., 1993; Sánchez et al., 2014; Shaykewich, 1995) fol-
lowing prolonged cold treatment (Figures 2A to 2C; Supplemental
Figure 2; see Methods). We employed measurements of impair-
ment of CO2 assimilation rates after recovery from a controlled
length cold stress to provide more quantitative measures of cold
stress and to assess the suitability of the level of cold stress em-
ployed to distinguish differing degrees of cold stress sensitivity or
cold stress tolerance among maize, sorghum, and several related
panicoid grass species. Data were generated from a total of six
panicoid grasses, including the relatively cold tolerant paspalum
(Paspalumvaginatum) and the extremely cold sensitive prosomillet
(Panicummiliaceum) (Figure2D).After1dofcoldstress, thespecies
could be broadly classified as either cold stress insensitive or cold
stress sensitive, with both maize and sorghum in the cold stress
sensitive category. A longer period of cold stress (3 d) revealed
greater impairment of CO2 assimilation rates in sorghum than in
maize, consistent with previous reports on the relative cold sen-
sitivity of these two species (Chinnusamyet al., 2007;Chopraet al.,
2017; Fiedler et al., 2016; Hetherington et al., 1989; Wendorf et al.,

1992) and separated the six species into three broad categories of
cold tolerant, moderately cold sensitive and extremely cold sen-
sitive. Based on these data, we selected one day of cold stress,
when maize and sorghum still exhibit comparable levels of CO2

assimilation impairment (Figure 2D), for downstream expression
analysis.

Conventional Differentially Expressed Gene Analysis

We identified differentially expressed genes in each species by
comparing gene expression data in control seedlings to those
subjected to one day of cold stress (Supplemental Data Set 1).
Among maize1/sorghum syntenic gene pairs, 1686 (11.1%,
1686 out of 15,231) and 2343 (15.4%, 2343 out of 15,231) genes
were classified as differentially expressed genes (DEGs), re-
spectively (Figure 3A; see Methods). For maize2/sorghum syn-
tenic gene pairs, these values were 968 (10.1%, 968 out of 9553)
and 1446 (15.1%, 1446 out of 9553) genes, respectively. Only
836 (5.5%, 836 out of 15,231) of maize1/sorghum syntenic genes
were classified as showing differential regulation in response to
cold in both species (Figure 3A). In addition, there were 29 and
16 genes pairs in the maize1/sorghum and maize2/sorghum
gene pairs, respectively, where both genes were classified as
differentially expressed but in opposite directions (Figure 3B).

Figure 2. Effects of Cold Stress on Maize, Sorghum, and Related Species.

(A) to (C)Representativeseedlingphenotypes formaizeandsorghum.Control conditions (A), 24hof stressat6°C (B), and14dat6°Cand2d recoveryunder
greenhouse conditions (C).
(D)Normalized relative CO2 assimilation rates for six panicoid grass species with differing degrees of sensitivity or tolerance to cold stress. Individual data
pointswere jittered (adding randomnoise to data in order to prevent overplotting in statistical graphs) on the x axis to avoid overlap and improve readability.
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The 836 observed syntenic gene pairs is;3.2 times higher than
the 259 genes pairs that should have been identified if cold-
responsive gene regulation were not correlated between the two
species (see legend of Figure 3 for a detailed breakdown of how
this value was calculated). With these two values, the maximum
number of genes responding to cold in the same fashion as a result
of common descent from an ancestrally cold-responsive gene in
the common ancestor of maize and sorghum can be calculated
using the formula ((observed number of sharedDEGs)2 (expected
number of shared DEGs))/(observed number of shared DEGs). In
this case, amaximumof approximately two-thirds (69.0%, 577 out
of 836) of genes identifiedas responding tocold inboth species are
likely to do so as a result of commondescent. However, thismay in
fact be an overestimate if some of the same changes in cold-
responsive gene regulation have been selected for in parallel in
both lineages. Extending this calculation to the set of gene pairs
that responded transcriptionally to cold in either maize or sorghum
orboth, only 18.1% (577 out of 3193) of gene pairs responding to
cold in either species are likely to have retained a conserved
patternof cold-responsivegeneexpressionsince thedivergence
of maize and sorghum from a common ancestor 12 million years
ago (Swigonová et al., 2004).

One potential explanation for this observation is that low sta-
tistical power to detect differentially expressed genes may create
a false impression that differential expression is not conserved
between related species. Prior estimates from real biological
data in yeast (Saccharomyces cerevisiae) suggest that, given the
number of replicates and minimum cutoff for differential expres-
sion employed here, the power of DESeq2 to identify differentially
expressedgenesshouldbebetween0.65and0.90 (Schurchet al.,
2016). In addition, a simulation study using observed expression
values and variances in the maize data set generated here in-
dicated that the power to detect differential gene expression
ranged from 0.63 for genes with a change in expression exactly at

the minimum cutoff to 0.961 for genes with larger changes in
expression value (Supplemental Data Set 2). The expected
proportionof genesclassifiedasdifferentially expressed in either
species that are classified as differentially expressed in both
species is given by the formula power2=12 ð12powerÞ2. Given
the worst-case assumption (power = 0.628), this value would be
46% if gene regulation were perfectly conserved betweenmaize
and sorghum, which is higher than the observed value of 25%.
Results for maize2/sorghum gene pairs were largely comparable.

However, the proportion of genes classified as not differentially
expressed in either species was greater for maize2/sorghum gene
pairs (Figure 3A), likely because maize2 genes tend to have lower
overall levels of expression (Schnable et al., 2011). In total, 766
nonsyntenicmaizegeneswereclassifiedasdifferentiallyexpressed in
response to cold (2.0% of all nonsyntenic genes in maize, 766 out of
38,664), while 1333 (9.1%, 1333 out of 14,683) of nonsyntenic genes
in sorghumwere classified as differentially expressed in response to
cold. The absolute numbers of differentially expressed nonsyntenic
genes are more similar to each other than the proportions, as the
current set ofmaize genemodel annotations includesmany lower
confidence genes, which are generally nonsyntenic and often
show little or no detectable expression (Schnable, 2015), than the
current set of sorghum gene model annotations.
Maizeandsorghumshareaclose relationship (Swigonováet al.,

2004), and both originated from tropical latitudes (De Wet, 1978;
van Heerwaarden et al., 2011). The two species even have a high
degree of promoter conservation in abiotic stress-responsive
genes (Freeling et al., 2007). Therefore, the apparent lowdegreeof
conservation in cold stress-responsive regulation is unexpected.
However, this result is alsoconsistentwith studies that have found
significant divergence in abiotic stress responses between dif-
ferent haplotypes in maize (Waters et al., 2017).
Onepotential explanation is that the samecold stresspathways

are being induced in maize and sorghum, but these pathways are

Figure 3. Combined DEG Analysis of Maize and Sorghum.

(A) An illustration of the DEG-based gene pair classification model and a comparison of expected and observed values for gene pairs classified as
differentially expressed in response to cold in zero, one, or both species. Expecteddistributionswere calculated basedonanull hypothesis of no correlation
in gene regulation betweenmaize and sorghum (seeMethods). DE0, gene pairs classified as differentially expressed in response to cold in neither species;
DE1, gene pairs classified as differentially expressed in response to cold in one species but not the other; DE2, gene pairs classified as differentially
expressed in response tocold inbothspecies.Observednumberofgenepairs inmaize1/sorghum:DE1maize=850,DE2=836,DE1sorghum=1507,DE0=
12,038.Observednumberofgenepairs inmaize2/sorghum:DE1maize=508,DE2=460,DE1sorghum=986,DE0=7599.Expectednumberofgenepairs in
maize1/sorghum:DE1maize =1427,DE2=259,DE1 sorghum=2084,DE0=11,461. Expectednumber of genepairs inmaize2/sorghum:DE1maize=822,
DE2 = 146, DE1 sorghum = 1300, and DE0 = 7285.
(B) Comparison of fold change in gene expression between the treatment and control groups for pairs of orthologous genes in maize and sorghum. Log2-
transformed treatment/control expression ratios are shown.
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induced more rapidly in one crop than the other when exposed to
equivalent cold stresses. To test this hypothesis, we used data
fromamoredetailed timecourse tocompare theexpression levels
betweenmatchedpairsof coldstressedandcontrol plantsof each
species at six time points distributed over 24 h (see Methods;
Supplemental Data Set 1). The number of gene pairs classified as
differentially expressed at different time points ranged from 60 to
2199 for maize1/sorghum gene pairs and 29 to 1235 for maize2/
sorghumgenepairs.Comparing thenumber of genes identifiedas
differentially expressed in each of all 36 possible pairwise com-
binations of time points between the two species showed that the
greatest proportion of shared differentially expressed gene pairs
was identifiedwhen identical timepointswere comparedbetween
the twospecies and that theoverall number of shareddifferentially
expressed gene pairs increases at later time points (Figure 4A).
Overall, genes tended to remain in the same categories, with
a general trend towardmoreDE0genesmoving into all three cold-
responsive expression categories as the length of cold stress
increased (Figure 4A). Because the proportion of all genes clas-
sified as differentially expressed increases at later time points, the
expected number of gene pairs classified at DE2 under the null
model described above also increases. Therefore, considering
only the absolute number of gene pairs classified as DEGs in both
species (DE2) at each time point can be misleading. After con-
trolling for the expected number of DE2 genes, early time points
show significantly higher proportions of true positives than later
time points (Figure 4B).

Differentially Regulated Ortholog Analysis

Another potential explanation for the finding that relatively few
shared differentially expressed genes were identified between
maize and sorghum is that differential gene expression analysis
may not be testing the correct null hypothesis for between-
species comparisons (Paschold et al., 2014). The null hypothesis
of conventional DEG analysis is that the expression values ob-
served for a given gene under control and stress conditions are
drawn from the same underlying distribution. This approach is
perfectly suitable for single-species analysis. In a two-species
analyses, such as those conducted above, a DEG approach
divides genepairs into three categories: genespairs classifiedas
differentially expressed in neither species (DE0), in one species
but not the other (DE1), and in both species (DE2; Figure 3A).

As shown in Figure 5A, in principle, each of those three cate-
gories (DE0, DE1, and DE2) can include gene pairs without sig-
nificant differences in the pattern of regulation between species
(comparably regulated orthologs [CROs]), as well as gene pairs
that do show significant differences in regulation between the two
species (differentially regulated orthologs [DROs]). All six theo-
retical cases from Figure 5A were observed in the RNA-seq ex-
pression data set generated above (Supplemental Figure 3A).
DROs and CROs were both observed in all the DEG groups
(SupplementalFigure3B).DistinguishingbetweenDROsandCROs
requires testing a different null hypothesis: that the change in ex-
pression for a given gene between two treatments is equivalent to
the change in expression for an ortholog of that same gene, in
adifferent species, across thesame two treatments.Anotherway
of describing this same experimental approach is testing for

a statistically significant treatment by species interaction effect.
Several existing statistical packages incorporate the ability to
test for significant interactions between different treatments
(Love et al., 2014; Ritchie et al., 2015; Robinson et al., 2010) by
including species as an effect in themodel. However, comparing
across species under different conditions, including testing for
interaction effects to cross species comparisons, requires us to
define an accurate model for what the same change in gene
regulation looks like starting from different baseline levels of
expression. Testing this null hypothesis across species in turn
requires us to define an accuratemodel of what the same pattern
of gene expression looks like when starting from different baseline
levels of expression.
For an orthologous gene pair where gene copies are expressed

atdifferentbaseline levels in twospecies, twodifferentmodelscan
be used to compare a change in expression between treatment
and control conditions: additive and multiplicative (Figure 5B).
When expression under control conditions is equivalent between
the two species, thesemodels yield the samepredicted expression
under stressed conditions. However, when control condition ex-
pression is different between the two species, themodels produce
different expected expression values under stress conditions.
Using simulated data on additive and multiplicative models, an

Figure4. PatternsofGeneExpressionacrossaCold-StressTimeSeries in
Maize and Sorghum.

(A) Changes in classification of individual gene pairs as DE0, DE1 maize,
DE1 sorghum, and DE2 across adjacent time points.
(B) The proportion of genes identified as differentially expressed in both
species in excess of the number of gene pairs expected in this category in
the absence of either conservation of gene regulation or parallel evolution
of gene regulation. True discovery proportion is defined as (observed
positives 2 estimated false positives)/observed positives. The expected
number false positiveDE2genepairswascalculated from theproportion of
all genes classified as DEGs in maize and sorghum using the null model
described in Figure 3A.
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ANOVA-based test classified genes with different baseline ex-
pression levels but the same pattern of expression (as simulated
by a multiplicative model) as significantly differentially regulated
between species, while the generalized linear model-based
DESeq2 classified genes with different baseline expression
levels but the same pattern of expression (as simulated by
a additive model) as significantly differentially regulated be-
tween species (Supplemental Data Set 3).

To test which of these models is a better representation of how
cold-responsive gene regulation actually operates, we used a set
of 5257 gene pairs retained from the maize whole-genome du-
plication (WGD) (Schnable et al., 2011). The maize WGD created
two copies of each gene in the genome, each associated with the
same chromatin environments and regulatory sequences. RNA-
seq-based measurements of expression for duplicate genes can
be unreliable when gene copies are similar enough that reads
cannot be unambiguously mapped to individual copies. Maize
WGD-derived duplicate gene pairs show ;93% sequence simi-
larity in exon regions (Supplemental Figure 1). This is equivalent to
4.5 mismatches per 50-bp sequence read, significantly reducing
the risk of ambiguous or incorrect read mapping. The expression
level of each gene copy in aWGDgene pairs in themaize genome
in the same samples results from the exact same trans-factors
acting in the exact same tissue and cell types. Therefore, di-
vergence in the regulation of these genes should start out with the
same cis-regulatory sequence prior to their divergence from their

most recent common ancestor (whether at the time of WDG for
autopolyploids or at the time of speciation prior to WGD for al-
lopolyploids) (Freeling et al., 2012).
To test the additive and multiplicative null models, we used the

expressionpatternofonemaizegenecopybetweencontrol andcold
stress conditions to predict the expressionpattern of theothermaize
gene copy using each null model from Figure 5B.We conducted the
analysis inparallelateachof thesix timepoints inmaizeusingmaize1/
maize2 gene pairs where at least one copy was identified as dif-
ferentially expressedat that timepoint.Genepairswereomitted from
the analysis if the predictions of both models were more similar to
each other than either was to the observed value.
Themultiplicative model wasmore accurate at predicting cold-

responsive expression patterns between maize WGD duplicates
than the additive model at all time points (P = 0.004-2.4*10-15,
paired two tailed t test) (Supplemental Data Set 4). Requiring the
differencebetween thepredictionsof the twomodels tobeat least
twice as large as the difference between the better model and the
observed expression pattern produced similar results (Figure 5C;
Supplemental Data Set 4). The set of genes where the additive
model produced better predictions was examined for differences
in expression, selection (Ka/Ks ratio) (Supplemental Figure 4),
or Gene Ontology (GO) annotation. No significant markers for
which genes could be best predicted with which model were
identified. Therefore, going forward, we employed the multi-
plicative model for conserved gene regulation across species,

Figure 5. Conceptual Illustration of the Differentially Regulated Ortholog Model.

(A) Illustration of the different classification outcomes that can be produced for a given gene pair using both a DEG-based analysis (testing whether the
expression pattern of each gene changes significantly between conditions) and a DRO-based analysis (testing whether the pattern across the two
conditions is significantly different between copies of the same gene in both species).
(B) Two models, additive and multiplicative, for predicting what a conserved pattern of gene regulation should look like when the underlying level of
expression changes.
(C) Relationship between prediction error (log10 transformed) for expression under cold stress using a multiplicative model to predict expression between
maize1/maize2 gene pairs or an additivemodel to predict expression betweenmaize1/maize2 gene pairs.Maize1: Predictions for the expression pattern of
maize2 genes using data from their maize1 homoeologs. Maize2: Predictions for the expression pattern of maize1 genes using data from their maize2
homoeologs. Blue dots mark cases where the additive model was the better predictor; red dots mark cases where the multiplicative model was the better
predictor.
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as implemented in DESeq2’s test for multiple factors (Love
et al., 2014) (see Methods).

Figure6Ashows theproportionofgenepairsclassifiedasDROs
among all gene pairs in the DE0, DE1, and DE2 groups at each of
the six time points. Comparing the same time points for maize
and sorghum identifies fewer differentially regulated orthologs
thancomparisonsbetweennonequivalent timepoints in the two
species. Fewer differentially regulatedorthologswere identified
at earlier cold treatment time points than at later time points.
This is consistent with the results of DEG analysis described
above, which suggested early cold stress responsesweremore
conserved across sorghum and maize than later cold stress
responses.

Functional Differences between Genes with Conserved or
Lineage-Specific Regulatory Patterns

Genes classified as responding to cold stress in both species
(DE2) tended to have significantly lower ratios of nonsynonymous
nucleotide changes to synonymous nucleotide changes (Ka/Ks
ratio) thangenes that responded to cold stress in only one species
or inneitherspecies.Thissuggestsgeneswithconservedpatterns
ofcold-responsiveregulationexperiencestrongerpurifyingselection
than genes with lineage-specific patterns of cold-responsive regu-
lation (Figures 6B and 6C). GO enrichment analysis identified genes
differentially regulated in both species as enriched in transcription
factor-related GO terms, such as GO:0006355 “regulation of tran-
scription,DNA-templated.”Thisenrichmentwas furtherconfirmed in
a separate test for enrichment of genes annotated as transcription
factors in the GRASSIUS database (Yilmaz et al., 2009). No non-
transcription factor-related GO term showed significant enrichment
when compared with the population of gene pairs that were syn-
tenically conserved between both species. Comparison to the total
population of annotated genes in maize or sorghum showed many
additional enrichments; however, this approach can produce mis-
leading results, as nonsyntenic genes are enriched among genes
without any functional annotation (Schnable et al., 2012). We used
MapMan (Usadel et al., 2009) to visualize the patterns of expression
within particular functional categories among DE2 genes as well as
DE1maize and DE1 sorghum genes. As expected, genes related to
cell wall growth, a marker for plant growth, were downregulated in
both species in the cold, including xyloglucosyl transferase
(Sobic.001g538000 and GRMZM2G388684) and leucine-rich
repeat family protein (Sobic.003g205600 and GRMZM2G333811)
genes (Cui et al., 2005; Pearce, 2001; Tenhaken, 2014). Genes in-
volved in lipid metabolism were upregulated in both species, in-
cluding glycerol-3-phosphate acyltransferase 8 (Sobic.009g162000
and GRMZM2G166176), diacylglycerol kinase (Sobic.006g230400
and GRMZM2G106578), choline-phosphate cytidylyltransferase
(Sobic.001g282900 and GRMZM2G132898), MGDG synthase
(Sobic.004g334000 and GRMZM2G178892, Sobic.007g211900
and GRMZM2G141320), glycerophosphodiester phosphodiester-
ase (Sobic.007g190700andGRMZM2G064962,Sobic.004g157300
and GRMZM2G018820), and fatty acid elongation acyl-CoA ligase
(Sobic.004g015400 and GRMZM2G120539) genes. This observa-
tion is consistent with the reported role of changes in membrane
composition to avoid stiffening in the cold as an adaptive response
to cold (Quinn, 1988; Singer and Nicolson, 1972). No consistent

expression patterns of genes in particular metabolic processes (up-
or downregulated) were observed among the DE1 maize or DE1
sorghum gene pairs.
The previously defined binding site for DREB/CBF transcription

factors, which are induced in response to drought and cold stress
(Muiño et al., 2016), showedsignificant enrichment in the proximal
promoters of gene pairs in theDE2 category, aswell as significant
purification in the proximal promoters of gene pairs in the DE0
category (Supplemental Figure 5). As transcription factors are often
associatedwith largerquantitiesofconservednoncodingsequences
(CNSs) (Freeling et al., 2007; Turco et al., 2013), we also investigated
the number and quantity of conserved noncoding sequence asso-
ciated with different classes of genes; however, no strong patterns
were observed (Figure 6D). The use of conserved noncoding se-
quence data to identify regulatory sequence requires that the reg-
ulatorysequencebeconservedbetweenspecies.Given thatmanyof
thegenes identifiedas responding tocold in eithermaizeor sorghum
appear to do so in a lineage-specific fashion, this requirement may
not be satisfied in many cases. Various measurements of open
chromatin have been shown to be good predictors of where regu-
latory sequences will be identified using CNS-based methods (Lai
et al., 2017; Vera et al., 2014; Zhang et al., 2012), and unlike CNS-
basedmethods, chromatin structure-basedmethods do not require
that the same regulatory sequence be conserved across multiple
species. We therefore examined the chromatin states in the pro-
moters of geneswith different patterns of cold-responsive regulation
using a published data set of MNase hypersensitive sites (HSs)
generated from maize seedlings grown under nonstressed con-
ditions (Rodgers-Melnick et al., 2016). Comparisons were made for
maize DE0, maize DE1, sorghumDE1, DE2, and nonsyntenic genes
at each of the six cold stress time points. Many nonsyntenic genes
responded to cold; however, nonsyntenic genes as awhole showed
little or noopenchromatin (asdefinedbyMNaseHS) associatedwith
theirTSSs (transcriptional startsites)orproximalpromoters.Previous
studies of other epigenetic marks have also concluded that the
chromatin signatures of nonsyntenic genes inmaize aremore similar
to those of intergenic sequences versus syntenic genes (Eichten
etal., 2011).All categoriesof syntenicgenes tended tohaveapeakof
MNase sensitivity associated with their TSS and more open chro-
matin in their proximal promoters than nonsyntenic genes. Genes
with conserved cold-responsive regulation (DE2) appear to have the
greatest amount of open chromatin in their proximal promoters
(Figure 7). Intriguingly, the maize copies of maize DE1 gene pairs
exhibited stronger open chromatin signals that the maize copies of
sorghumDE1genepairs,eventhoughdataonMNasehypersensitive
sites came from seedlings grown under control conditions. The
patterns reported above remained apparent when genes were di-
vided intoninecategoriesbasedon their relativeexpression level and
Ka/Ks ratio, although statistical significance was reduced sub-
stantially as a result of the smaller number of genes included in each
analysis (Supplemental Figure 6).

DISCUSSION

The above results indicate that there are roughly equivalent
numbers of genes differentially expressed in response to cold
compared with those reported from separate studies in each
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species (Chopra et al., 2015; Makarevitch et al., 2015). However,
cross-species comparisons of the transcriptional regulation of the
same genes in these two different species reveals that many cold-
responsive patterns of regulation are not conserved between the
twospecies.Correcting for theexpectedoverlapacrossconserved

genes based solely on the absolute genes number exhibiting cold-
responsive transcriptional changes ineachspecies further reduced
the expected number of gene pairs where shared regula-
tion resulted from the conservation of an ancestral pattern of
cold-responsive transcriptional regulation. Thesedata imply that

Figure 6. Characteristics of Genes in Different DEG Groups at Different Time Points.

(A) The proportion of gene pairs classified as DROs between maize and sorghum in different DEG groups at each of the six time points examined.
(B)and (C)Median ratios of nonsynonymoussubstitutions to synonymoussubstations in codingsequences formaize andsorghum for genepairs classified
asDE0,DE1, orDE2at eachof six timepoints. Timepointswhere there is a statistically significant difference inKa/Ks ratio betweenDE2andanyof theother
three categories are marked with either + (if P < 0.05) or ++ (if P < 0.01). Color of the + indicates the category to which DE2 is being compared. Time points
where there is a statistically significant difference in Ka/Ks ratio between DE0 and either DE1 maize or DE1 sorghum categories are marked with either
* (if P < 0.05) or ** (if P < 0.01). Color of the asterisk indicates the category to which DE0 is being compared. Enrichment of genes annotated as transcription
factor genes among DE2 gene pairs relative to all syntenic gene pairs indicated by the black line and the right-hand axis. Double white triangles mark time
points where the enrichment is statistically significant (P < 0.01).
(D)FrequencyofCNSwithin thepromotersofgenesclassifiedasDE0,DE1maize,DE1sorghum,DE2,DRO,orCROateachof thesix timepoints.Black lines
within the box plot mark the average number of CNS per gene for each category.

Gene Regulatory Changes between Maize and Sorghum 1945



gains or losses of cold-responsive regulation are relatively fre-
quent in the grass tribe Andropogoneae. Genes that respond to
cold in only a single lineage experience lower levels of purifying
selection and are less likely to be annotated as transcription
factor genes than genes that are cold-responsive in both line-
ages. It should benoted that these results are basedondata from
a single accession of maize (B73) and a single accession of
sorghum (BTx623). Evidence suggests that lower, but still sig-
nificant, levels of divergence in transcriptional regulation in re-
sponse to cold are present in different accessions of a single
species (Makarevitch et al., 2015; Waters et al., 2017).

It appears that a relatively small core set of genes exhibit
conserved responses to cold across the two species in this initial
analysis, and functional analysis suggests that these genes are
more likely to be present in pathways with logical links to cold
stress (decreases ingrowthandcellwall biosynthesis, increases in
lipidmetabolism). Thus, we propose amodel where a small core set
of genes involved in the mechanisms by which panicoid grasses
perceive and respond to cold stress are under functionally con-
strained cold-responsive transcriptional regulation, while a much
larger set of genes can gain or lose cold-responsive transcriptional
regulation in a neutral fashion or potentially as a result stabilizing
selection, potentially through transposon-mediated mechanisms
(Makarevitch et al., 2015; Naito et al., 2009). Consistent with this
model, the genes with conserved cold-responsive gene regu-
lation exhibited lower ratios of nonsynonymous-to-synonymous
coding sequence substitutions than the other genes, which
would imply their coding sequence is also subject to greater
functional constraint. This model would also be consistent with

the relatively high proportion of maize cold-responsive genes
that exhibit variation in cold-responsive regulation across alleles
(Waters et al., 2017).
We evaluated two different models for predicting conserved

regulation across different expression levels and found that the
multiplicative model was more effective at predicting ortholo-
gous gene pair expression than the additive model (Figure 5C;
Supplemental Data Set 4). However, while this different was
statistically significant, the additive model remained the better
predictor for many gene pairs. While no obvious markers that
distinguish genes where one model is the better predictor than
the other were identified in this study, further study may identify
additional molecular traits measured from the genome that can
forecast which model is more appropriate for testing the ex-
pression pattern of a given gene acrossmultiple related species.

The Challenge of Linking Genes to Functions Based on
Expression Evidence

The model above would predict that the observation of stress-
responsive changes in transcript abundance in a single species is
not strong evidence that the associated gene plays a role in the
response to thatparticular stress.While sequencinggenomesand
identifying genes are becoming more straightforward tasks,
confidently assigning functional roles to newly identified genes
remains challenging. Many genes in maize (35.1%) and sorghum
(16.2%) are not associatedwith anyGOannotations in the current
release of Phytozome (v12). Many genes that do possess GO
annotations are associated with only extremely broad annotation
categories, such as protein binding or catalytic activity. “Guilt by
association” studies using coexpression analysis are an intriguing
method for assigning putative functional roles to some orphan or
poorly annotated genes (Li et al., 2016; Schaefer et al., 2014).
However, the use of these methods in a single species may also
produce false positive annotations in the case of selectively neutral
orstabilizingchanges ingeneregulation. Itmayprove tobethecase
that functionally constrained transcriptional responses are an ef-
fective method for identifying these links. Collecting parallel ex-
pression data sets in multiple species can be time consuming and
costly. We therefore tested a number of alternative approaches to
identifying functionally constrainedcold-responsive transcriptional
regulation. Early transcriptional responses to cold (30 min to 3 h)
appeared to show greater conservation across species than later
transcriptional responses. Regions of open chromatin detected
throughMNaseHS (Rodgers-Melnick et al., 2016; Vera et al., 2014)
were preferentially associated with genes that responded tran-
scriptionally to cold stress in maize; however, this association
was observed for genes with either conserved or lineage-specific
patterns of cold-responsive regulation.

Importance of Developing Methods for Cross-Species
Comparisons of Transcriptional Regulation

Bothmodeling (Orr, 1998, 1999) and empirical studies (Chanet al.,
2010; Studer et al., 2011) have found that genetic variants re-
sponsible for large, suddenchanges innaturalorartificial selection
tend to have large, pleiotropic effects. In maize, distinct genetic
architectures underlie traits that have been subjected to selection

Figure 7. Chromatin Patterns Associated with Different Groups of Genes
in Maize and Sorghum.

Patterns of MNase HS regions around the transcriptional start sites of genes
classified based on their pattern of gene regulation in the 24-h stress time
point. Maize1 sorghum gene pairs and maize2 sorghum gene pairs were
aggregated to increasestatistical power. The lighter bandaround theDE2 line
indicates a 2 SD confidence interval. Black bars at the bottom of the graph
indicate individual base pair positions where the amount of open chromatin
associated with DE2 genes is significantly different from that of each of the
other four categories displayed with a P value < 0.01 for each comparison.
Pairwise comparisons were performed using Fisher’s exact test.
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during domestication (one large-effect quantitative trait locus and
many small modifiers) and traits that were not selected on during
domestication (many small-effect quantitative trait loci) (Wallace
et al., 2014). This model was supported by recent work with an
intersubspecies cross of maize and its wild progenitor teosinte
(Z. mays ssp parviglumis). Looking at tassel morphology, dis-
tinctly genetic architectures were reported for traits believed to
have been under selection during domestication compared with
those traits that were not (Xu et al., 2017). Developing effective
approaches for comparing transcriptional regulation of con-
served syntenic genes across related grass species has the
potential to identify large-effect polymorphisms responsible for
interspecies phenotypic variation in traits such as abiotic stress
tolerancewhere substantial phenotypic variation exists between
species (Figure 2D).

Here, we have shown that by using synteny to identify pairs of
conserved orthologs across related species, it is possible to
identify species by treatment interactions, which signify changes
in gene regulation across species (DROs), using a multiplicative
model of gene regulation. The use of amultiplicativemodel was in
turn supported by analysis of the regulation of duplicated maize
genes within the same sample. By increasing the number of
species sampled, it may soon be possible to define a consistent
core set of genes subjected to functionally constrained regulation
in response to cold across the grasses. Changes in the regulation
of these core genes in specific lineages with different cold stress-
response phenotypes would be useful candidates for the type of
large-effect changes predicted to produce between-species
phenotypic variation. However, the interpretation of such data
must take into account that, unlikewithin-species studies of allelic
variation in cold-responsive regulation, between-species analysis
cannot distinguishcis-regulatory from trans-regulatory sourcesof
variation in transcriptional responses.

METHODS

Plant Growth and Cold Treatment

For maize (Zea mays) and sorghum (Sorghum bicolor), the reference
genotypes used for genome sequencing and assembly were B73 and
BTx623, respectively. SNPcalling usingRNA-seq data fromB73was used
toverify that theplantsused in this studycame from theUSASouthcladeof
B73 accessions, i.e., those closest to the original reference genome (Liang
and Schnable, 2016). Under the growing conditions employed, maize
developed more quickly than sorghum, and sorghum seedlings 12 d after
planting were selected as being roughly developmentally equivalent to
maize seedlings 10 d after planting based on leaf number andmorphology
(Figure 2A). Planting dates were staggered so that all species reached this
developmental time point simultaneously. For the original RNA-seq pre-
sented in Figure 2A, seeds were planted in MetroMix 200 and grown in
greenhouse conditions under 13 h daylength in greenhouses at Univer-
sity of Nebraska- Lincoln’s Beadle Center, with target conditions of
320 mol m22 s21, high-pressure sodium bulb, 13 h/11 h 29°C /23°C day/
night, and 60% relative humidity. Control plants were harvested directly
from the greenhouse three hours before lights on. Plants subjected to cold
stress treatment were moved to a cold treatment growth chamber, with
33molm22s21,metal halidegrowbulb,12h/12h6°C /6°Cday/night.Cold-
stressedplantswereharvested3hbefore lightson.Eachsampleconsisted
ofpooledaboveground tissue fromat least threeseedlings.Eachbiological
replicate was harvested from plants that were planted, grown, and

harvested at a distinct and separate time from each other biological
replicate. A total of three independent biological replicates where gen-
erated for this experiment. For the time courseRNA-seqdatapresented in
Figure 4 and onward in the study, maize and sorghum were planted as
above and grown in a Percival growth chamber (Percival model E-41L2)
with target conditions of 111 mol m22 s21 light levels, 60% relative hu-
midity, a 12h/12hdaynight cyclewith a target temperatureof 29°Cduring
the day and 23°C at night. The onset of cold stress treatment was im-
mediately before the end of daylight illumination, at which point half of the
plants were moved to a second growth chamber with equivalent settings
with the exception of a target temperature of 6°C both during the day and
at night. Each sample represents a pool of all aboveground tissue from
at least three seedlings. Samples were harvested from both the paired
control and cold stress treatments at 0.5, 1, 3, 6, 16, and 24 h after the
onset of cold stress. Biological replicates included both maize and
sorghum plants that were offset in planting but stressed and harvested at
the same time in the same growth chambers. A total of three independent
biological replicates were generated for this experiment.

Definition of Samples and Biological Replicates

Sample: Each sample consists of RNA extracted from the pooled tissue of
no less than three and no more than five separate plants planted and
harvested on the same date and grown in the same growth chamber. All
aboveground tissue was harvested from each plant included in a pool. All
aboveground tissue: At the stage plants were harvested, all aboveground
tissue included leaf blades, ligules, and leaf sheaths, but not apical
meristems, stems, or roots. Biological replicate: each biological replicate
consists of RNA extracted from pooled tissue harvested from plants of the
same genotype planted and harvested on separate dates from any other
biological replicate. Paired replicate: biological replicates were paired
across species, with tissue harvested on the same day from plants of each
species growth in the same growth chamber.

CO2 Assimilation Rate Measurements

Plants were grown and cold treated as above, with the modification that in
the case of sorghum, small plastic caps were placed over the seedlings to
prevent the plants from becoming too tall to fit into the LiCormeasurement
chamber (;2 inches). After 0, 1, or 3 d of cold treatment, the plants were
allowed to recover in the greenhouse overnight. The following morning,
CO2 assimilation rates were measured using the Li-6400 portable pho-
tosystem unit under the following conditions: PAR 200 mol mol21, CO2 at
400 mol mol21 with flow at 400 mol mol21, and humidity at greenhouse
conditions. Whole-plant readings weremeasured for sorghum, paspalum,
Japanesemillet (Echincloaesculenta), prosomillet, andurochloa (Urochloa
fusca) after covering their pots with clay and using the LiCor Arabidopsis
chamber. Maize was measured using the leaf clamp attachment, which
was consistently placed on the second leaf at a position 3 cm above the
ligule. Leaf area was measured using the Li-3100c Area meter (Li-Cor).
The accessions used for each species presented in Figure 1D included the
following: paspalum, USDA PI 509022; Japanese millet, USDA PI 647850;
proso millet, earlybird USDA PI 578073; urochloa, LBJWC-52; sorghum,
BTx623; and maize, B73.

Identifying Syntenic Orthologs

Codingsequencedata forprimary transcriptsofeachannotatedgene in the
genome assemblies of eight grass species, including maize and sorghum
used in the analysis,were obtained fromPhytozome 10.2. Similar sequences
were identified using LASTZ (Harris, 2007), requiring an alignment
spanning at least 50% of total sequence length and 70% sequence
identity. In addition, thearguments -ambiguous=iupac, -notransition, and
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-seed=match12 were all set in each run. LASTZ output was converted to
QuotaAlign’s “RAW” format using a version of the blast to raw.py script
that had beenmodified to take into account differences in output format
between BLAST and LASTZ. The additional parameters -tandem
Nmax=10 and -cscore=0.5 were specified when running this script.

RAW formatted data were processed using the core QuotaAlign al-
gorithmwith the parameters -merge, and -Dm=20. -quota was set to 1:2 in
comparisons to maize and 1:1 in all other comparisons. Pure QuotaAlign
pan-grass syntenic gene setswere constructedusing this data set directly.
Polished QuotaAlign pan-grass syntenic gene sets were constructed by
first predicting the expected location for a given query gene in the target
genome and then selecting the gene showing the greatest sequence
similarity (as determined by lastz alignment score) within the window from
20genesdownstreamof thepredicted location to20genesupstreamof the
predicted location.

RNA-Seq Data Generation

RNA isolation and library construction followed the protocol described by
Zhang et al. (2015). The number of reads generated per library is sum-
marized in Supplemental Data Set 1. Sequencing was conducted at Il-
lumina Sequencing Genomics Resources Core Facility at Weill Cornell
Medical College. Raw sequencing data are available through the
NCBI (http://www.ncbi.nlm.nih.gov/bioproject) under accession num-
bers PRJNA343268 and PRJNA344653. Adapters were removed from
raw sequence reads using cutadapt version 1.6 (Martin, 2011). RNA-seq
reads were mapped to genome assemblies downloaded from Phyto-
zome:RefGenv3 (Z.mays) andv3.1 (S.bicolor). RNA-seq reads fromeach
species were aligned using GSNAP version 2014-12-29 (Wu and Nacu,
2010; Wu and Watanabe, 2005). Per-gene read counts were obtained
using HTSeq version 0.6.1 (Anders et al., 2015).

Identifying DEGs

DEGs were identified using count data generated as described above and
DESeq2 (version 1.14.0) (Love et al., 2014) based on a comparison of the
treatment and control with adjusted P value# 0.05, meaning absolute log2

of fold change of between treatment and control value$ 1. All expressed
syntenic orthologous genes were classified into one of three categories.
The three categories include genes that were classified as responding
transcriptionally to cold in at least one species (DE1) (Figure 3A). The re-
maining category includes all expressed syntenic orthologous genes that
were not classified as cold-responsive in either of the two species (DE0).
Thenumberof sharedgenes identifiedasdifferentially expressed in the two
species (DE2) was tested relative to the expected overlap if there was no
correlation in gene regulation across species. For the time course RNA-
seq, analysis was conducted as above for all 36 possible pairwise com-
parisons of the six sorghum time points and six maize time points.

When estimating the true discovery proportion in analyses of DE2
genes (see Figures 3A and 4B), it was necessary to calculate the number
ofDE2genes expectedunder anull hypothesisof noconservationof gene
regulation. This expected number of DE2 genes was calculated using the
formula (percentage of gene pairs DE in species 1)*(percentage of gene
pairs DE in species 2)*(total number of gene pairs analyzed was used).
Total number of genepairswasfixedat 15,232syntenic orthologousgene
pairs for maize1/sorghum comparisons and 9554 for maize2/sorghum
comparisons.

Estimating the Power of DESeq2 in This Data Set Using
Simulated Data

One thousand genes were randomly sampled from the maize1/sorghum
syntenicgene list in each repetitionof thesimulation. Theseselectedgenes
included three replicates from both normal growth conditions (control) and

1-d cold treatment (treatment). The geometric mean of each gene was
calculated (adding1 to thedata toavoid0 readings). A randomsample from
the uniform distribution on (5, 50) was used as the estimate of the true
dispersion parameter. The simulated data for the non-differentially
expressed genes were generated from a negative binomial distribution
with the calculated geometricmean from the actual data and the sampled
dispersion parameter. To generate the list of differentially expressed
genes, the first 100 genes out of the 1000 sampled genes were selected
with a treatmentmeanvalue equal to thegeometricmean from theoriginal
data, whereas the mean value of the control was a multiple of the geo-
metric mean (multiples of 2, 2.5, and 3 are reported). The calculated false
discovery rate (ratio of number of false positives over total number of
discoveries) and the power (ratio of true positives over the true number of
differentially expressed genes) of the DESeq2 procedure are reported in
Supplemental Data Set 2.

Evaluating the Additive and Multiplicative Models of
Gene Regulation

From the 5257 duplicate genes retained from the maize WGD (Schnable
et al., 2011) in each of the six time points in maize, gene pairs where both
copies were classified as differentially expressed in response to cold were
used to test bothmodels. The expression pattern of themaize1 gene under
control and cold stress conditions plus the expression of the maize2 gene
under control conditions was used to predict the expression of the maize2
gene under cold stress using both the additive and multiplicative models
defined in Figure 5B. The distance between the prediction from the additive
model and the observed valuewasdefined as “a,” the distance between the
prediction from themultiplicativemodel and theobservedvaluewasdefined
as “b,” and the predictions between the twomodels were defined as “c.” In
the relaxed case, gene pairs where the two models produced predictions
that were closer to each other than either was to the observed expression
valueof themaize2geneunder cold stresswereexcluded. That is, if c<aand
c<b, the multiplicative model works better than the additive model, while if
b<a and b<c, the additive model works better than the other model. In the
most stringentcase, genepairswhere the twomodelsproducedpredictions
thatwere less than twiceas large as thedifferencebetween thebettermodel
and the observed value were excluded (Supplemental Data Set 4). In other
words, if b>2a and b>c, the multiplicative model was considered to be the
better model; if c>2a and c>b, the additive model was considered to be the
better model. Analyses were also conducted reciprocally using data from
control and cold stress conditions in maize2 plus data from maize1 under
control conditions to predict the expression of the maize1 gene under cold
stress conditions.

Identifying DROs

DROs were identified using count data generated as described above and
an interaction term for species (maize or sorghum) and treatment (cold or
control) in DESeq2 (Love et al., 2014). Species (maize and sorghum) and
condition (cold and control) were considered to be two factors for design in
this analysis. Simulated data for CROs generated using additive and
multiplicative models were used to confirm that this approach did not
classify simulated CROs based on the multiplicative model as having
significant species-by-treatment interactions. The formula used was
as follows: design _ condition + genotype + condition: genotype. Maize
sorghum gene pairs with an interaction adjusted P value # 0.001 were
classified as DROs, those with interaction adjusted P value $ 0.05 were
classifiedasCROs, and thosewith intermediateP valuesweredisregarded
(Yoav and Yosef, 1995). The decision was made to retain an ambiguous
case of gene pairs with interaction P values too high to be classified as
DROs but too significant to be classified as CROs rather than increase the
number of classification errors by forcing all gene pairs to be assigned to
one category or the other.
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Calculating Ka/Ks Values

“Primary transcript only” coding sequences for maize (v6a), sorghum
(v3.1), and setaria (v2.2) were retrieved from Phytozome version 12.0. The
genemodel annotations v6a formaizewere annotatedonto theB73RefGen
v3 pseudomolecules. Coding sequences were translated to protein se-
quencesandalignedusingKalignversion2.04 (LassmannandSonnhammer,
2005). The protein alignment was used as a guide to create a codon level
alignment of coding sequences. The codon alignmentwas supplied to PAML
(version 4.09) (Yang, 2007). Synonymous and nonsynonymous substitution
rates were calculated independently for each branch of the tree. When
both maize1 and maize2 gene copies were present for the same syntenic
gene group, alignment and substitution rate calculations were conducted
separately for the maize1 gene and its syntenic orthologs in sorghum and
setaria and for the maize2 and the same syntenic orthologous genes. To
eliminate geneswith extremeKa/Ks ratios resulting fromvery lownumbers
of synonymous substitutions, only Ka/Ks ratios from genes with an esti-
matedsynonymoussubstitution rategreater thanor equal to0.05 (;1/2 the
median Ks ratio observed between maize and the most common recent
ancestor of maize and sorghum) were considered.

MNase HS Analysis

Intervals defined as MNase HSs were taken from Rodgers-Melnick et al.
(2016). ThesameTSSwasused forMNaseandRNA-seqanalysis.Average
coverage of MNase HS was calculated on a per-base basis from 1 kb
upstream of the annotated TSS to 1 kb downstream of the TSS. When
multiple transcripts with different TSSwere present, the transcript with the
earliest TSS was selected for analysis.

Identifying CNSs

CNSs were identified using the CNS Discovery Pipeline 3.0 (CDP) (Turco
et al., 2013) with some modifications. Specifically, the built-in syntenic
gene identification pipeline from theCDPwas replacedwith the previously
defined syntenic gene list described above. Functions for finding local
duplicates and comparing CNSs to Arabidopsis proteins and RNA were
omitted. CNSs were identified between the region 12 kb upstream and
12kbdownstreamusingawordsizeof 15bp.CNSswithbit scores for each
gene pair < 29.5 were removed following the same scoring parameter
settings outlined in the original software pipeline.

Transcription Factor Enrichment Calculation

Transcription factor enrichment was calculated using the maize tran-
scription factor list from GRASSIUS (Yilmaz et al., 2009).

GO Enrichment Analysis

GO analysis was performed using GOATOOLS (Haibao et al., 2015) and
functional additions associated with the sorghum v3.1 sorghum gene
model and maize RefGen-v3 maize gene model annotations.

Pathway Analysis

Pathway analysis was conducted using the MapMan software package
(http://mapman.gabipd.org/web/guest) (Usadel et al., 2009).

Accession Numbers

Gene IDs for all syntenic gene sets and the final syntenic gene list used in
this study are posted at figShare (http://dx.doi.org/10.6084/m9.figshare.
3113488.v1). Adapter sequences used for library construction and for
adapter trimming are those provided in Illumina TruSeq Library Prep
Pooling Guide, with sequences reported on page 5 of the user manual.
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Singh, V., Wrobel, N., Gharbi, K., Simpson, G.G., Owen-Hughes,
T., Blaxter, M., and Barton, G.J. (2016). How many biological
replicates are needed in an RNA-seq experiment and which differ-
ential expression tool should you use? RNA 22: 839–851.

Shantz, H. (1954). The place of grasslands in the earth’s cover. Ecology
35: 143–145.

Shaykewich, C. (1995). An appraisal of cereal crop phenology mod-
elling. Can. J. Plant Sci. 75: 329–341.

Singer, S.J., and Nicolson, G.L. (1972). The fluid mosaic model of the
structure of cell membranes. Science 175: 720–731.

Studer, A., Zhao, Q., Ross-Ibarra, J., and Doebley, J. (2011). Identifi-
cation of a functional transposon insertion in the maize domestication
gene tb1. Nat. Genet. 43: 1160–1163.

Swigonová, Z., Lai, J., Ma, J., Ramakrishna, W., Llaca, V., Bennetzen,
J.L., and Messing, J. (2004). Close split of sorghum and maize genome
progenitors. Genome Res. 14: 1916–1923.

Tenhaken, R. (2014). Cell wall remodeling under abiotic stress. Front.
Plant Sci. 5: 771.

Tiwari, S., Sl, K., Kumar, V., Singh, B., Rao, A.R., Mithra Sv, A., Rai, V.,
Singh, A.K., and Singh, N.K. (2016). Mapping qtls for salt tolerance in
rice (Oryza sativa L.) by bulked segregant analysis of recombinant inbred
lines using 50k snp chip. PLoS One 11: e0153610.

Torres-Oliva, M., Almudi, I., McGregor, A.P., and Posnien, N. (2016). A
robust (re-)annotation approach to generate unbiased mapping references
for RNA-seq-based analyses of differential expression across closely re-
lated species. BMC Genomics 17: 392.

Turco, G., Schnable, J.C., Pedersen, B., and Freeling, M. (2013).
Automated conserved non-coding sequence (CNS) discovery reveals
differences in gene content and promoter evolution among grasses.
Front. Plant Sci. 4: 170.

Usadel, B., Poree, F., Nagel, A., Lohse, M., Czedik-Eysenberg, A., and
Stitt, M. (2009). A guide to using MapMan to visualize and compare
Omics data in plants: a case study in the crop species, Maize. Plant Cell
Environ. 32: 1211–1229.

van Heerwaarden, J., Doebley, J., Briggs, W.H., Glaubitz, J.C., Goodman,
M.M., de Jesus Sanchez Gonzalez, J., and Ross-Ibarra, J. (2011).
Genetic signals of origin, spread, and introgression in a large sample of
maize landraces. Proc. Natl. Acad. Sci. USA 108: 1088–1092.

Vera, D.L., Madzima, T.F., Labonne, J.D., Alam, M.P., Hoffman, G.G.,
Girimurugan, S.B., Zhang, J., McGinnis, K.M., Dennis, J.H., and
Bass, H.W. (2014). Differential nuclease sensitivity profiling of chro-
matin reveals biochemical footprints coupled to gene expression and
functional DNA elements in maize. Plant Cell 26: 3883–3893.

Wallace, J.G., Larsson, S.J., and Buckler, E.S. (2014). Entering the second
century of maize quantitative genetics. Heredity (Edinb) 112: 30–38.

Wang, L., et al. (2014). Comparative analyses of C4 and C3 photo-
synthesis in developing leaves of maize and rice. Nat. Biotechnol. 32:
1158–1165.

Waters, A.J., Makarevitch, I., Noshay, J., Burghardt, L.T., Hirsch, C.N.,
Hirsch, C.D., and Springer, N.M. (2017). Natural variation for gene ex-
pression responses to abiotic stress in maize. Plant J. 89: 706–717.

Wendorf, F., Close, A.E., Schild, R., Wasylikowa, K., Housley, R.A.,
Harlan, J.R., and Krolik, H. (1992). Saharan exploitation of plants
8,000 years bp. Nature 359: 721–724.

Wu, T.D., and Nacu, S. (2010). Fast and SNP-tolerant detection of complex
variants and splicing in short reads. Bioinformatics 26: 873–881.

Wu, T.D., and Watanabe, C.K. (2005). GMAP: a genomic mapping and
alignment program for mRNA and EST sequences. Bioinformatics 21:
1859–1875.

Xu, G., Wang, X., Huang, C., Xu, D., Li, D., Tian, J., Chen, Q., Wang, C.,
Liang, Y., Wu, Y., Yang, X., and Tian, F. (2017). Complex genetic archi-
tecture underlies maize tassel domestication. New Phytol. 214: 852–864.

Yang, Z. (2007). PAML 4: phylogenetic analysis by maximum likeli-
hood. Mol. Biol. Evol. 24: 1586–1591.

Yilmaz, A., Nishiyama, M.Y., Jr., Fuentes, B.G., Souza, G.M.,
Janies, D., Gray, J., and Grotewold, E. (2009). GRASSIUS:
a platform for comparative regulatory genomics across the grasses.
Plant Physiol. 149: 171–180.

Yoav, B.Y., and Yosef, H. (1995). Controlling the false discovery rate:
a practical and powerful approach to multiple testing. J. R. Stat. Soc.
B 57: 289–300.

Zhang, W., Wu, Y., Schnable, J.C., Zeng, Z., Freeling, M.,
Crawford, G.E., and Jiang, J. (2012). High-resolution mapping of
open chromatin in the rice genome. Genome Res. 22: 151–162.

Zhang, Y., Ding, Z., Ma, F., Chauhan, R.D., Allen, D.K., Brutnell,
T.P., Wang, W., Peng, M., and Li, P. (2015). Transcriptional re-
sponse to petiole heat girdling in cassava. Sci. Rep. 5: 8414.

Gene Regulatory Changes between Maize and Sorghum 1951



DOI 10.1105/tpc.17.00354
; originally published online July 21, 2017; 2017;29;1938-1951Plant Cell
C. Schnable

Yang Zhang, Daniel W. Ngu, Daniel Carvalho, Zhikai Liang, Yumou Qiu, Rebecca L. Roston and James
Differentially Regulated Orthologs in Sorghum and the Subgenomes of Maize

 
This information is current as of August 22, 2018

 

 Supplemental Data
 /content/suppl/2017/07/30/tpc.17.00354.DC2.html
 /content/suppl/2017/07/21/tpc.17.00354.DC1.html

References
 /content/29/8/1938.full.html#ref-list-1

This article cites 74 articles, 19 of which can be accessed free at:

Permissions  https://www.copyright.com/ccc/openurl.do?sid=pd_hw1532298X&issn=1532298X&WT.mc_id=pd_hw1532298X

eTOCs
 http://www.plantcell.org/cgi/alerts/ctmain

Sign up for eTOCs at: 

CiteTrack Alerts
 http://www.plantcell.org/cgi/alerts/ctmain

Sign up for CiteTrack Alerts at:

Subscription Information
 http://www.aspb.org/publications/subscriptions.cfm

 is available at:Plant Physiology and The Plant CellSubscription Information for 

ADVANCING THE SCIENCE OF PLANT BIOLOGY 
© American Society of Plant Biologists



Largely unlinked gene sets targeted by selection for
domestication syndrome phenotypes in maize and sorghum

Xianjun Lai1,2 , Lang Yan1,3,4, Yanli Lu2 and James C. Schnable1,*
1Center for Plant Science Innovation and Department of Agronomy and Horticulture, University of Nebraska-Lincoln, NE

68588, USA,
2Maize Research Institute, Sichuan Agricultural University, Chengdu 611130, China,
3Laboratory of Functional Genome and Application of Potato, Xichang College, Liangshan 615000, China, and
4College of Life Sciences, Sichuan University, Chengdu 610065, China

Received 4 September 2017; revised 27 November 2017; accepted 4 December 2017; published online 19 December 2017.

*For correspondence (e-mail schnable@unl.edu).

Xianjun Lai and Lang Yan are the authors contributed equally to this work.

SUMMARY

The domestication of diverse grain crops from wild grasses was a result of artificial selection for a suite of

overlapping traits producing changes referred to in aggregate as ‘domestication syndrome’. Parallel pheno-

typic change can be accomplished by either selection on orthologous genes or selection on non-orthologous

genes with parallel phenotypic effects. To determine how often artificial selection for domestication traits in

the grasses targeted orthologous genes, we employed resequencing data from wild and domesticated

accessions of Zea (maize) and Sorghum (sorghum). Many ‘classic’ domestication genes identified through

quantitative trait locus mapping in populations resulting from wild/domesticated crosses indeed show sig-

natures of parallel selection in both maize and sorghum. However, the overall number of genes showing

signatures of parallel selection in both species is not significantly different from that expected by chance.

This suggests that while a small number of genes will extremely large phenotypic effects have been tar-

geted repeatedly by artificial selection during domestication, the optimization part of domestication tar-

geted small and largely non-overlapping subsets of all possible genes which could produce equivalent

phenotypic alterations.

Keywords: grasses, domestication, selection, parallel evolution, Zea mays, Sorghum bicolor.

INTRODUCTION

The characteristics of modern crops are the result of thou-

sands of years of artificial selection applied consciously or

unconsciously by farmers and plant breeders. An esti-

mated 2500 plant species have experienced some degree

of artificial selection, with approximately 10% of these

being domesticated to the point that the species depends

on humans for survival (Dirzo and Raven, 2003). Of the

hundreds of crops domesticated by human civilizations,

three species – rice, wheat and maize – provide more than

half of all calories consumed around the world. These

three crops all belong to the same family Poaceae (the

grasses), a clade that has contributed a total of at least 48

domesticated crop species to human civilization, including

at least 30 species domesticated as sources of grain

(Gl�emin and Bataillon, 2009). Artificial selection for grain

production produced a suite of shared phenotypic changes

in grain crops referred to as ‘the domestication syndrome’

(Harlan et al., 1973). Grain crop domestication syndrome

includes loss of seed shattering, increased apical domi-

nance, more uniform maturity across inflorescences and

across tillers, increase in size and/or number of inflores-

cences, larger seeds, greater carbohydrate content and

lower protein content per seed, and reduction or loss of

seed dormancy (Harlan et al., 1973). The genes involved in

producing domestication syndrome phenotypes can be

identified through two broad types of studies which are

sometimes referred to as ‘top-down’ and ‘bottom-up’

approaches (Ross-Ibarra et al., 2007).

Top-down approaches utilize quantitative genetic studies

to identify large-effect genes involved in producing the

changes associated with the domestication syndrome in

crop species that are interfertile with their wild progenitors.

In maize, an estimated five loci have large enough effects

on domestication traits to be mapped using conventional

quantitative trait locus (QTL) analysis (Doebley and Stec,
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1993). Of these loci, several have been mapped including

teosinte branched1 (tb1), where the allele selected for sig-

nificantly reduces the development of tillers (Clark et al.,

2004), teosinte glume architecture1 (tga1), where the allele

selected for abolishes the stony fruitcase surrounding teo-

sinte seeds (Dorweiler et al., 1993), and grassy tillers1

(gt1), where the allele selected for results in many fewer

ears per plant during domestication (Whipple et al., 2011;

Wills et al., 2013). In rice, many functionally characterized

genes that underlie phenotypic changes during the domes-

tication process have also been identified through QTL

mapping, such as Seed dormancy 4 (Sdr4), where the

allele selected for produces a reduction in seed dormancy

(Sugimoto et al., 2010), Tiller Angle Control1 (TAC1),

where the allele selected for decreases tiller angle, produc-

ing more photosynthetically efficient canopy architecture

(Yu et al., 2007), and betaine aldehyde dehydrogenase2

(BADH2), a loss-of-function allele selected for during the

domestication process that results in the accumulation of

2-acetyl-1-pyrroline in fragrant rice (Bradbury et al., 2005).

In contrast, bottom-up approaches use changes in the

diversity and frequency of haplotypes at particular regions

of the genome between populations of a crop species and

populations of wild relatives to identify loci which were tar-

gets of artificial selection. Notably, while quantitative

genetic evaluation of recombinant populations generally

identifies relatively small numbers of large-effect loci

responsible for many of the differences observed between

domesticated grain crops and their wild relatives, genome-

wide population genetic approaches generally identify

hundreds to thousands of loci as targets of selection dur-

ing domestication in the same species. A similar orders of

magnitude difference between candidate gene (top-down)

and selection scans (bottom-up) has been noted in other

systems, including studies of positive selection in humans

(Akey, 2009). Hufford and co-workers used resequencing

data from a set of 75 teosinte and maize lines to identify

484 regions of the maize genome likely to have experi-

enced selection during transition from wild teosintes to

maize landraces and another 695 regions likely to have

experienced selection during transition from largely tropi-

cal landraces to largely temperate elite lines (Hufford et al.,

2012). Huang and co-workers used genome resequencing

data of 1083 cultivated rice and 446 wild rice accessions to

identify 55 selection regions encompassed 2547 candidate

artificially selected genes during domestication from wild

to cultivated rice (Huang et al., 2012). In sorghum, a set of

725 genes which were likely the targets of artificial selec-

tion during domestication and/or crop improvement were

identified from resequencing of 44 lines of sorghum and

wild relatives (Mace et al., 2013). However, one critical lim-

itation of bottom-up approaches is that candidate genes

identified using these techniques will not initially be linked

to any specific phenotypic trait (Ross-Ibarra et al., 2007).

Parallel phenotypic changes which are part of the

domestication syndrome in grain crops could result from

parallel or lineage-specific changes at a molecular level. A

recently published study demonstrated the loss of seed

shattering resulted from disruption of the same gene in

maize, sorghum and rice (Lin et al., 2012). Heading Date1

is a major QTL controlling flowering time which shows evi-

dence of being under parallel artificial selection during the

process of domestication for sorghum, setaria and rice (Liu

et al., 2015). A flowering time QTL identified in a popula-

tion of wild 9 domesticated Setaria lines co-localizes with

a flowering time QTL identified at syntenic orthologous

locations in the genomes of maize and sorghum (Mauro-

Herrera et al., 2013). A significant number of candidate

genes associated with seed size exhibited signals of paral-

lel selection during domestication in maize, rice and sor-

ghum (Tao et al., 2017). However, not all parallel

phenotypic changes produced by artificial selection result

from parallel evolution at the molecular level. Artificial

selection for adaption to high altitudes in different maize

populations targeted largely unrelated sets of genes in

Mexican and Andean highland populations (Takuno et al.,

2015).

Here we focus on two grain crops, maize (Zea mays ssp.

mays) and sorghum (Sorghum bicolor ssp. bicolor). Maize

was domesticated from Balsas teosinte (Zea mays ssp

parviglumis) in Mesoamerica, with a center of origin in the

lowlands of southwestern Mexico (Van Heerwaarden et al.,

2011). Sorghum is believed to have first been domesticated

from broomcorn (Sorghum bicolor ssp. verticilliflorum) in

Ethiopia (Wendorf et al., 1992), with a potential second

independent domestication in west Africa (Sagnard et al.,

2011; Mace et al., 2013). The wild ancestors of these two

crops diverged approximately 12 million years ago

(Swigoˇov�a et al., 2004). Subsequent to the divergence of

these two lineages, maize experienced a whole-genome

duplication creating two functionally distinct subgenomes

– maize1 and maize2 – each of which is, in principle orthol-

ogous to the entire genome of sorghum (Schnable et al.,

2011). In some cases orthologs of a single sorghum gene

from both subgenomes are still present, creating a pair of

maize genes which are co-orthologous to a single sorghum

gene. In other cases the maize1 or maize2 gene copy was

lost from the genome after the whole-genome duplication,

restoring a 1:1 orthologous relationship between the two

species. Maize2 gene copies have been lost from the gen-

ome more frequently than maize1 gene copies, tend to be

expressed to lower mRNA levels and, on average, tend to

explain less phenotypic variation than maize1 gene copies

(Schnable and Freeling, 2011; Renny-Byfield et al., 2017).

The parallel set of phenotypic changes during domestica-

tion in these two species (Harlan et al., 1973), the high

degrees of conserved collinearity across grass genomes

(Bennetzin and Freeling, 1993; Moore et al., 1995) and the
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bias towards genes with detectable phenotypic effects

being conserved at syntenic locations across grass gen-

omes (Schnable, 2015) offer an opportunity to test the

hypothesis that the parallel phenotypic changes in maize

and sorghum resulted from artificial selection acting on

orthologous genes in both species.

We found that genes conserved at syntenic orthologous

locations in maize and sorghum were significantly more

likely to be targets of selection during domestication than

non-syntenic genes unique to one species. In maize,

domestication preferentially targeted genes on the domi-

nant maize1 subgenome rather than their retained dupli-

cates on the maize2 subgenome. Consistent with a much

earlier study of maize and sorghum QTLs controlling

domestication phenotypes (Paterson et al., 1995), genes

identified through quantitative genetic studies of domesti-

cation traits in one species were likely to show signatures

of selection in the other species. However, the overall over-

lap between genes identified using population genetic

methods in both species was only marginally greater than

expected by chance.

RESULTS

Population genetic datasets for both species

Maize and sorghum accessions were sampled from pub-

lished datasets (Chia et al., 2012; Mace et al., 2013; Luo

et al., 2016) (see Experimental Procedures and Table S1 in

the Supporting Information). After quality filtering to

remove low-quality single nucleotide polymorphisms

(SNPs) and those potentially representing alignments of

paralogous sequence elsewhere in the genome (see Exper-

imental Procedures), a total of 10.3 million segregating

SNPs in 56 maize accessions and 3.3 million segregating

SNPs in 42 sorghum accessions remained. These propor-

tions roughly correspond to the difference in genome size

between the two species (approximately 2.0 Gb for maize

and 700 Mb for sorghum); however, as much of the maize

genome is repetitive and cannot be uniquely identified

using short sequence reads, this is consistent with higher

overall levels of nucleotide diversity in maize relative to

sorghum. Also consistent with previous reports, wild rela-

tives had higher levels of nucleotide diversity (p = 0.00377

in maize and p = 0.00381 in sorghum), than both landraces

(p = 0.00338 in maize and p = 0.00242 in sorghum) and

improved inbreds (p = 0.00334 in maize and p = 0.00226 in

sorghum) (Table S3) (Hufford et al., 2012; Mace et al.,

2013).

Maize accessions were primarily collected in the Wes-

tern Hemisphere and sorghum accessions primarily from

the Eastern Hemisphere, with some exceptions in both

cases (Figure 1a). Wild relatives were primarily collected

near the centers of domestication: southwestern Mexico

for maize and central east Africa for sorghum. The

sorghum dataset also included data for a forage sudan-

grass line (Greenleaf: sweet sorghum 9 Sudan grass) from

North America. Among the maize lines, modern elite lines

and wild relatives each formed distinct clades (Figure 1b).

In sorghum, wild relatives formed a distinct clade; how-

ever, lines reported to be elite or landrace lines were inter-

calated, potentially as a result of distinct sorghum

breeding efforts developing lines for different agroclimac-

tic zones around the world (Figure 1c).

Genetic maps for both species were sourced from public

datasets. For maize, a genetic map was employed that

included 10 085 markers genotyped in a set of 232 recom-

binant inbred lines (RILs) from the maize IBM population

using tGBS (Zou et al., 2012; Ott et al., 2017) while for sor-

ghum a genetic map was employed which was constructed

from a set of 3418 markers genotyped in a set of 244 RILs

from a grain sorghum 9 sweet sorghum cross using rese-

quencing (Zou et al., 2012).

Genomic signals of selection in maize and sorghum

In each species, the identification of regions under selec-

tion was performed for three separate pairwise compar-

isons: landraces versus wild relatives (domestication),

improved lines versus landraces (improvement), and

improved lines versus wild relatives. The genome was

scanned with XP-CLR using a window size of 0.05 cM and

a step size of 1 kb (see Experimental Procedures) and each

gene was assigned the XP-CLR score of the highest scoring

bin that overlapped with the gene. Genes above the 90th

percentile of XP-CLR scores for a given pairwise compar-

ison were considered as candidate ‘under selection’ genes.

The set of gene annotations employed in this analysis

included 63 480 maize gene models and 34 027 sorghum

gene models. Thus, for each of the three possible pairwise

comparisons, 6348 genes in maize and 3403 genes in sor-

ghum were identified as candidates for selection (Fig-

ure S1). In both species, estimated selection coefficients

were higher during domestication (mean s = 0.06 in maize

and 0.047 in sorghum) than improvement (mean s = 0.045

in maize and 0.024 in sorghum).

Since 10% of genes were identified as candidates for

selection during domestication and 10% of genes were

identified as candidates for selection during improvement,

the overlap expected if these datasets are unrelated is 1%.

In fact, approximately 1% of all annotated maize genes

(620 genes) were in the top 10% in both comparisons, and

approximately 1% of all annotated sorghum genes (345

genes) were in the top 10% in both comparisons (Fig-

ure 2a-b). As expected, the set of candidate genes identi-

fied in the comparison of wild relatives and improved lines

showed significant overlap with both the domestication

and crop improvement candidate gene sets (Figure 2a).

Among a set of 112 classical maize mutants cloned using

forward genetics (Schnable and Freeling, 2011), 23 were
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identified as candidate genes under selection during

domestication and/or improvement (P-value = 0.0007,

Fisher exact test).

The maize and sorghum genetic maps are largely colli-

near (Moore et al., 1995); however, maize has experienced

a whole-genome duplication relative to sorghum, produc-

ing two functionally distinct subgenomes with differing

levels of gene expression, purifying selection and loss

rates for both genes and conserved regulatory sequences

(Schnable and Freeling, 2011; Pophaly and Tellier, 2015;

Lai et al., 2017). In a dataset of 14 433 genes conserved at

syntenic locations in sorghum and maize, 7041 genes are

conserved between sorghum and maize1 but lost from

maize2 and 3031 genes are conserved between sorghum

and maize2 but lost from maize1; the balance (4361 genes)

are present in all three genomes (Table S2) (Schnable

et al., 2016). The balance of the gene complement of each

species consists of non-syntenic genes, which are the

majority (57.6% and 70.4% for sorghum and maize, respec-

tively) of all annotated genes in both species. Genes with

known mutant phenotypes tend to be syntenic (Schnable

and Freeling, 2011), while non-syntenic genes tend to exhi-

bit greater allelic variation in gene regulation, and it has

been speculated that they may contribute to phenotypic

plasticity and heterosis (Paschold et al., 2014; Baldauf

et al., 2016; Li et al., 2016).

In sorghum, genes conserved at syntenic orthologous

locations between maize and sorghum were significantly

more likely to be identified as targets of selection in

all three pairwise comparisons (binomial testing P-value

< 1.0 9 10�6 for the domestication and improvement,

P-value = 0.0058 for the wild–improved comparison). In

maize, syntenic genes were significantly more likely to be

identified as targets of selection during domestication and

Figure 1. Geographic distribution and phylogenetic relationship of maize and sorghum accessions employed in this study.

(a) The geographic distribution of maize and sorghum accessions. Dots and triangles represent sorghum and maize, respectively. Colors represent membership

in different populations: improved lines (green), landraces (blue) and wild relatives (red).

(b), (c) Neighbor-joining (NJ) trees for maize accessions (b) and sorghum accessions (c). Taxa in the NJ tree are color coded using the same system as in (a).
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in the wild relative improved line comparison (P-value =
0.00024 and P-value = 1.0 9 10�6, respectively); however,

genes identified as targets of selection during the crop

improvement process were significantly more likely to be

non-syntenic genes (P-value = 0.0026) (Figure 2c).

In maize, selection candidates were also unevenly dis-

tributed between subgenomes. Maize1 genes were more

likely to be identified as candidates for selection during

domestication, both among genes retained as duplicate

pairs (1.499) and genes which fractionated to single copy

(1.249) (P-value = 0.00013 and P-value < 1.0 9 10�6,

respectively, binomial test) (Figure 2d). Fewer singleton

genes than duplicate gene pairs were identified as likely

to be under selection during domestication, while the

opposite pattern was observed for genes identified as

likely to be under selection during improvement; how-

ever, these differences were not statistically significant

(Figure S2).

Testing for parallel selection during domestication

In order to control for differences in gene content and

biases towards syntenic genes, new sets of candidate

genes were selected consisting of only genes above the

90th percentile for XP-CLR scores of syntenically conserved

genes in each species. Based on the percentage of genes

classified as domestication candidates in each species, in

the absence of parallel selection on the same genes during

domestication 189 gene pairs would be expected to be

identified as gene candidates in both species. Among

domestication candidate genes 196 gene pairs were identi-

fied independently in both species, slightly more than the

189 gene pairs expected in the absence of parallel selection

(determined via permutation testing). This difference of

seven genes was not statistically significant [false discov-

ery rate (FDR) < 0.27, permutations] (Figure 3a). The gene

exhibiting the strongest combined selection signal across

the two species GRMZM2G026024/Sobic.004G272100

encodes a phosphoribulokinase, an enzyme that catalyzes

a key step in carbon fixation as part of the Calvin cycle.

Comparison of genes under apparent selection in the

landrace versus elite comparison identified fewer pairs of

syntenic genes under parallel selection than during the

domestication (Figure 3b). This may be linked to a lower

proportion of the syntenic genes being under selection in

maize during the improvement process (Figure 2c). In the

case of genes under selection during crop improvement, a

total of 186 overlapping genes were expected but 174 were

observed (FDR < 0.85, permutations) (Figure 3b). In the

wild relatives versus elite comparison, 195 overlapping

gene pairs were identified and 188 were expected (FDR <
0.31, permutations) (Figure S3c).

The cut-off of genes in the 90th percentile of XP-CLR

scores was chosen somewhat arbitrarily. In order to test

whether the lack of a greater than expected overlap

between genes identified in maize and those identified in

sorghum was an artifact of the threshold score employed,

the analysis above was repeated using a range of per-

centile-based score thresholds from the 85th percentile to

the 99th percentile. None of these thresholds identified a

significant enrichment of gene pairs under selection in

both species relative to the expectations of the null hypoth-

esis (Figure S4a, b).

Figure 2. Summary information for candidate

genes under selection.

(a), (b) The number of candidate genes shared

among the three pairwise comparisons of popula-

tions in maize (a) and sorghum (b), respectively.

(c) The proportion of non-syntenic genes and syn-

tenic genes under selection in pairwise comparison

in maize and sorghum.

(d) Ratio of maize1:maize2 genes among genes

identified as selection candidates.

In (c) and (d) analysis was conducted separately for

singleton genes and duplicate genes. One asterisk

denotes cases which are significantly different at a

threshold of P < 0.01 and two asterisks denote

cases which were significantly different at a thresh-

old of P < 0.001. I, improved lines; L, landraces; W,

wild relatives. [Colour figure can be viewed at

wileyonlinelibrary.com].
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Another potential explanation is that the analysis above

was partially confounded as a result of the partially paired

data structure, with some sorghum genes paired with a

single maize syntenic ortholog and others paired with two

syntenic orthologs on opposite maize subgenomes. Sepa-

rate permutation tests were conducted using only maize1–
sorghum or maize2–sorghum gene pairs. Slightly more

gene pairs were identified as likely under selection during

improvement between maize1 and sorghum than expected

under the null hypothesis, and slightly fewer gene pairs

than expected were identified in the maize2 sorghum com-

parison. However, this bias was not large and was not

replicated in the comparison of genes identified as likely

under selection during domestication (Figure S4c-f).

While many phenotypic changes during domestication

appear to be shared between sorghum and maize – the

domestication syndrome referred to above – domestication

probably also involved selection on some traits only in one

species or the other. Therefore we also searched for signa-

tures of parallel selection between homeologous gene pairs

retained between the two subgenomes of maize, as these

genes experienced identical whole-plant-level artificial

selection during the domestication of maize. Thirty-eight

duplicate pairs under selection during domestication were

identified from 4362 pairs of retained maize duplicates

tested (Figure 3c) and only 34 duplicate pairs under parallel

selection during improvement were identified (Figure 3d).

There were fewer duplicate genes under parallel selection

during the improvement because of a smaller proportion of

syntenic genes under selection during this period. In both

cases, the number of gene pairs identified as likely under

parallel selection was lower than the expectation for

unlinked genes, but not by a statistically significant amount

(FDR < 0.88 and 0.80, permutations, respectively).

Another potential explanation for the absence of signifi-

cant overlap between genes appearing to have experi-

enced selection in maize and sorghum, or between the two

maize subgenomes, is simply that the dataset used or the

analysis method employed was invalid in some way. To

test this concern, we employed a positive control set of 16

maize genes with known and functionally validated links to

domestication phenotypes in maize described above

(Table 1). All 16 of these genes were indeed included in

the set of maize gene candidates identified through XP-

CLR analysis. In nine cases the sorghum orthologs of these

target genes were also identified as likely targets of artifi-

cial selection (P-value < 1.0 9 10�6, binomial test).

A set of 16 genes shown to exhibit functional variation

between maize and teosinte or between maize landraces

and improved lines for traits linked to domestication based

Figure 3. Comparison of scores for syntenic orthol-

ogous gene pairs. Comparison of scores for syn-

tenic orthologous gene pairs in the wild relatives/

landrace (a) and landrace/improved (b) lines XP-

CLR analyses of maize and sorghum as well as the

selection in duplicated maize genes during domes-

tication (c) and improvement (d). Red, blue, orange

and black dots (in (a) and (b)) mark gene pairs iden-

tified as putative selection candidates in both maize

and sorghum, only in sorghum, only in maize, or in

neither species, respectively. The triangles in (a)

and (b) show the classic domestication genes of

maize listed in Table 1. Red, blue, orange and black

dots (in c and d) mark gene pairs identified as puta-

tive selection candidates in both maize1 and

maize2, only in maize1, only in maize2, or in neither

subgenome, respectively.
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on single-gene or single-gene-family studies was assem-

bled (Table 1). Characterized genes showing signatures of

parallel selection in both maize and sorghum include the

previously reported sh1 gene involved in the loss of seed

shattering (Lin et al., 2012), genes involved in reshaping

plant architecture such as gt1, identified as a controller of

ear number in maize (Wills et al., 2013), and genes

involved in regulation of flowering time such as ELF4 and

GI (Bendix et al., 2015), as well as two important genes in

starch synthesis pathway, ss1 and sbe3 (Whitt et al., 2002;

Campbell et al., 2016). The tb1 gene, which is involved in

the repression of axillary branching in both maize (Doebley

et al., 1997) and sorghum (Kebrom et al., 2006), showed

signatures of parallel selection, and was identified as a

selection candidate in both maize and sorghum. However,

tb1 was not one of the strongest signals of selection, and

was not even found to be a candidate locus for selection

when mexicana teosinte lines were included as part of the

wild population (Hufford et al., 2012). A second TCP tran-

scription factor, belonging to the same gene family as tb1,

was identified as under parallel selection in sorghum,

maize1 and maize2 (Figure 4).

Functional roles of genes selected in parallel

A total of 1014 maize/sorghum syntenic gene pairs were

identified as under parallel selection, including both genes

under parallel selection in the same comparison (i.e. wild

versus landrance or landrace versus improved) or in oppo-

site comparisons in different species. These genes were

enriched in transcription factors relative to all syntenic

gene pairs in both sorghum (P-value = 8.70 9 10�4, Fisher

exact test) and maize (P-value = 3.50 9 10�5, Fisher exact

test), although the absolute enrichment is modest (1.369

and 1.469 for maize and sorghum, respectively) (Table S4).

To test whether genes identified as targets of selection

in both maize and sorghum exhibited parallel expression

patterns, we utilized a set of RNA-seq data generated from

homologous tissues in maize and sorghum, with a specific

focus on reproductive tissues (Davidson et al., 2011, 2012).

A total of 44 genes under apparent parallel selection exhib-

ited conserved patterns of reproductive tissue-specific

expression, with anther, embryo and endosperm being

represented at the highest frequency (Table S5). One gene

which showed strong parallel selective signals in sorghum

(Sobic.009G203900) and both maize subgenomes – maize1

(GRMZM2G074361) and maize2 (GRMZM2G109842) –
exhibited identical and highly specific expression patterns

in the anthers of both species (Figure S5). This gene is

annotated as the profilin 1 (PRF1) gene which encodes a

core cell-wall structural protein. Overall, no strong biases

towards either expression in specific reproductive tissues

or greater conservation of tissue-specific expression

among genes with statistical signatures of parallel selec-

tion were detected.

A total of 237 domestication candidate genes in sor-

ghum were involved in 112 annotated biochemical path-

ways, and 270 domestication candidate genes from the

18 794 syntenic genes of maize were involved in 113 anno-

tated biochemical pathways. A total of 69 pathways

overlapped between these two datasets, which was similar

to the 71 pathways predicted to overlap based on per-

mutations of orthologous relationships (FDR < 0.606,

Table 1 Well-characterized domestication genes in maize and their orthologs/homeologs

Gene
symbol Gene name

Gene ID in
sorghum Gene ID in maize1 Gene ID in maize2

sh1 Seed shattering1 Sobic.001G152901 GRMZM2G085873 GRMZM2G074124
gt1 Grassy tillers1 Sobic.001G468400 GRMZM2G005624 NoGene
tga1 Teosinte glume architecture1 Sobic.007G193500 NoGene GRMZM2G101511
tb1 Teosinte branched1 Sobic.001G121600 AC233950.1_FG002 AC190734.2_FG003
ra1 Ramosa1 Sobic.002G197700 GRMZM2G003927 NoGene
ELF4 Early flowering 4 Sobic.002G193000 GRMZM2G025646 NoGene
CCT Flowering time related Sobic.002G275100 GRMZM2G179024 NoGene
ohp2 Opaque2 zein storage protein

synthesis
Sobic.001G056700 GRMZM2G007063 NoGene

yab14 Yabby14 Sobic.006G160800 GRMZM2G054795 GRMZM2G005353
GI GIGANTEA Sobic.003G040900 GRMZM5G844173 GRMZM2G107101
zag2 Zea agamous2 Sobic.008G072900 GRMZM2G010669 GRMZM2G160687
bif2 Barren inflorescence2 Sobic.008G170500 GRMZM2G171822 NoGene
zfl2 Zea floricaula/leafy2 Sobic.006G201600 GRMZM2G180190 GRMZM2G098813
gln2 glutamine synthetase2 Sobic.001G116400 GRMZM2G024104 NoGene
sbe3 starch branching enzyme3 Sobic.006G066800 GRMZM2G073054 NoGene
c2 colorless2 Sobic.005G136200 GRMZM2G422750 GRMZM2G151227

Genes in red, cyan and black represent the genes identified as likely under selection during domestication or improvement phases, or not
showing evidence of selection in either process, respectively.
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permutations). For genes identified as candidates in the

landrace–improved line comparison, a total of 231 candi-

date genes from sorghum were annotated as being part of

128 pathways and 258 selection candidate genes from

maize were annotated as being part of 129 pathways. A

total of 80 pathways had at least one maize gene and one

sorghum gene under selection, which is moderately statis-

tically significant compared with the expected number of

overlapping pathways (FDR < 0.006, permutations). How-

ever, when analyzing gene pairs identified as under paral-

lel selection, a set of 141 gene pairs were annotated as

encoding enzymes which were involved in 89 different

metabolic pathways (Table S4). This was a significantly lar-

ger number of metabolic pathways than would be

expected given the overall number of gene pairs under

parallel selection (expectation = 78 pathways, FDR < 0.028,

permutations).

DISCUSSION

The high collinearity of genetic maps and gene content

among related grasses (Moore et al., 1995) makes it feasi-

ble to employ multiple grass species as a single genomic

system. Here we sought to test whether the parallel pheno-

typic changes produced by artificial selection as part of the

domestication syndrome in maize and sorghum resulted

from parallel molecular changes targeting orthologous

genes. However, as shown above, the number of genes

showing parallel signatures of selection during domestica-

tion in maize and sorghum was not significantly different

from the amount of overlap expected among random gene

sets. This result stands in contrast to reports on individual

large-effect genes where the same gene often appears to

have been a target during independent domestication in

different species (Lin et al., 2012; Liu et al., 2015), as well

as the finding here that genes with validated links to

domestication from single-gene studies in maize were

significantly more likely to also be targets of selection in

sorghum (Table 1).

A recent report that compared published results from

analyses of domestication in maize and rice reached a sim-

ilar result, with only 65 orthologous gene pairs being

shared between a set 969 genes identified as candidate tar-

gets of selection in maize and 1526 gene pairs identified as

candidate targets of selection in rice (Gaut, 2015). How-

ever, that study also identified a number of limitations in

their analysis, including the relatively high linkage disequi-

librium (LD) in rice, and the potential for selection for dif-

ferent traits during domestication in the two species given

the large differences in growth habit between modern rice

and maize cultivars. It was also noted that this analysis

used candidate gene sets identified by different research

groups using different sets of parameters, and even within

the same species different scans for positive selection can

identify different sets of candidate genes (Akey, 2009). Here

we employed data from two more closely related species

with similar, and low, levels of LD and greater similarities

of plant architecture and growth habit as well as conduct-

ing a reanalysis starting from raw SNP calls in order to

ensure balanced and equivalent approaches to identifying

candidate genes in both species. However, we also found

an absence of parallel selection on orthologous genes at a

whole-genome level between maize and sorghum.

Figure 4. An example of evidence of selection on a TCP gene in maize and sorghum.

(a) Cross-population composite likelihood ratio test plot showing selection on partial regions of genomes in sorghum, maize1 and maize2. The red line repre-

sents the location of an orthologous TCP gene on the chromosomes.

(b) Gene model of syntenic TCP genes in sorghum, maize1 and maize2. The blue and green boxes represent the untranslated regions and exons.

(c) Level of nucleotide diversity (p) in the objective population (red) and background population (blue). [Colour figure can be viewed at wileyonlinelibrary.com].
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However, as with the previous comparison between

maize and rice, the analyses presented above come with a

number of important caveats. The first caveat comes from

the differences in the domestication process between the

two species. Maize was domesticated from teosinte

approximately 9000 years ago in what appears to have

been a single event (Piperno et al., 2009; Van Heerwaarden

et al., 2011). Improved maize lines used in this study were

largely drawn from temperate elite varieties adapted to

North America. In contrast, sorghum appears to have been

domesticated independently at least twice (Mace et al.,

2013), and the improved sorghum lines used here were

drawn from separate breeding efforts aimed at developing

improved cultivars for African, Australian and North Ameri-

can climates. Parallel domestication and independent crop

improvement efforts in sorghum are likely to reduce the

statistical power to identify genes which are targets of

selection, both because different haplotypes of the same

genes may have been targets of selection during distinct

domestication or crop improvement efforts and because

different domestication and crop improvement efforts may

have targeted different genetic loci. While the statistical

approach employed by XP-CLR to identify signatures of

selective sweeps is a significant advance over previous

approaches in that it can detect both ‘hard’ sweeps, where

a single beneficial haplotype at a given locus rapidly

increases in frequency as a result of selection, and ‘soft’

sweeps, where multiple pre-existing haplotypes provide

the same fitness advantage, either as a result of recombi-

nation or independent origins (Hermisson and Pennings,

2005; Przeworski et al., 2005), the statistical signatures of

soft sweeps remain more difficult to detect. Sweeps which

reflect selection in only a subset of a group of germplasm,

for example genes under selection in elite North American

sorghum lines but not in elite Australian germplasm, are

also likely to be missed by the current analysis. The repro-

ductive habits of the two species may also have altered the

relative contributions of standing genetic variation, likely

to contribute to soft sweeps, and novel mutations, likely to

contribute to hard sweeps, to the domestication syndrome

in maize and sorghum. Under field conditions outcrossing

rates for sorghum have been reported to be in the range of

7–18% (Dj�e et al., 2004; Barnaud et al., 2008), while teo-

sinte outcrossing rates can reach ~97% (Hufford et al.,

2011). The high outcrossing rate of wild teosinte may have

allowed tolerance of alleles with a wider range of pheno-

typic consequences, producing a deeper pool of standing

functional genetic variation than would have been present

in more inbred wild sorghum plants.

The observation that in maize, but not in sorghum, non-

syntenic genes were enriched among genes targeted for

selection during crop improvement was unexpected. One

potential explanation is the relative importance of hybrid

breeding and heterosis for these two crops. The absolute

size of the effect of heterosis for maize yield has remained

constant while the inbred yield values have increased (Sch-

nell, 1974). The effect of heterosis on yield in early maize

single-cross hybrids was 300% in 1930s crosses, and in rel-

ative terms has slowly decreased to 100% in relative terms

(Duvick, 2005a). In contrast, in sorghum, the increase in

yield resulting from heterosis is generally of the order of

40% (Duvick, 1999; Mindaye et al., 2016). Non-syntenic

genes are more likely to exhibit presence–absence varia-

tion across different maize lines (Swanson-Wagner et al.,

2010; Schnable et al., 2011) and to display non-additive

expression (Paschold et al., 2014). Both presence–absence
variation and non-additive expression have been specu-

lated to contribute to heterosis. The greater emphasis on

heterosis and contribution to yield of heterosis in maize

relative to sorghum may therefore have resulted in a

greater proportion of artificial selection targeting non-syn-

tenic genes in maize.

One final assumption in the analyses presented here is

that selection during domestication truly did target the

same phenotypic traits in both maize and sorghum. While

this should generally be the case, selection during crop

improvement has differed between these two species in at

least one key phenotype: selection for higher yield in maize

has resulted in indirect selection for decreased tassel size

(Duvick, 2005b), while selection for decreased head size in

sorghum would presumably be detrimental to yield. As a

partial control for the potential explanation, namely that

the lack of identified overlap between maize and sorghum

resulted from selection for different traits during domesti-

cation in these two species, we also compared patterns of

selection between conserved homeologous genes in the

different maize subgenomes. These genes started out with

equivalent functional roles prior to the maize whole-gen-

ome duplication, and experienced the same selective pres-

sures during domestication and crop improvement.

However, we also failed to identify any statistically signifi-

cant correlation between genes identified as targets of

selection between the two subgenomes. Another explana-

tion, that selection targeted different genes in the same

pathways, also failed to find support in this study; how-

ever, it should be noted that improved annotations of bio-

chemical and transcriptional pathways may produce a

different result in the future. Finally, the re-identification of

many genes from a set of positive control genes previously

identified through top-down approaches as playing a role

in domestication provided a validation that the statistical

methods, software implementations and genomic datasets

employed do indeed have the power to identify genes

which were targets of selection during domestication and

crop improvement.

The observation that the few maize domestication genes

characterized in conventional single-gene genetic studies

were much more likely to also be identified as
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domestication candidates in sorghum (Table 1) suggests

that the genes involved in domestication may fall into a

two-tier system. A few large-effect genes appear to have

been repeatedly targeted to create the domestication syn-

drome in multiple grain crops (Lin et al., 2012; Liu et al.,

2015). As described previously, strong and relatively recent

selection should rapidly identify and fix a small number of

large-effect alleles which may have pleiotropic conse-

quences, while a range of different smaller-effect alleles at

other genetic loci are then selected to fine tune the effect

size and mitigate any negative pleiotropic effects of the ini-

tial large-effect alleles (Orr, 1998). Studies of the genetic

architecture of different traits inferred to be under selection

or largely neutral characters during domestication and

crop improvement in maize and maize–teosinte RIL popu-

lations have produced findings consistent with this model

(Wallace et al., 2014; Xu et al., 2017).

Here we propose that the initial, large-effect alleles

selected for during selection for domestication syndrome

traits in grain crops are drawn from a constrained pool of

genes, and therefore orthologous genes are more likely to

be selected for in parallel across multiple grain crops. In

contrast, the set of small-effect genes which fine-tune

domestication rates and mitigate potentially deleterious

pleiotropic effects of large-effect alleles may be drawn

from a much larger pool and would thus exhibit little

repeat sampling of the same orthologous genes across

different domesticated grasses. Alternatively, these fine-

tuning genetic changes may more frequently be drawn

from standing genetic variation, resulting in more soft

sweeps or incomplete sweeps, reducing the statistical

power to consistently identify these genes in repeated sta-

tistical trials across different species. Indeed, simulation

studies suggest that small-effect loci are more likely to

become fixed during selection if they originate from stand-

ing genetic variation than from novel mutations (Hermisson

and Pennings, 2005). An additional potential confounding

variable is that the mutational target space – defined as the

number of potential mutations at a given locus which pro-

duce alleles with the same phenotypic outcome – may well

vary between genes with larger and smaller phenotypic

effects. A larger mutational target space at a given locus

increases the probability that the response to artificial

selection during domestication will result from a multi-

ple-origin soft sweep and reduces the potential to identify

the locus as a target of selection using bottom-up popula-

tion genetic approaches (Hermisson and Pennings, 2017).

The decreasing cost of whole-genome sequencing and

resequencing, and the large number of different grain

crops that have experienced parallel selection for domes-

tication syndrome phenotypes, should enable more rigor-

ous tests of this model in the near future incorporating

data from syntenic orthologous genes across many differ-

ent species.

EXPERIMENTAL PROCEDURES

Data collection and preliminary polishing

The maize and sorghum whole-genome resequencing data used
in this study were taken from Hapmap2 (Chia et al., 2012) and
SorGSD (Luo et al., 2016), respectively. SNPs that scored as
heterozygous in 3.0% of accessions in the maize Hapmap2 and
sorghum dataset were removed prior to analysis. A subset of
maize accessions was selected and separated into three groups:
30 improved lines, 19 landraces and 7 wild relatives (Table S1).
Data from a total of 42 sorghum accessions were obtained, includ-
ing 17 improved lines, 18 landraces and 7 wild relatives
(Table S1). SNPs with missing rates of >50% in either species, or
with heterozygous calls in any of the remaining samples, were
discarded, resulting in a final dataset consisting of 10.3 million
SNPs in maize and 3.3 million SNPs in sorghum.

Population genetics analysis

The genetic distance between individuals was first calculated
using a 0.1% subset of the total SNP set constructed by sampling
every 1000th SNP position along each chromosome for a total of
10 286 SNPs in maize and using a 0.2% subset of the total SNP set
constructed by sampling every 500th SNP position along each
chromosome for a total of 6719 SNPs in sorghum.

Neighbor-joining trees were constructed for the accessions of
each species using Phase (Jow et al., 2002) and Phylip v3.696
(Felsenstein, 1981) with default parameters. The resulting phylo-
genetic trees were visualized using Figtree v1.4.3 (http://tree.bio.e
d.ac.uk/software/figtree/). Nucleotide diversity (p) values were
calculated for each species with non-overlapping windows of 10
kb using an in-house Perl script (https://figshare.com/articles/Ta
jima_D_pl/5544484). Reported p values are the average of all geno-
mic windows.

Syntenic gene identification

A pan-grass syntenic gene set using the sorghum genes as refer-
ence was download from figshare (Schnable et al., 2016). When
multiple sorghum genes were identified as syntenic orthologs of
the same gene in maize – a result that can be produced by tandem
duplication events in sorghum – the tie was broken using a sepa-
rate dataset of syntenic orthologous genes using the Setaria italica
genome as a reference. This resulted in a final set of 14 433 sor-
ghum genes paired with a syntenic ortholog in either the maize1
subgenome (11 402 gene pairs) and/or the maize2 subgenome
(7392 gene pairs), including 4361 sorghum genes with syntenic
co-orthologs on both maize subgenomes (Table S2).

Genome-wide scan for selection

To identify genes affected by selection during domestication in
maize and sorghum, genome-wide scans for signals of selection
were conducted using a cross-population composite likelihood
approach (XP-CLR) [Chen et al., 2010; updated by Hufford et al.
(2012) to incorporate missing data], based on the allele frequency
differentiation between target and reference populations. This
approach was employed in three separate pair wise comparisons:
wild relatives versus landraces, landraces versus improved lines
and wild relatives versus improved lines.

Recombination rates in maize and sorghum were measured
using high-density genetic maps constructed using RILs from
biparental crosses in maize (Ott et al., 2017) and sorghum (Zou
et al., 2012). Genetic maps were transferred to the more recent
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versions of the maize and sorghum genomes used in this analysis
(B73 RefGen v3 and v3.1, respectively). The transfer was per-
formed using the two genes flanking the marker (when the marker
was in a non-coding region) or the single gene the marker was
located in. For each pseudomolecule in maize, a ninth-order poly-
nomial curve was fitted to the genetic and physical coordinates of
all markers presented on chromosomes, and genetic positions for
each marker were reassigned based on the value predicted for the
genetic and physical position of the marker and the polynomial
formula.

The same parameters were employed for XP-CLR analysis for
maize and sorghum. A 0.05-cM sliding window with 1000-bp
steps across the whole-genome scan was used for scanning.
Individual SNPs were assigned a position along the genetic map
based on the polynomial fitting curves in maize and by assum-
ing uniform recombination between pairs of genetic markers in
sorghum. The number of SNPs assayed in each window was
fixed at 100 and pairs of SNPs in high LD (r2 > 0.75) were
down-weighted.

To obtain XP-CLR scores for each gene, each gene was
assigned a window starting 5 kb upstream of its annotated tran-
scription start site and extending to 5 kb downstream of its anno-
tated transcription stop site. The maximum XL-CLR score among
all the XL-CLR intervals within this window was assigned to the
gene.

Testing for enrichment of genes selected in parallel

Gene pairs were considered to be under selection if a sorghum
gene and at least one maize syntenic ortholog were both identi-
fied as being under selection. To determine the optimal cut-off
for testing the enrichment of syntenic genes under parallel
selection, a series of cut-offs from 85% to 99% were used in the
analysis. At each cut-off the number of gene pairs under selec-
tion in both species were recorded and compared with the num-
ber of gene pairs identified when orthologous relationships
between maize and sorghum were shuffled using a permutation
test repeated 100 times.

Gene annotation and enrichment analysis

Maize and sorghum GO annotations were retrieved from Phyto-
zome (https://phytozome.jgi.doe.gov/). The maize transcription
factor (TF) lists were downloaded from Grassius (http://grassius.
org/grasstfdb.html). Metabolic pathway lists were downloaded
from the Gramene (ftp://ftp.gramene.org/pub/gramene/pathways/).
Annotated enzyme name and the corresponding pathways for
these genes were obtained by searching the pathway list.

A set of 1000 permutations was used to calculate the expected
number of pathways in the same number of random genes in the
R package to examine whether maize and sorghum genes under
selection were significantly more likely to be present in the same
pathways than expected if selection was unlinked.
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ABSTRACT Pearl millet is a non-model grain and fodder crop adapted to extremely hot and dry
environments globally. In India, a great deal of public and private sectors’ investment has focused on
developing pearl millet single cross hybrids based on the cytoplasmic-genetic male sterility (CMS) system,
while in Africa most pearl millet production relies on open pollinated varieties. Pearl millet lines were
phenotyped for both the inbred parents and hybrids stage. Many breeding efforts focus on phenotypic
selection of inbred parents to generate improved parental lines and hybrids. This study evaluated two
genotyping techniques and four genomic selection schemes in pearl millet. Despite the fact that 6· more
sequencing data were generated per sample for RAD-seq than for tGBS, tGBS yielded more than 2· as
many informative SNPs (defined as those having MAF . 0.05) than RAD-seq. A genomic prediction scheme
utilizing only data from hybrids generated prediction accuracies (median) ranging from 0.73-0.74 (1000-
grain weight), 0.87-0.89 (days to flowering time), 0.48-0.51 (grain yield) and 0.72-0.73 (plant height). For
traits with little to no heterosis, hybrid only and hybrid/inbred prediction schemes performed almost equiv-
alently. For traits with significant mid-parent heterosis, the direct inclusion of phenotypic data from inbred
lines significantly (P , 0.05) reduced prediction accuracy when all lines were analyzed together. However,
when inbreds and hybrid trait values were both scored relative to the mean trait values for the respective
populations, the inclusion of inbred phenotypic datasets moderately improved genomic predictions of the
hybrid genomic estimated breeding values. Here we show that modern approaches to genotyping by
sequencing can enable genomic selection in pearl millet. While historical pearl millet breeding records
include a wealth of phenotypic data from inbred lines, we demonstrate that the naive incorporation of this
data into a hybrid breeding program can reduce prediction accuracy, while controlling for the effects of
heterosis per se allowed inbred genotype and trait data to improve the accuracy of genomic estimated
breeding values for pearl millet hybrids.
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Pearl millet [Cenchrus americanus (L.)Morrone; Syn. Pennisetum glau-
cum (L.) R. Br.] is able to grow on infertile and marginal soils under
limiting soil moisture conditions and high soil temperatures. It is a
climate resilient species, and is one of the most widely grown millets
globally Ramya et al. (2017). Pearl millet can thrive in arid environ-
ments, and successfully set seed at temperatures above 40�, which
would kill the pollen/stigmas of many other grain crops Gupta et al.
(2015). Pearl millet can also tolerate infertile andmarginal soils, limited

soil moisture, and high soil temperatures. While most pearl millet pro-
duction in Africa utilizes open pollinated varieties, Indian pearl millet
production now makes extensive use of hybrid seed generated using
three line cytoplasmic-genetic male sterility systems (CMS) Hanna
(1989). Three line CMS systems employ female lines which carry male
sterile cytoplasm and non-restoring nuclear gene(s) (A-lines), main-
tainer lines carry an identical nuclear genome to each A-line in a
compatible fertile cytoplasm, resulting in male fertile plants (B-lines)
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and are able to maintain the male sterility of A-line, and pollinator/
male lines which carry dominant nuclear restorer of fertility gene(s)
(R-lines).

Plant breeding for hybrid crops requires generating and testing large
numbers of hybrids under different field conditions. Performing crosses
togenerateF1hybrids is a labor intensiveprocess.Top-crossingbetween
B- and R-lines can reduce the amount of labor required per cross, but
only in crossing schemes where many female lines are being crossed to
one or a few male lines. Evaluating each new hybrid across field trials
with several environments also requires significant time and resources.
As a result, methods for selecting parental inbred lines and determining
which crosses are likely to yield the best hybrids is a critical part of crop
improvement. In pearl millet, a widespread approach has been used to
evaluate the phenotypes of new potential inbred parents as a first pass
screen of their potential in hybrid breeding programs.

Traditionally, mid-parental values have been a common way to
predict performance of hybrids on the basis of inbred values, combined
with estimates of General Combining Ability (GCA) in cases where
phenotypes cannot be scored in parental lines or individuals directly
Gowda et al. (2013); Xing et al. (2014); Mühleisen et al. (2015). How-
ever, for traits where significant heterosis exists, the phenotypes of
hybrids can vary significantly from what would be predicted through
the use of mid-parent values and estimated GCA. In these cases, it can
be necessary to estimate Specific Combining Ability (SCA) values for
each potential cross. The incorporation of genetic markers can improve
the accuracy with which both GCA and SCA can be predicted by
enabling the sharing of data across multiple tested lines carrying com-
mon haplotypes Schrag et al. (2007). When applied to sets of genetic
markers across the whole genome, this process is referred to as genomic
prediction (GP), which can be used to implement breeding programs
based on estimated breeding values from genome wide sets of markers,
a process know as genomic selection (GS).

Approximately 90-100 pearl millet hybrids are currently cultivated
on about 5million hectares in India Yadav et al. (2016). Both public and
private sector organizations, including 30-40 seed companies, perform
thousands of test-crosses each year. Resulting hybrids are then evalu-
ated over multiple years and multiple locations to identify small num-
bers of new hybrids with superior performancewhich can bemarketed/
released for cultivation. The high investment of time and resources into
initial hybrid evaluation would benefit significantly from the use of GP/
GS to exclude many potential test crosses which can be discarded as
unlikely to outperform existing hybrids prior to field evaluation, re-
ducing the vast number of crosses which must be performed and
evaluated.

The use of GP/GS to obtain estimated breeding values have been
widely evaluated and employed in inbreeding crops such as wheat
Poland et al. (2012), barley Zhong et al. (2009), rice Spindel et al.
(2015). In crops where production is based upon hybrids, genomic

prediction for single-cross hybrid performance are only starting to
appear in the public sector literature Technow et al. (2014); Kadam
et al. (2016), although genomic predictions for hybrid performance
across populations all crossed to a single common tester are more
common Windhausen et al. (2012); Albrecht et al. (2014). Pearl millet
presents an intriguing opportunity in that both hybrid and open pol-
linated production systems are widely employed, and phenotypic data
are thus available from both hybrids and inbred R- andB- lines. A-lines,
being male sterile, do not produce grain when grown in isolation.

Here we evaluated two potential genotyping strategies – RAD-seq
Miller et al. (2007) and tGBS Ott et al. (2017) to characterize a set of
inbred pearl millet lines developed by ICRISAT in Hyderabad, India,
and then evaluated the utility of GP/GS to predict optimal hybrid
combinations among possible combinations of these inbreds using a
scheme trained using phenotypic data collected from hybrid trials
alone, inbred trials alone, or both.

MATERIALS AND METHODS

Field Traits
Field trialswere conductedat four locations in India, spanning two agro-
ecological zones (A- and B- zone, having rainfall of.400mm/annum)
of pearl millet cultivation. The Hisar and Jamnagar sites fall within the
A zone of pearl millet cultivation in northwest India, while Dhule and
Patancheru are located in the B zone of pearl millet cultivation in
southern (peninsular) India Gupta et al. (2013). While pearl millet is
also grown in the A1 zone - highly drought prone areas with less than
400 mm of rainfall per year - the majority of hybrid pearl millet is
confined to the A and B agroecological zones. Data were collected from
320 hybrids and 37 inbreds at field trials in four locations in 2015 in
India (Dhule: N20.90�,E74.77�; Patancheru: N17.53�,E78.27�; Jamna-
gar: N22.47�,E70.06� and Hisar: N29.10�,E75.46�). In CMS system,
A-lines are sterile and hence will not produce grain when grown in
isolation. Therefore, genotyping and phenotyping were conducted on
non-sterile B-lines carrying the same nuclear genome as A-lines in a
compatible cytoplasm, rendering them male fertile. Lines in plots were
grown in an alpha lattice design with two replicates and 28 15-plot
blocks in each location. Each block included two common control
lines/hybrids (ICMH 356 and 9444) and 13 experimental lines. Hybrid
plots were randomly assigned to the first 25 blocks of each replicate,
and inbred plots were randomly assigned to the last three blocks of each
replicate (Experimental design, plot distribution and recorded pheno-
types was provided in FigShare https://figshare.com/articles/pearl_
millet_genomic_selection_field_layout/5969230).

Phenotype measurement
Phenotypic traits scored include days to 50% flowering (days), plant
height (centimeters), grain yield (kilograms/hectare), and 1000-grain
weight (grams). The criteria used to measure each of these four traits
were as follows. 1) Plant height (centimeters): Plant height for a given
plant wasmeasured fromwhere themain stemmeets to soil to the tip of
the panicle of the primary tiller at the time of harvest. For each plot, five
randomplantswere randomly selected for heightmeasurements and the
mean value of these five measurements was reported; 2) Days to 50%
flowering (days): Days to flowering was measured as the time between
the planting date and the date at which at least 50% of plants within a
given plot exhibited the initiation of stigma emergence on the panicle of
their primary tiller; 3) 1000 seedweight (grams): 200 seedswere counted
out from the pooled grain collected from a given research plot, weighed,
andmultipliedby a factor of 5 todetermine 1000 seedweight (grams); 4)
Grain yield (kilograms/hectare): For each entry, all panicles within a
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given a plot were harvested at physiological maturity, and these panicles
were sun dried for 10 to 15 days and then threshed for grain yield.
Planting density and plot size varied across locations, but for each
location the total yieldwasmultiplied by the number of plots per hectare
to estimate the final yield per hectare.

DNA extraction and library construction
Thirty to thirty five seeds from each inbred line were sown in a four inch
pot in a darkroom at ICRISAT�s Patancheru. The pots were maintained
at a temperature between 18� and 25�. Etiolated leaf tissues were har-
vested eight days after planting. Pooled leaf tissue from 20 to 25 seedlings
per line was collected for DNA extraction. DNA was extracted using a
modified DNA extraction method described by Mace et al. (2003). The
DNA was stained by 5 ng/ml of ethidium bromide and checked us-
ing 0.8% (w/v) agarose gel electrophoresis in Tris-acetate-EDTA (TAE)
buffer for 1 h at 90Vwith visualization under ultraviolet (UV) light. tGBS
sequencing libraries for 192 B-lines and 192 R-lines were prepared fol-
lowing the protocol outlined in Ott et al. (2017). RAD-seq libraries for a
set of inbreds including all but 12 of the lines genotyped using tGBS were
constructed as described in Varshney et al. (2017). RAD-seq libraries
were sequenced using an HiSeq 2000 and tGBS libraries were sequenced
using an Ion Proton (Table 1).

SNP calling and filtering
Raw sequence data obtained from both genotyping strategies was
analyzed using the same analytical pipeline to enable accurate compar-
isons between the two. Raw reads were aligned to the pearl millet
reference genome (v1.1 Varshney et al. (2017)) using default settings
of GSNAP Wu and Nacu (2010).

After alignment, SNPs were called using the software package
123SNP Yu et al. (2012) ignoring the first and end 3bp of aligned reads.
After ignoring the first and last 3 bp of each read, polymorphic sites
were determined using the following criteria: 1) 5 aligned reads cover-
ing the position in the genome; 2) PHRED quality greater than 20.
Genotype calls for individual samples were determined in the following
fashion. The genotype for a given SNP marker in a given sample was
determined to be homozygous if the site was covered by 5 aligned reads
from that individual samples and one allele had a frequency.0.9. The
genotype for a given SNP marker in a given sample was determined to
be heterozygous if the site was covered by 5 reads, at least 90% of the
reads support the twomost frequent alleles, at least two reads supported
the two most frequent alleles, and both alleles had a frequency .0.2.
Any cases which did not satisfy the conditions for either a homozygous
or heterozygous SNP call were treated as missing data.

The initial set of SNPswasfiltered to exclude any SNP sitemore than
two alleles were identified, sites where only one genotype call was
present, sites where more than 10% of samples with genotype calls
heterozygous, sites where the minor allele was not identified in at least
5 samples, and sites where,20% of individuals had a genotype call for
the site. These sets of filtered SNPs were used to calculate missing data
rate (# of samples withmissing data / total sample), heterozygosity (# of
samples with heterozygous genotype calls / (# samples with homo-
zygous genotype calls + # of samples with heterozygous geno-
type calls)) and minor allele frequency ((2·# of samples with
homozygous minor allele genotype calls) + # of samples with het-
erozygous genotype calls) / 2 · total sample without missing sam-
ple). Then they were imputed using Beagle (Version: 16-06-2016).
The filtered but unimputed and imputed SNP sets used in this paper
have been uploaded to FigShare (https://doi.org/10.6084/m9.fig-
share.5566843.v1). Genetic markers with low MAFs (Minor Allele
Frequency) are frequently removed prior to quantitative genetic
analysis Tabangin et al. (2009). In downstream analysis, only SNPs
with MAF larger than 0.05 were employed.

Projecting Hybrid Genotypes
Hybrid genotypes for each possible combination of an A/B-line and an
R-line were derived from genotypes of the corresponding parental
inbred lines. If both parental lines were homozygous for the same allele
at a givenmarker, the F1 progeny received the same genotype call at that
marker. If the parental lines were homozygous for opposite alleles at a
given marker, the F1 progeny received a heterozygous genotype call at
that marker. If either parent was genotyped as heterozygous at a given
marker was treated as having a genotype of (parent 1 genotype + parent
2 genotype)/2 on a scale of 0 to 2, where 0 is a genotype call of
homozygous reference allele, and 2 is a genotype call of homozygous
non-reference allele.

Phenotype calculation
A linear mixed model was used to estimate the best linear unbiased
prediction (BLUP)for thephenotypic traitsof inbredandhybrid lines. In
the model, genotype (G), location (L), genotype by location interaction
(G·L), replication (R) and block (B) were treated as random effects.

In addition, the calculated variance of factors were used to estimate
broad-sense heritability ðH2Þ using the following formula (from
Holland et al. (2003)):

H2 ¼ VG

VG þ VG·L=NL þ Ve=ðNR ·NLÞ (1)

n Table 1 Comparison between RAD-seq and tGBS genotyping technologies

RAD-seq tGBS

Total number of samples genotyped 372 384
Sequencing platform Paired-end Single-end

Illumina HiSeq 2000 Ion Proton
Average (Median) Reads/Sample after QC 12,221,976 (12,097,256) 1,793,300 (1,365,265)
Average (Median) Sequence/Sample after QC 965,295,176 (955,561,340) 195,057,311 (146,026,776)
Average (Median) missing rate / SNP 41.39% (41.67%) 58.65% (63.02%)
Average (Median) Proportion Het Calls / SNP before imputation 2.05% (0.42%) 4.12% (3.82%)
Average (Median) Proportion Het Calls / SNP after imputation 1.63% (0.53%) 4.72% (2.86%)
Average (Median) MAF / SNP before imputation 1.89% (1.18%) 11.69% (5.43%)
Average (Median) MAF / SNP after imputation 1.24% (0.67%) 10.37% (3.26%)
Total SNPs 649,067 73,291
SNPs with MAF .0.05 after imputation 15,306 32,463
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where NL is the number of locations and NR is the number of repli-
cates. VG; VG·L and Ve represent the variance of the studied pheno-
types controlled by genotype (G), interaction between genotype and
environment (G·E) and residual factors.

In the analysis presented in Figure 2A, variance attributed to residual
includes bothVe as well as block and replicate variance. A customized R
package (available at: https://jyanglab.github.io/g3tools/) was used to
perform the above analyses.

Themid-parentheterosis for eachtraitwascalculated fromtheBLUP
values using the following formula:

Yhybrid 2
�
Yfemale þ Ymale

��
2�

Yfemale þ Ymale
��
2

(2)

Genomic selection and cross-validation
BLUP values for lines with genotypic information – either direct gen-
otyping for inbred lines or projected genotypes for hybrids – were used
as training data for genomic prediction. For each approach described in
results, predictions were conducted using the implementation of
RR-BLUP (Ridge Regression Best Linear Unbiased Prediction) in the
R-package rrBLUP Endelman (2011). The genomic prediction model
was represented as:

y ¼ mþ
Xk

i¼1

xigi þ e (3)

where y is the matrix of BLUPs of all individuals, m is the overall
mean, k is the total number of SNPs, xi is the ith SNP genotype, gi is
the effect for ith SNP and e is the residual.

For each trait, randomly selected subsets of SNPs ranging from64 (26)
to 16,384 (214) plus total projected hybrid SNPs were tested. For each
subsampled set of SNPs, the individuals were divided into 5 groups, and
five separate genomic prediction analyses were conducted, using four of
the five groups as training data and the remaining group as testing data.
The mean correlation coefficient across these five sub-predictions was
treated as a single estimate of the accuracy of the prediction model for
estimates of accuracy and standard deviation.

The creation of the five individual sub-predictions varied somewhat
across the four different prediction schemes described below (Figure 1).
For each set of parameters with each scheme, a total of 20 sets of fivefold
of cross-validation were performed. Thus, for each number of SNPs for
each trait, a total of 20 · 5 = 100 sets of predictions were made. In
scheme 1 (M1), the total set of genotyped and phenotyped inbreds was
divided into five equal groups. Each sub-prediction used four of these
five groups to predict phenotypic values for all genotyped and pheno-
typed hybrids. Scheme 2 (M2) utilized conventional five fold cross
validation where the total set of genotyped and phenotyped hybrids
was divided into five equal groups, and each sub-prediction used train-
ing data from four of the five groups to predict the remaining 20% of
the data. The other two schemes utilized the same system as scheme 2,
with the addition of all genotyped and phenotyped inbreds to the
training dataset for all five subpredictions which either used BLUPs
calculated across all individuals (M3A) or BLUPs calculated separately
for inbred and hybrid populations (M3B).

To assess the accuracy of predictions for hybrids where one or more
parents are completely unobserved, one B-line and one R-line were
selected as “hold out” parents, and all hybrids which had either of these
lines as a parent were excluded prior to the division of the remaining

data into five groups. Each sub-prediction consisted of training the
model using the hybrids four of these the five groups, and then predict-
ing the genomic estimated breeding values of the hybrids with a “hold
out” parent. Relative to the analysis without hold-out parents, predic-
tion accuracy in this scenario decreased modestly and variance in pre-
diction accuracy increased dramatically (Figure S2). Finally, all hybrids
with genotype and genotype data were used to train a model that then
produced genomic estimated breeding values for all 36,864 possible
hybrid (Figure S3).

Data availability
The authors affirm that all data necessary for confirming the conclusions of
this article are represented fully within the article and its tables and figures.
Supplemental material available at Figshare: doi: https://doi.org/10.6084/
m9.figshare.5969230; doi: https://doi.org/10.6084/m9.figshare.5566843.

RESULTS

Phenotype analysis
Phenotypic variance was partitioned into four components: genotype
(G), environment (E), interaction between genotype and environment
(G·E), residual (R). For each trait, the pattern of relative contribution
of each of these factors was roughly similar between inbred and hybrid
pearl millet populations (Figure 2A). Plant height was the trait with the
greatest proportion of variance explained by purely genetic factors,
while flowering time had the great proportion of variance explained
by environments. As expected, grain yield had the highest residual
value, making this critical trait the most difficult to predict accurately
using quantitative genetic models. Broad sense heritability – i.e., the
proportion of total variance in trait values explained by genetic factors –
for grain yield, plant height, flowering time and 1000-grain weight were
estimated to be 0.60, 0.86, 0.88 and 0.74 respectively for pearl millet

Figure 1 Four approaches taken to training and testing genomic
prediction schemes. Scheme 1 (M1) uses different sets of 4/5s of the
inbred phenotypic data to build a model which is tested by comparing
predicted and measured traits for all hybrids. Scheme 2 (M2) is
conventional fivefold cross validation, where the hybrids tested are
divided into five equal parts, and the genomic estimated breeding
values for hybrids in each are predicted using a model trained with the
other four parts of the dataset. Scheme 3A (M3A), follows the same
strategy outlined for M2, with the the training set extended to include
the phenotypic and genotypic data for the inbred lines from M1.
Scheme 3B (M3B) follows the same strategy as M3A but normalizes for
the separate mean trait values of the inbred and hybrid populations
prior to combining them into the training dataset.
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hybrids and 0.72, 0.92, 0.88 and 0.74 for inbreds. However, caution
should be used in interpreting differences between the inbred and
hybrid heritability values, given the large difference in the number of

individuals between the two populations. BLUP values were calculated
for these four traits (see methods). Each trait exhibited an approxi-
mately normal distribution (Figure 2B). Heterosis can be defined in

Figure 2 (A) Proportion of phenotypic variance explained
by genotype, location (considered as a environmental
factor), genotype by location (GxE) interaction for either
inbred pearl millet lines or hybrid pearl millet lines. (B)
Phenotype investigation of four studied traits in pearl
millet population. ��� p value of the significance of this
correlation is # 0.001, �� p value of the significance of this
correlation is # 0.01 and � p value of the significance of
this correlation is# 0.05; (C) Distribution of observed mid-
parent heterosis for each of the four traits scored in this
study.
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different ways but the definition employed here is mid-parent heterosis
which is the degree to which the measured trait values of hybrids tend
to exceed the average of measured values for the same trait in both
parents. Mid-parent heterosis was observed for all four traits with
median values of 8% (flowering time), 15% (1000-grain weight), 37%
(plant height) and 84% (grain yield) (Figure 2C). Note that the direct of
effect for heterosis was reversed for flowering time. This is consistent
with studies in maize which indicate that hybrid tend to flower earlier
than their parents Dickert and Tracy (2002).

Characteristics of the tGBS and RAD-seq datasets
A total of 4,550 million barcoded RAD-seq reads were generated on an
Illumina HiSeq 2000, for an average of 12.2 million reads per sample.
tGBS librarieswere sequenced using seven IonProton runs, generating a
total of 810million raw reads included584millionof barcoded reads, for
an average of 2.1 million reads per sample.

After aligning to the pearl millet reference genome and quality
filtering (See Methods), 649,067 polymorphic SNPs were identified
using RAD-seq data and 73,291 SNPs were identified using tGBS data.
As expected given the different subsets of the genome targeted by these
two technologies Miller et al. (2007); Ott et al. (2017), there was
only minimal overlap between the two methods with only 439 SNPs
identified and scored by both technologies. The missing data rates for
RAD-seq genotypes exhibited a bimodal distribution while tGBS geno-
types exhibited a unimodal distribution skewed toward high missing
data rates. RAD-seq genotyping was much less likely to genotype sites
as heterozygous, which may reflect a difference in the technologies, or
may be explained by the observation that many SNPs identified by
RAD-seq had low minor allele frequencies, while tGBS SNPs, tended
to have higher minor allele frequencies (Figure 3). A more detailed

comparison of the outcomes of RAD-seq and tGBS genotyping is pro-
vided in Table 1. Downstream analyses utilized only those SNPs with
MAF.0.05 from each dataset (15,306 RAD-seq SNPs and 32,463 tGBS
SNPs).

Evaluating the accuracy of genomic prediction
Theabilityof genomicpredictionusingprojectedhybridgenotypes from
both genotyping methods was then assessed for each phenotype using
cross validation. For each tested set of SNPs, 20 random rounds of
fivefold cross validation were performed. The median correlation co-
efficient of 1000-grain weight, days to flowering time, grain yield and
plant height using all available SNPs was 0.73, 0.89, 0.51 and 0.72 for
RAD-seq and 0.74, 0.87, 0.48 and 0.73 for tGBS (Figure S1). The
differences inpredictionaccuracies observed for the twomethods, either
utilizing random sub-sampling of equal numbers of SNPs for each
dataset or all SNPs obtained using each genotyping method were not
statistically significant (student’s t-test).

Comparison of prediction models
Four different approaches (see Methods) to genomic prediction were
evaluated to test whether inbred phenotypic data can add value to
genomic prediction as part of a hybrid breeding program. Scheme M1,
which used trait trait from inbreds to predict genomic estimated
breeding values of hybrids performed the worst of all four approaches
for all four phenotypic traits tested. Notably, the rank of traits by mid-
parent heterosis had a perfect negative correlation with the rank of the
traits by phenotypic prediction accuracy using inbred parent training
data. Scheme 2 (M2) produced a significant increase (P , 0.05) in
accuracy relative to the scheme 1 (M1) for all four phenotypes, al-
though, consistent with its high residual values when fitting the original

Figure 3 Distribution of missing data rates (A, D), heterozygosity (B, E), and minor allele frequency (C, F) for SNPs identified and scored in either
the RAD-seq or tGBS dataset. A-C summarize raw SNP data prior to imputation. D-F show densities for the same characteristics subsequent to
imputation. However, no missing sites were left after imputation, hence panel D is blank. Dashed line in C & F indicates the cut off of MAF = 0.05
for SNPs which were utilized in downstream genomic prediction.
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BLUP, the accuracy of prediction for yield was the lowest of the four
phenotypes (Figure 4). Scheme 3A (M3A), which merged phenotypes
from both inbred parents and hybrid trials to predict hybrid trials
performed equivalently to scheme 2 (M2) for 1000-grain weight
(1kwt) and flowering time (D2F), the two traits with the lowest degree
of mid-parent heterosis. However, for traits with significant amounts of
mid-parent heterosis (grain yield and plant height), adding inbred
parent phenotype data to the prediction model either provided no
benefit (plant height, P = 0.17) or significant decreases in predic-
tion accuracy (grain yield, P = 0.09e-2) compared to a purely hybrid
phenotype data training set. Scheme 3B (M3B), which, instead of
employing absolute trait values for inbreds and hybrids, summarized
phenotypes as the differences between the predicted trait value for a
given inbred or hybrid line and the mean trait value for either all
hybrids or all inbreds (Figure 5D), performed approximately equal
to, or sometimes marginally better than M2 (hybrid only scheme).
An additional 1,000 permutations of fivefold cross validation were
conducted for scheme 2 (M2) and scheme 3B (M3B) using the “All
SNPs” dataset. The increase in prediction accuracy in M3B relative to
M2 was statistically significant for two out of four traits tested: flower-
ing time (P = 6.00e-4), and grain yield (P = 5.03e-9).

Increases in prediction accuracy coming from increasing numbers of
markers tended to plateau at smaller total marker numbers for scheme
1 (M1which is inbredonly) thanfor scheme2 (M2which ishybridonly),
with scheme 3 (M3 which is inbreds plus hybrids) was intermediate
between the two. However, even 64 (26) random SNPs provided

significant (P , 0.05) predictive ability for all traits and all schemes
tested. The relatively small set of inbred parents used to create the set
of hybrids tested as part of this analysis may have resulted in inflated
apparent prediction accuracies for each trait. When using a hold-two-
parents out approach to segregating hybrids with common parentage
between the training and testing datasets (see Methods), accuracy
was lower and standard deviations of prediction accuracy were higher
(Figure S2), indicating that our estimates of prediction accuracy are likely
to be optimistic relative to the ability to predictions for hybrids where one
or both parents have not previously served as parents for tested hybrids.

Finally, grain yield and time to flowering were predicted for every
possibleF1hybridbetweenagenotypedA/B-line andagenotypedR-line
in thedataset.Within thispredictionspace, thehighest yieldingpotential
hybrids tend to be associated with somewhat longer flowering times
defining a production possibility frontier for the trade off between
growing season length and yield among the pearl millet hybrids which
could be generated using the inbred germplasmgenotyped as part of this
study (Figure S3).

DISCUSSION
Here we found that the naive integration of trait data collected from
inbred lines into genomic prediction for a hybrid breeding program can
actually reduce prediction accuracy, particularly for traits exhibiting
significant heterosis. However, controlling for the effect of heterosis per
se by calculating BLUPs separated for inbred and hybrid lines elimi-
nated this negative impact on prediction accuracy and could in fact

Figure 4 Prediction accuracy for each of four phenotypes scored in this pearl millet population employing the four schemes outlined in Figure 1
using tGBS SNP calls. Scheme 3A (M3A) employed absolute predicted trait values for inbreds and hybrids to train a genomic prediction model,
while scheme 3B (M3B) employed predicted trait data for inbreds and hybrids calculated relative to the separate mean trait values for inbred and
hybrid lines.
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increase prediction accuracy for some traits relative to predicting using
data from hybrid lines alone. In addition we found prediction accuracy
was equivalent for SNPs generated through either RAD-seq or tGBS.
Given the greater number of high MAF (.0.05) SNPs generated per
million reads with tGBS, this methodology is likely to be more cost
effective in the context of many genomic selection based breed-
ing programs. In addition, the more rapid turn-around time enabled
by Ion Proton sequencing (�4 hr) relative to Illumina HiSeq
2000 (�8 days for 2x100 sequencing) increases the feasibility the uti-
lizing genomic prediction to guide real time breeding decisions. How-
ever, it should also be noted that there is nothing inherent about either
the RAD-seq or tGBS protocol which prevents the adaptation of either
protocol to sequencing using either instrument.

Longer growing seasonswill generally – in the absence of constraints
from temperature, or resources abundance – result in more total fixed
carbon Dohleman and Long (2009). Whether this increase in carbon
fixation results in an increase in yield depends, among other factors on
harvest index, the partitioning of carbon between vegetative and re-
productive development. In our data, grain yield displayed only weak
correlations with flowering time (Figure 2B). Grain yield and plant
height show a strong positive correlation with each other which is
not what would be expected based on models of carbon partitioning.
One potential explanation is that, in small plot trials with substantial
height variation among accessions, tall plots can shade shorter plots if
the experimental design is not blocked by height. This shading effect
produces an apparent yield penalty for short accessions which does not
translate to larger scale yield trials or commercial production. However,
there may also be significant room to improve the yield and resource
use efficiency of pearl millet through selection for improved harvest
index. A second explanation is loci responsible for tolerance of heat and
or drought stress are segregating in the population, sensitive genotypes
are likely to exhibit both stunted growth and low grain yields, as pearl

millet is grown in marginal soils and high levels of abiotic stress (high
temperatures and water constraint).

As described above, we found that the naive incorporation of inbred
genotype and trait information into training datasets decreased pre-
diction accuacy for high heterosis traits. In Figure 5, we propose amodel
to explain this finding.When BLUP values for a trait with a high degree
of heterosis are calculated in a population containing a mix of inbred
and hybrid individuals, most inbreds will be assigned negative BLUP
scores and most hybrids postive BLUP scores (Figure 5A). Distribu-
tions of allele frequencies will vary between inbred and hybrid popu-
lations. As a result, inbred individuals may be relatively more common
among the population of individuals with AA or BB genotypes. Alleles
more common in inbred individuals relative to hybrid individuals will
tend to be assigned a more negative or less positive effect value by a
genomic prediction model trained with a mixed hybrid/inbred popu-
lation than by a genomic prediction model trained on a purely hybrid
or purely inbred population (Figure 5B Figure 5C). Calculating BLUPs
separately for inbred and hybrid individuals removes this source of bias
in the training data by centering the distributions of both inbred and
hybrid individuals (Figure 5D).

Consistent with earlier studies in maize, we found that inbred trait
valuesalonewerepoorpredictorsofhybridperformance,particularly for
yield e Gama and Hallauer (1977); Smith (1986), although the pre-
diction values in scheme 1 (M1), trained only on inbred data were at
least statistically significantly greater than zero (P , 0.05). Here we
found that when using a conventional additive genomic prediction
model (RR-BLUP), traits with higher median heterosis (grain yield
and plant height) experienced a decrease in prediction accuracy when
inbred data were naively incorporated into the training dataset (M3A).
Segregating BLUP means for inbreds and hybrids (M3B) statistically
significantly moderately enhanced prediction accuracy for grain yield
(P = 5.03e-9) and flowering time (P = 6.00e-4), compared to a scheme

Figure 5 A proposed model for
the decrease in genomic pre-
diction accurary for high het-
erosis traits when inbred
individuals are introduced into
training populations. A) Distribu-
tion of BLUP scores for yield for
populations of hybrid and inbred
individuals based on a combined
BLUP analysis. B) Distribution of
scores for a hypothetical marker
having an equally large effect
size in inbred and hybrid individ-
uals. When allele frequencies
differ between these popula-
tions, and the ratio of hybrid to
inbred individuals may vary be-
tween the groups of individuals
with genotype AA or with geno-
type BB. C) Distribution of scores
for a hypothetical marker with no
effect on trait value. D) Distribu-
tion of BLUP scores for yield for
populations of hybrid and inbred
individuals based on a separate
BLUP analysis for hybrid and in-
bred individuals.
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which excluded phenotypic data from inbred parents (M2). While
statistically significant, the absolute values of the increases in prediction
accuracy are moderate: flowering time (M2: 0.87, M3B: 0.87) and grain
yield (M2: 0.50, M3B: 0.52). Yield was both the most difficult trait to
predict, and the trait where the inclusion of inbred trait data provided
the largest increase in prediction accuracy. In this study the number of
inbred lines for which genotypic and phenotypic data were available
was quite small. Even in scheme 3B, inbred lines made up less than 15%
of the training dataset. Given that extensive inbred trait datasets exist
for pearl millet, it may be that the incorporation of genotypic and
phenotypic data from larger numbers of inbred lines would produce
a larger absolute increase in prediction accuracy. As inbred lines
must be grown prior to the production of hybrid seed, the collection
of trait data from these lines comes at relatively low cost, and may
have additional value when integrated into training datasets which
also include genotypic and phenotypic data from a sample of hybrid
lines.

Even small numbers of selected SNPs can achieve relatively high
prediction accuracy in this pearlmillet population. The implementation
of a hybrid GS/GP guided pearl millet breeding program has the
potential to significantly improve the efficiency of breeding efforts
(Figure 4). However, it must be noted that in our training set the high
representation of haplotypes drawn from 33 common parental lines
produces close relationships between sub-sampled training and testing
populations, and this could also be a reason to explain why a smaller
number set of SNPs can reach plateaus in accuracy for genomic pre-
diction of some studied traits. As a result, our estimates of model pre-
diction accuracy are likely inflated relative to predictions on unrelated
populations Isidro et al. (2015). To expand the applicability of this
genomic prediction model to a wider pearl millet genomic selection
assisted breeding program, it will be necessary to incorporate data from
a hybrids derived from a broader genetic basis.
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ABSTRACT

Artificial selection has produced varieties of domesticated maize which thrive in temperate climates around the world. However,

the direct progenitor of maize, teosinte, is indigenous only to a relatively small range of tropical and sub-tropical latitudes and

grows poorly or not at all outside of this region. Tripsacum, a sister genus to maize and teosinte, is naturally endemic to the

majority of areas in the western hemisphere where maize is cultivated. A full-length reference transcriptome for Tripsacum

dactyloides generated using long-read isoseq data was used to characterize independent adaptation to temperate climates in

this clade. Genes related to phospholipid biosynthesis, a critical component of cold acclimation on other cold adapted plant

lineages, were enriched among those genes experiencing more rapid rates of protein sequence evolution in T. dactyloides. In

contrast with previous studies of parallel selection, we find that there is a significant overlap between the genes which were

targets of artificial selection during the adaptation of maize to temperate climates and those which were targets of natural

selection in temperate adapted T. dactyloides. This overlap between the targets of natural and artificial selection suggests

genetic changes in crop-wild relatives associated with adaptation to new environments may be useful guides for identifying

genetic targets for breeding efforts aimed at adapting crops to a changing climate.

Keywords: parallel evolution, adaptation, cold tolerance, maize, crop wild relatives

Significance Statement

Corn was domesticated in Central America and is very sensitive to cold and freezing temperatures. Eastern gamagrass is a

close relative of corn, is native to prairies throughout the United States, east of the rocky mountains, the region we now call the

corn belt and can survive the winter. We compared rates of protein sequence evolution across the same genes in seven grass

species to identify genes likely to be involved in adapting gamagrass to life in the corn belt. We identified a specific metabolic

pathway likely involved in cold and freezing tolerance and also found that many of the same genes were targets of selection

when humans started developing new varieties of corn to grow in temperate North America.

Introduction

The common ancestor of maize and Tripsacum dactyloides was adapted to a tropical latitude, yet today domesticated

maize and wild T. dactyloides both grow in large temperate regions of the globe. The adaptation of tropical maize landraces to

temperate environments required changes to flowering time regulation and adaption to new abiotic and biotic stresses [1]. As

both a leading model for plant genetics and one of the three crops that provides more than one half of all calories consumed by

humans around the world, maize (Zea mays ssp. mays) and its wild relatives have been the subject of widespread genetic and

genomic investigations. The closest relatives of maize are the teosintes, which include the direct wild progenitor of the crop (Z.

mays ssp. parviglumis) as well as a number of other teosinte species within the genus Zea (Table 1). Outside the genus Zea, the

closest relatives of maize are the members of the sister genus Tripsacum (Figure 1A-H). Together, these two genera form the

subtribe Tripsacinae within the tribe Andropogoneae [2]. Despite their close genetic relationship, some species of the genus

Tripsacum are adapted to a much wider range of climates than wild members of the genus Zea (Figure 1).
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The direct progenitor of maize, Z. m. parviglumis, is confined to a relatively narrow native range that spans tropical and

subtropical areas of Mexico, Guatemala, Nicaragua and Honduras [3]. Other species and subspecies within the genus Zea are

also largely confined to the same geographic region [4, 3]. In contrast, T. dactyloides is widely distributed through temperate

regions of both North and South America [5, 6], largely mirroring the distribution of modern agricultural production of maize

in the western hemisphere. The common ancestor of Zea and Tripsacum is predicted to have been adapted to tropical latitudes

[5, 7, 8]. Therefore, the study of how natural selection adapted T. dactyloides to temperate climates represents an informative

parallel to the adaption of maize to temperate climates through artificial selection. T. dactyloides is also a potential source of

insight into the genetic changes responsible for traits such as disease and insect resistance, drought and frost tolerance, many of

which are targets for maize improvement [9, 10, 11].

Until recently, molecular sequence data for Tripsacum species was largely been generated to serve as an outgroup for

molecular evolution studies in maize (as reviewed [12]). As part of Hapmap2, 8x short read shotgun data generated from T.

dactyloides [9], additional low pass genomic data has been generated for several other species in the Tripsacum genus [13],

and recently, Illumina transcriptome assemblies of two species in the genus Tripsacum – T. dactyloides and T. floridanum

became available [11]. Here we employ PacBio long-read sequencing to generate a set of full length transcript sequences from

T. dactyloides. Using data from orthologous genes in maize, T. dactyloides, Sorghum bicolor, Setaria italica, and Oropetium

thomaeum, a set of genes with uniquely high rates of nonsynonymous substitution in T. dactyloides were identified. We show

that a surprisingly large subset of these genes are also identified as targets of selection during artificial selection for maize lines

adapted to temperate climates. A specific metabolic pathway identified through this method – phospholipid metabolism – is

linked to cold and freezing tolerance in other species and we demonstrate that the metabolic response of this pathway to cold

stress shows functional divergence between maize and T. dactyloides .

Results

Sequencing and analysis of full-length T. dactyloides transcripts

PacBio Iso-seq of RNA isolated from a single Tripsacum dactyloides plant grown from seed collected from the wild in

eastern Nebraska (USA) was used to generate 64,326 HQ consensus sequences (See Supplemental Results; Table S1). These

sequences were aligned to the maize reference genome, which identified 24,616 isoforms corresponding to 14,401 annotated

maize gene models (See Supplemental Results; Table S2). A total of 1,259 high quality consensus sequences from T. dactyloides

failed to map to maize reference genome, which was generated from the maize inbred B73. This number is roughly consistent

with another report of 1,737 T. dactyloides transcripts which lack orthologs in the maize genome [11]. Sequences which lacked

apparent homologs in the maize reference genome were aligned to NCBI’s RefSeq plant database. Two-hundred-and-sixty-three

of these sequences aligned to genes from other grass species such as Sorghum bicolor, Setaria italica, Oryza sativa (Table S3).

These genes may either represent genes missed when generating the maize reference genome assembly [14], genes present

within the maize pan-genome but absent from the specific line used to generate the maize reference genome [15], or genes

present in the common ancestor of maize and T. dactyloides but lost from the maize lineage sometime after the Zea/Tripsacum

split. As a partial test of these different models, these sequences were aligned to the published genome sequence of a second
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maize inbred (PH207) [16]. Only four of these sequences aligned to the PH207 genome, indicating that the majority of this

population of sequences are more likely to represent losses from the maize linage sometime after the Zea/Tripsacum split,

rather than genes left out of the maize reference genome assembly [14] or genes present within the maize pan-genome but

absent from the specific line used to generate the maize reference genome [15].

Patterns of alternative splices observed between multiple T. dactyloides transcripts which aligned to the same maize genes

followed similar patterns to those identified in studies of alternative splicing in maize based on either short read or long read

technology (see supplemental results). However, despite greater sequencing depth and sampling a wider range of tissues, maize

Iso-seq dataset did not identify alternative splicing events corresponding to the specific alternative splicing events identified in

T. dactyloides in 85.7% of cases (2,447 of 2,856 orthologous genes). This result is consistent with the rapid divergence of most

AS patterns between even closely related species (see Supplemental Results).

Identification of T. dactyloides genes experiencing rapid protein sequence evolution

A total of 6,950 groups of orthologous genes present in seven grass species were identified using the tripsacum-maize

orthologous relationships (see supplemental results), plus an existing dataset of syntenic orthologous genes across six grass

species with known phylogenetic relationships (Figure 2A) [17]. These groups included consisted of 4,162 one-to-one, 1,436

one-to-two and 1,352 two-to-two orthologous gene sets due to the WGD event shared by maize and T. dactyloides. The overall

distribution of synonymous substitution (Ks) values for branches leading to individual species scaled with branch length (Figure

2B). However, while Zea and Tripsacum are sister taxa, the average maize gene showed more synonymous substitutions than

the average T. dactyloides gene. In 1,775 cases the branch leading to T. dactyloides had the highest Ka/Ks ratio of all branches

examined and in 1,114 the branch leading to maize had the highest Ka/Ks ratio (Figure 2C, Figure S2). This bias towards more

gene groups showing the highest Ka/Ks values in maize or T. dactyloides rather than showing the highest values sorghum,

foxtail millet, or oropetium, as well as the presence of more extremely high outlier values in these two species (Figure 2C),

likely results from the fact that Ka/Ks ratios are based on a smaller absolute counts of substitutions per gene along shorter

branches and therefore exhibit greater variance. In the analyses below, the set of genes experiencing accelerated rates of protein

sequence evolution in maize were used as a control set for any analysis of patterns observed in fast evolving T. dactyloides

genes.

Genes with signatures of rapid evolution in T. dactyloides tended to be associated with the functional annotations ”stress

response” and ”glycerophospholipid metabolic process”, whereas fast-evolving genes in maize were enriched in the functions

microtubule cytoskeleton organization, nutrient reservoir activity and ATPase activity. Figure 3A illustrates the distribution of

Ka/Ks ratios in T. dactyloides and maize for genes where the branch leading to one of these two species exhibited the highest

Ka/Ks ratio among the five species examined. Multiple fast-evolving genes involving in cell response to stimulus and stress had

extremely high Ka/Ks ratios (> 1) in T. dactyloides, consistent with positive selection for increased abiotic stress tolerance in

T. dactyloides relative to maize and other related grasses. The annotated functions of the maize orthologs of T. dactyloides

genes experiencing accelerated protein sequence evolution include cold-induced protein, drought-responsive family protein,

salt tolerance family protein, etc. (Table S4).
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The phospholipid metabolic pathway is a specific focus of accelerated protein sequence evolution in T.

dactyloides

In the process of identifying T. dactyloides genes that might experience accelerated evolution for temperate climate

adaptation, we noticed multiple genes annotated as participating in the phospholipid metabolism pathway where the highest

Ka/Ks ratio for that gene were observed in the branch leading to T. dactyloides. While several genes in this pathway also showed

signs of accelerated evolution in maize, the bias towards high rates of protein sequence change in T. dactyloides was dramatic

(Figure 3A). Using log-transformed Ka/Ks values, genes in the phospholipid biosynthesis pathway exhibited a significantly

higher range of Ka/Ks values than the background set of other genes (p-value = 1.87e-04). In contrast, maize genes in the

same exhibited significantly lower Ka/Ks values than background maize genes (p-value = 2.38e-04). Comparing the ratio of

Ka/Ks values for between same genes in both maize and T. dactyloides, genes in the phospholipid biosynthesis pathway showed

significantly higher ratios of Ka/Ks than background genes (p-value = 4.16e-05) (Figure S3A).

Phospholipids are a class of lipids that are a major component of cell membranes and include lipids with head groups

such as phosphatidate (PA), phosphatidylethanolamine (PE), phosphatidylcholine (PC), phosphatidylglycerol(PG) and phos-

phatidylserine (PS) which share overlapping biosynthesis pathways and are often inter-convertible (Figure 4a). The set of genes

involved in phospholipid metabolism which experienced accelerated evolution in T. dactyloides were particularly concentrated

in the pathway leading to PC which is the major phospholipid component of non-plastid membranes. PC also tends to control

membrane desaturation through acyl-editing [18]. Testing confirmed that T. dactyloides seedlings grown from seed collected

as part of the same expedition were able to tolerate prolonged 4 ◦C cold stress while the same temperature stress treatment

produced significant levels of cell death in maize seedlings from the reference genotype B73 (Figure S3B-F).

T. dactyloides-specific changes in the response of lipid metabolism to cold stress

RNA-seq and membrane lipid profiles were collected from maize, sorghum, and T. dactyloides seedlings under control

and cold stressed conditions. The inclusion of sorghum provided a method to ascertain whether maize or T. dactyloides

represented the ancestral state when metabolic or transcriptional patterns of responses to cold differed between the two species.

As previously reported, no GO terms were significantly enriched among differentially regulated orthologs (DROs) of maize

and sorghum, three hours after the onset of cold stress. At the same time point, DROs between T. dactyloides and maize +

sorghum were enriched in genes related to photosynthesis light harvesting, protein-chromophore linkage, and chlorophyll

metabolic genes. At 6 hr post-stress, genes related to chloroplast and mitochondrial metabolic processes were differentially

regulated in T. dactyloides compared to maize and sorghum (Table S5). Specifically, chloroplast and mitochondrial RNA

processing, modification and metabolic process genes were up-regulated in T. dactyloides at 6 hr post stress, while a suite of

abiotic stress responsive genes, annotated as responding to osmotic stress, heat stress or salt stress, as well as genes involved

in histone modification and methylation, chromatin organization and ethylene signaling were down-regulated (Table S6).

These observations are all consistent with maize and sorghum both experiencing severe impairment of fundamental biological

processes within six hours of the onset of cold stress, while T. dactyloides seedlings remained relatively healthy under equivalent

levels of stress treatment.

5

.CC-BY-ND 4.0 International licensepeer-reviewed) is the author/funder. It is made available under a
The copyright holder for this preprint (which was not. http://dx.doi.org/10.1101/187575doi: bioRxiv preprint first posted online Sep. 12, 2017; 



The overall pattern changes in the abundances of the major membrane lipids described in (Figure S4A) between control and

cold stress conditions were not significantly different across the three species although individual statistically significant changes

in lipid abundance in response to cold were observed in each species. However, this assay also allowed the quantification

of fatty acid desaturation for individual lipid types. Fatty acids are initially synthesized in a more saturated state. Hence a

decrease in desaturation can be an indicator of increases in lipid synthesis. Increase in desaturation can serve as a signaling

mechanism and also increases membrane fluidity allowing plants to avoid membrane damage at low temperatures (As Reviewed

[19]). Statistically significant changes in lipid desaturation were observed for several lipid classes in individual species (Table

S7). However, PC was unique in that the pattern of desaturation change in response to cold was consistent between maize

and sorghum, and opposite in T. dactyloides (Figure 4b). Fast evolving genes in T. dactyloides lipid biosynthesis genes were

concentrated in pathways leading to PC (Figure 4a).

Genes evolving rapidly in T. dactyloides also experienced selection in temperate adapted maize

Previous studies have identified a large set of maize genes which were targets of artificial selection during the process

of adaptation to temperate climates [20]. We hypothesized that the more ancient process of the expansion of T. dactyloides

into temperate climates may have targeted some of the same genes targeted by artificial selection during the introduction of

maize into temperate climates. Tripsacum genes were divided into those where the maize ortholog was identified as likely

under selection during the adaption of maize to temperate climates and those where the maize ortholog did not show evidence

of being under selection during this process. As Ka/Ks ratios can vary widely across different genes as a result of factors

including expression level, gene functional category, and location relative to centromeres [21] all T. dactyloides Ka/Ks values

were normalized relative to sorghum, a closely related species that is still primarily adapted to tropical latitudes. Genes under

selection during the development of temperate maize lines showed significant increases in Ka/Ks values in temperate adapted T.

dactyloides relative to tropical adapted sorghum (log transformed t-test p-value = 0.027, Wilcoxon signed-rank test (WST)

p-value = 0.018) (Figure 3B) [22]. This observation remained significant when using the median Ka/Ks value from orthologs in

three different tropically adapted grass species (rice, oropetium and sorghum) (log transformed t-test p-value = 0.038, WST

p-value = 0.029).

While the Hufford dataset consisted primarily of temperate elite lines and tropical landraces, it did also include a number

of elite tropical lines and temperate landraces. A second dataset consisting of 47 high confidence tropical and subtropical

maize lines and 46 high confidence temperate lines from maize HapMap3 [23], provided approximately equivalent results

(Table S8). Normalized Ka/Ks values of T. dactyloides genes orthologous to the 10% of maize genes with the highest XP-CLR

scores were not significant higher than the background (p-value = 0.24 in log transformed t-test, 0.19 in WST). However the

normalized Ka/Ks value of top 5% and top 1% genes were significantly higher than background genes (top 5%: p-value =

0.032 in log transformed t-test, 0.018 in WST; top 1%: p-value = 0.028 in log transformed t-test, 0.008 in WST). The increase

in significance increased at more stringent cut offs – even as the total number of data points decreases – may indicate that the

overlap comes from only a subset of the genes under the strongest selection between tropical and temperate lines in maize and

in the temperate adapted T. dactyloides relative to tropical-latitude-adapted related species.
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Discussion

The potential for data from Tripsacum to aid in both basic biological research and applied plant breeding in maize has

long been discussed [9, 10]. However, as of December 2017, a total of only 611 published nucleotide sequences existed for the

entire Tripsacum genus, including 565 for T. dactyloides, 12 for T. andersonii, and 34 for all other named taxa within the genus.

Here we have generated a set of 24,616 full length T. dactyloides cDNA sequences covering 22.4%, 31.5% and 60.2% of the

annotated, expressed, and syntenically conserved gene space of maize respectively. This larger scale transcriptome resource

enables a number of comparative analyses of Zea and Tripsacum not previously feasible.

Significant evolutionary rate heterogeneity exists among extant grass species. Previously, variation in the rate of divergence

between homeologous gene pairs generated during the rho polyploidy [24] in different grass species was employed to detect

variation in synonymous substitution rates [25]. However, this approach, which relies on pairwise comparisons between species,

provides aggregate estimates for each lineage across the 70-96 million years since the rho WGD [24, 25]. Utilizing known

phylogenetic relationships across relatively large numbers of grass species with sequenced genomes or significant genome

resources and fitting rates of synonymous and nonsynonymous substitutions for each branch separately [26] demonstrated

that even comparing sister genera (Zea and Tripsacum), maize exhibits significantly more rapid accumulation of synonymous

substitutions. One potential explanation is differences in life cycle. Many Zea species are annuals [4] while more than 13

Tripsacum species are perennials [5] (Table 1) and several analyses have suggested that synonymous substitutions accumulate

more rapidly in annual species [27, 28]. Another potential explanation is that the difference in the rate of molecular evolution

between maize and T. dactyloides may reflect the difference in native range between these genera, as species native to tropical

regions have been shown to accumulate nucleotide substitutions up to twice as rapidly as temperate species [29].

Genes are generally considered to show evidence of positive selection if the frequency of nonsynonymous substitutions

is significantly higher than that of synonymous substitutions. However, if positive selection is assumed to be episodic rather

than constant, elevated Ka/Ks ratios which are less than one can reflect a mixture of positive selection and purifying selection,

relaxation of purifying selection, or statistical noise. Episodic positive selection is harder to detect on longer branches where

the proportion of evolutionary time a gene spends under positive selection decreases relative to the time spent under purifying

selection. Background ratios of Ka/Ks can also vary significantly between different genes reflecting differences in chromosome

environment, expression level, function, and the presence or absence of different types of duplicate gene copies [21]. As shown

in Figure 2C, the frequency of extreme Ka/Ks ratios decreases as the overall branch length increases. The inclusion of T.

dactyloides breaks up the long branch between maize and sorghum, permitting the identification of genes experiencing either an

interval of positive selection alongside ongoing purifying selection or a relaxation of purifying selection. It must be emphasized

that the analysis presented here cannot distinguish between true positives – genes showing elevated rates of protein sequence

evolution as a result of positive selection or relaxed selection – and false positives – statistical noise – on a single gene level.

Instead the focus must be on the differences observed between the functional classes or pathways of genes which exhibited

higher rates of protein sequence evolution in maize and T. dactyloides. Here we found that genes involved in phospholipid

metabolism and stress response both tended to be experiencing higher rates of protein sequence evolution in T. dactyloides than
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in maize or in the other grass species tested.

Recent studies of several instances of parallel selection have reported that it often acts on largely unlinked sets of genes

at a molecular level [30, 31, 32]. This suggests that there are many different molecular mechanisms which can be employed

to achieve the same phenotypic changes, and as a result the same genes will rarely be targeted in independent instances of

selection for the same traits. However, the evidence presented above suggests that as the lineage leading to T. dactyloides

expanded into temperate environments millions of years ago natural selection targeted some of the same genetic loci which

would later be targets of artificial selection as the cultivation of maize spread from the center of domestication in Mexico into

more temperate regions of North America. This overlap between targets of natural and artificial selection for adaptation to the

same environment in sister genera also indicates that genetic changes in crop-wild relatives associated with adaptation to new

environments may be useful guides for identifying genetic targets for breeding efforts aimed at adapting crops to a changing

climate.

One specific difference between the native environment of wild Zea and Tripsacum species is that many Tripsacum species

grow in areas where they are exposed to cold and freezing temperatures. Unlike maize, T. dactyloides can survive prolonged

cold and freezing temperatures and successfully overwinter. The identification of accelerated protein sequence evolution among

genes involved in phospholipid metabolism provides a plausible candidate mechanism for the increased cold and freezing

tolerance of T. dactyloides relative to maize. While widely grown in temperate regions over the summer, maize remains

sensitive to cold. Maize varieties with the ability to be planted significantly earlier, or in the extreme case to overwinter, have

the potential to intercept a greater proportion of total annual solar radiation increasing maximum potential yields [33, 11]. This

study illustrates how studying the genetic mechanisms responsible for crop-wild relative adaptation to particular climates may

guide breeding and genome engineering efforts to adapt crops to a changing climate.

Methods

Plant materials and RNA preparation

T. dactyloides seeds were collected from wild growing plants located in Eastern Nebraska (USA, GPS coordinates:

41.057836, -96.639844). Seeds with brown cupules were selected. For each seed the cupule was removed, followed by a

cold treatment at 4°Cfor at least two days, resulting in germination rates between 30% and 50%. A single plant (ID #-1)

was selected for transcriptome sequencing. Young leaves were sampled one month after germination. Stem and root were

sampled three months after germination. Harvested tissue samples were rinsed with cold distilled water and then immediately

frozen in liquid N2. Total RNA was extracted from each tissue separately by manually grinding each sample in liquid N2,

adding TriPure isolation reagent (Roche Life Science, catalog number #11667157001), followed by separating phase using

chloroform, precipitating RNA using isopropanol and washing the RNA pellet using 75% ethanol. The air-dried RNA samples

were dissolved in DEPC-treated water. RNA quantity and quality were assessed uisng a NanoDrop 1000 spectrophotometer

and electrophoresis on a 1% agarose gel respectively.
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Single-molecule sequencing and isoform detection

Equal quantities of total RNA from each sample were pooled prior to library construction and the combined sample was

shipped to the Duke Center for Genomic and Computational Biology (GCB), Duke University, USA for sequencing. Three size-

fractionated libraries (1-2 kb, 2-3 kb, and 3-6 kb) were constructed and sequenced separately on the PacBio RS II. Each libraries

was sequenced using 2 SMRT cells. Raw reads data was analyzed through running the Iso-Seq pipeline included in the SMRT-

Analysis software package (SMRT Pipe v2.3.0, https://github.com/PacificBiosciences/cDNA_primer) (for

details see Supplemental Methods).

Substitution rate estimation and selection analyses

Codon based alignments were generated using ParaAT2.0 [34] for sets of orthologous genes identified using a dataset of

syntenic orthologous genes identified across six grass species with sequenced genomes (maize V3 [35], sorghum v3.1 [36],

setaria v2.2 [37], oropetium v1.0 [38], rice v7 [39] and brachypodium v3.1 [40]) [17], plus the maize/tripsacum orthologous

relationships defined above. Synonymous nucleotide substitution rates (Ks) were calculated by using the codeml maximum-

likelihood method (runmode = -2, CodonFreq = 2) implemented within PAML [26] and the known phylogenetic relationships

of the seven species. The divergence time (T) between maize and T. dactyloides was estimated following the formula T =

Ks/2µ[41] (for more details see Supplemental Methods).

Genome-wide scan for selection between tropical/temperate maize subpopulations

A cross-population composite likelihood approach XP-CLR [42] (updated by Hufford et al.[20] to incorporate missing

data), based on the allele frequency differentiation between purely tropical/temperate maize subpopulations was used to identify

genes likely to have been targets of selection during the process of adaption from tropical to temperate climates. 47 tropical

and subtropical lines (TSS) and 46 temperate lines (NSS and SS) were selected from the Hapmap3 dataset [23], based on

having a the probability value of membership into either of these groups greater than than 0.8 (Table S8) [43]. Based on the

recombination rates measured using high density genetic maps in maize [44], XP-CLR was run with the following parameters:

sliding window size of 0.05 cM; a fixed number of SNPs per window of 100; downweighting of SNPs in high LD (r2 >

0.75); and a set of grid points as the putative selected allele positions were placed with a spacing of 1 kb across the whole

genome. Each gene was assigned the maximum XP-CLR values found within the region 5 kb up- and downstream of the gene’s

annotation transcription start and transcription stop site.

Profiling of lipid and transcriptional responses to cold

Maize, sorghum, and T. dactyloides seedlings were grown under 13 hours/11 hours 29 ◦C /23 ◦C day/night and 60%

relative humidity in a growth chamber at University of Nebraska-Lincoln’s Beadle Center facility. At the three leaf stage, one

half of the seedlings were moved to a second growth chamber maintained at a constant 6 ◦C temperature. The initiation of

cold stress was timed to coincide with the end of daylight illumination. For RNA, T. dactyloides seedlings were harvested

from both control and cold stressed conditions at 1, 3, 6, and 24 hours after the initiation of cold stress treatment. For lipid

characterization, seedlings were harvested from control and cold stressed plants 24 hours after the initiation of cold stress. Raw
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fastq sequences for maize and sorghum cold stress treatment are those published [45]. All data was realigned and reanalyzed

using Trimmomatic [46], GSNAP [47] and HTSeq [48]. Differentially expressed genes (DEGs) and differentially regulated

orthologs (DROs) were identified from read count data using DESeq2 [49], as described in [45].

Lipid composition determined essentially as described [50] (see Supplemental Methods for details).

Data availability

Raw PacBio sequence data has been deposited in the NCBI SRA under project PRJNA471728. Raw Illumina RNA-seq

data has been deposited in the NCBI SRA under project PRJNA471735. A fasta file with the set of non-redundant T. dactyloides

isoforms employed in this study is available at Zenodo with the identifier http://dx.doi.org/10.5281/zenodo.

841005.
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Figure legends

Figure 1. Morphological characteristics of inflorescences for representative species in Tripsacum and Zea. Tripsacum

dactyloides (tripsacum, A-D) and Zea mays ssp. parviglumis (teosinte, E-H). (A) Early stage inflorescence. (B) Intermediate

stage inflorescence with silks exerted from female spikelets. (C) magnified view of female spikelets. (D) mature inflorescence

with both silks exerted from female spikelets (base) and anthers exerted from male spikelets (top). (E) Separate male and

female inflorescences in teosinte. (F) magnified view of male inflorescence with anthers exerted. (G) magnified view of female

inflorescence with silks exerted (H) hard fruitcases surrounding teosinte seeds (absent in domesticated maize). Bottom part

present the latitude distribution of wild species in Tripsacum and Zea (outliers were removed), the order of which is consistent

with that in Table 1.

Figure 2. Synonymous substitution rates and ratios of synonymous and nonsynonymous substitution rates across five

related grass species.(A) Phylogenetic relationships of the seven species employed in this study. Red, blue and black boxes

indicate target species, background species and outgroups respectively. (B) Distribution of synonymous substitution rates

(Ks) in orthologous gene groups across each target and background species. Observed synonymous substitution rates in T.

dactyloides are comparable to or less than those observed in maize. (C) Distribution of Ka/Ks ratios for orthologous genes

conserved in maize, T. dactyloides, sorghum, foxtail millet (Setaria), and oropetium. (D) Subset of orthologous gene groups

displayed in panel C, where the gene copy found in the in T. dactyloides transcriptome exhibits a higher Ka/Ks ratio than the

same gene in the other four species tested. (E) Subset of orthologous gene groups displayed in panel C, where the gene copy

found in the maize genome exhibits a higher Ka/Ks ratio than the same gene in the other four species tested.

Figure 3. Comparative distribution of Ka/Ks ratios between maize and T. dactyloides. (A) The relationship between

Ka/Ks ratios observed in maize (blue) and those observed in T. dactyloides (green) for genes having the higher Ka/Ks ratio

in one of these two taxa than in any of the three background taxa (sorghum, setaria, and oropetium). Orange triangles mark

genes annotated as involved in glycerophospholipid metabolism, while red triangles mark genes involved in stress response.

(B) Plot of the log transformed ratio of ratios between T. dactyloides and sorghum Ka/Ks values for two populations of genes.

The artificial selection candidate set includes all orthologous gene groups conserved across the seven species employed in

this analysis but where the maize gene copy was identified as a target of artificial selection between tropical and temperate

maize inbreds. The background gene set includes all other orthologous gene groups conserved across these seven species. The

artificial selection candidate gene set exhibits a skew towards higher ratios of Ka/Ks ratios relative to the background gene set.

Figure 4. A partial diagram of glycerophospholipid metabolism including phospholipid synthesis. a) Each name enclosed

in a white box corresponds to an intermediate product in glycerophospholipid metabolism. Each name enclosed in a blue box

indicates a mature lipid quantified in maize and T. dactyloides. If at least one gene encoding an enzyme which catalyzes a

specific reaction was found to be evolving faster in T. dactyloides than any of the other grass species tested, the arrow indicating

that reaction is drawn in red. If at least one gene encoding an enzyme which catalyzes a specific reaction was found to be

evolving faster in maize than any of the other grass species tested, the arrow indicating that reaction is drawn in blue. If multiple

genes encode different isoforms of the same enzyme and at least one was identified in the maize fast evolving gene set and a
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separate gene was identified in the Tripsacum fast evolving gene set, the arrow is drawn in purple. In cases where none of

the genes encoding an enzyme catalyzing a particular reaction were identified as fast evolving in either species, the arrow is

drawn in gray. b) Estimation of phosphatidyl-choline (PC) desaturation in maize, sorghum, and T. dactyloides before and after

one-day of cold treatment. ‘*’ denotes t-test p-value 0.035.
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Figure 1. Morphological characteristics of inflorescences for representative species in Tripsacum and Zea. T. dactyloides

(tripsacum, A-D) and Zea mays ssp. parviglumis (teosinte, E-H). (A) Early stage inflorescence. (B) Intermediate stage

inflorescence with silks exerted from female spikelets. (C) magnified view of female spikelets. (D) mature inflorescence with

both silks exerted from female spikelets (base) and anthers exerted from male spikelets (top). (E) Separate male and female

inflorescences in teosinte. (F) magnified view of male inflorescence with anthers exerted. (G) magnified view of female

inflorescence with silks exerted (H) hard fruitcases surrounding teosinte seeds (absent in domesticated maize). Latitudinal

distribution of reported observations in GBIF for wild species within the genus Tripsacum (red) and Zea (teal). The boundaries

of tropical latitudes (ie the tropic of cancer and tropic of capricorn) are marked with dashed black lines. Individual outlier

datapoints more than 1.5x the interquartile range are omitted in this display.
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Figure 2. Synonymous substitution rates and ratios of synonymous and nonsynonymous substitution rates across five related

grass species.(A) Phylogenetic relationships of the seven species employed in this study. Red, blue and black boxes indicate

target species, background species and outgroups respectively. (B) Distribution of synonymous substitution rates (Ks) in

orthologous gene groups across each target and background species. Observed synonymous substitution rates in T. dactyloides

are comparable to or less than those observed in maize. (C) Distribution of Ka/Ks ratios for orthologous genes conserved in

maize, T. dactyloides, sorghum, foxtail millet (Setaria), and oropetium. (D) Subset of orthologous gene groups displayed in

panel C, where the gene copy found in the in T. dactyloides transcriptome exhibits a higher Ka/Ks ratio than the same gene in

the other four species tested. (E) Subset of orthologous gene groups displayed in panel C, where the gene copy found in the

maize genome exhibits a higher Ka/Ks ratio than the same gene in the other four species tested.
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Figure 3. Comparative distribution of Ka/Ks ratios between maize and T. dactyloides. (A) The relationship between Ka/Ks

ratios observed in maize (blue) and those observed in T. dactyloides (green) for genes having the higher Ka/Ks ratio in one of

these two taxa than in any of the three background taxa (sorghum, setaria, and oropetium). Orange triangles mark genes

annotated as involved in glycerophospholipid metabolism, while red triangles mark genes involved in stress response. (B) Plot

of the log transformed ratio of ratios between T. dactyloides and sorghum Ka/Ks values for two populations of genes. The

artificial selection candidate set includes all orthologous gene groups conserved across the seven species employed in this

analysis but where the maize gene copy was identified as a target of artificial selection between tropical and temperate maize

inbreds. The background gene set includes all other orthologous gene groups conserved across these seven species. The

artificial selection candidate gene set exhibits a skew towards higher ratios of Ka/Ks ratios relative to the background gene set.
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(a) (b)

Figure 4. A partial diagram of glycerophospholipid metabolism including phospholipid synthesis. a) Each name enclosed in a

white box corresponds to an intermediate product in glycerophospholipid metabolism. Each name enclosed in a blue box

indicates a mature lipid quantified in maize and T. dactyloides. If at least one gene encoding an enzyme which catalyzes a

specific reaction was found to be evolving faster in T. dactyloides than any of the other grass species tested, the arrow indicating

that reaction is drawn in red. If at least one gene encoding an enzyme which catalyzes a specific reaction was found to be

evolving faster in maize than any of the other grass species tested, the arrow indicating that reaction is drawn in blue. If

multiple genes encode different isoforms of the same enzyme and at least one was identified in the maize fast evolving gene set

and a separate gene was identified in the Tripsacum fast evolving gene set, the arrow is drawn in purple. In cases where none of

the genes encoding an enzyme catalyzing a particular reaction were identified as fast evolving in either species, the arrow is

drawn in gray. b) Estimation of phosphatidyl-choline (PC) desaturation in maize, sorghum, and T. dactyloides before and after

one-day of cold treatment. ‘*’ denotes t-test p-value 0.035.
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Tables

Table 1. Taxonomic comparison between genus Tripsacum and Zea.

Table 1. Taxonomic comparison between genus Tripsacum and Zea

Tripsacum1 Zea2

Species Life cycle Ploidy Species Life cycle Ploidy

T. dactyloides L. (Gamagrass) perennial diploid, tetraploid Z. perennis perennial tetraploid

T. andersonii (Guatemala grass) perennial diploid, tetraploid Z. diploperennis perennial diploid

T. australe perennial diploid Z. nicaraguensis annual diploid

T. maizar perennial diploid Z. luxurians annual diploid

T. laxum perennial diploid Z. m. huehuetenangensis annual diploid

T. floridanum perennial diploid Z. m. mexicana annual diploid

T. cundinamarce perennial diploid Z. m. parviglumis annual diploid

T. zopilotense perennial diploid

T. bravum perennial diploid

T. latifolium perennial tetraploid

T. pilosum perennial tetraploid

T. lanceolatum perennial tetraploid

T. peruvianum perennial tetraploid, pentaploid, hexaploid

1References for Tripsacum are [5, 51].

2References for Zea are [52, 53, 3, 54, 55].
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Supplemental Information (SI)

Supplemental Results

A single Tripsacum dactyloides plant grown from seed collected from the wild in eastern Nebraska (USA) was used

as the donor for all RNA samples. RNA extracted from three tissues (root, leaf, and stem) was used to construct three size

fractionated libraries (1-2, 2-3, and 3-6 kb) which were sequenced using a PacBio RS II yielding a total of 532,071 Read Of

Inserts (ROIs). The SMRT Pipe v2.3.0 classified more than half (267,186, 50.2%) of the ROIs as full-length and non-chimeric

(FLNC) transcripts based on the presence of 5’-, 3’-cDNA primers and polyA tails. Each size-fractionated library had expected

average length of FLNC transcripts of 1,364 bp, 2,272 bp, and 3,323 bp, with the average length of total FLNC transcripts of

2,354 bp, ranging from 300 to 29,209 bp Table S1). ICE and Quiver processing of FLNC transcripts produced a total of 64,362

high quality (HQ) consensus transcript sequences with an estimated consensus base call accuracy ≥ 99% (Figure S4).

Final consensus tripsacum sequences were mapped to the maize reference genome (RefGen v3) using GMAP. Consistent

with previously reported low overall rate of divergence in gene content and gene sequence between maize and tripsacum

[9], 98.04% (63,103 out of 64,362 HQ consensus sequences) could be confidently mapped to the maize reference genome.

Pbtranscript-TOFU was used to collapse the consensus sequences into 24,616 unique isoforms, in which differences in the 5’

end of the first exon were considered redundant, and otherwise identical isoforms were merged (see Methods). This final set

of unique tripsacum isoforms mapped to a total of 13,089 maize genes, including 7,633 maize genes represented by a single

tripsacum transcript and 5,456 maize genes represented by two or more transcripts. Among maize genes to which two or more

tripsacum isoforms were mapped the average was 3.1 isoforms per gene. Eighty-four maize genes were represented by more

than 10 or more tripsacum isoforms, and the single maize gene represented by the most isoforms was GRMZM2G306345,

which encodes a pyruvate, phosphate dikinase (PPDK) protein involved in the fixation of carbon dioxide as part of the C4

photosynthetic pathway, with 83 identified tripsacum isoforms (Table S2). A set of 249 confident lncRNAs were identified

among the final tripsacum consensus sequences (See Methods) (Figure S6G). With an average length of 1.45 kb (ranging from

0.51 to 3.5 kb), the distribution of lncRNA sequences is notably larger than the average length of the maize lncRNAs identified

using pacbio isoseq 0.67 kb (ranging from 0.2–6.6 kb) (Figure S5) [56]. Only 17 of these 249 lncRNAs exhibited high sequence

similarity (identity > 80%) with lncRNA sequences identified in maize.

In total, 12,826 out of 13,089 tripsacum transcripts mapped to 14,401 annotated maize gene models (Figure S6A,B). In

some cases a single consensus tripsacum sequence spanned two or more maize gene models (Figure S6). Maize genes were

sorted based on their expression levels using an existing short read RNA-seq dataset from maize seedling tissue [45]. Of the

13,089 most highly expressed maize genes, 8,191 (62.6%) were aligned with at least one tripsacum transcript indicating that the

expression level of a gene in maize is a relatively good predictor of how likely that gene was to be captured in the tripsacum

isoseq data. Because genes located in the chromosome arms of maize tend to exhibit higher levels of expression than genes in

pericentromeric regions, this sample of tripsacum genes is likely depleted in the types of genes which are over represented

in pericentromic regions. Figure S6C and D illustrate the comparative densities of highly expressed maize genes aligned to

tripsacum isoseq transcripts across the 10 chromosomes of maize. Tripsacum transcript density was correlated with the density of

22

.CC-BY-ND 4.0 International licensepeer-reviewed) is the author/funder. It is made available under a
The copyright holder for this preprint (which was not. http://dx.doi.org/10.1101/187575doi: bioRxiv preprint first posted online Sep. 12, 2017; 



maize highly expressed genes (Spearman correlation coefficient r = 0.855, p < 2.2e-16). Among the 12,826 tripsacum transcripts

mapped to maize gene models, 11,910 were unique one-to-one mappings. Data on conserved maize-sorghum orthologous gene

pairs was used to increase the confidence of these mappings (Figure S6E), resulting in a final set of 9,112 putative sorghum-maize-

tripsacum orthologous gene groups (available on https://figshare.com/s/6d55867b09e014eb7aed, Figure S6F).

These gene pairs were grouped into three categories ”one-to-one”, single tripsacum/maize orthologs without duplication (5,641

gene pairs); ”one-to-two”, a single tripsacum gene mapped to one copy of a homeologous maize gene pair (1,964 gene triplet);

”two-to-two”, unique tripsacum sequences mapped to each copy of a homeologous maize gene pair (1,507 gene quartets, Figure

S6H, Figure S7).

A total of 223 transcripts aligned to the maize genome in locations where no maize gene model was present. After

additional validation and QC (see Methods), 94 of these cases appeared to be unannotated maize genes which were supported

by both an aligned tripsacum transcript and short read RNA-seq data in maize, and another 102 cases appeared to be genomic

sequences conserved between maize and tripsacum which were transcribed in tripsacum but lacked expression evidence in

maize. More than two thirds of the 94 potentially unannotated maize genes could be confidently aligned to annotated coding

sequences in the reference genomes of sorghum (63%) or setaria (66%). In contrast, the sequences present in both the tripsacum

and maize genomes but expressed only in tripsacum were much less likely to be present in outgroup species (sorghum (25%)

and setaria (30%)), suggesting the transcription of these genomic sequences may be a comparatively recent feature, potentially

unique to the tripsacum lineage.

Consistent with observations from other plant systems [57, 58, 59], the most common single AS variants in tripsacum were

– in descending order of frequency – intron retention (IntronR), exon skipping (ExonS), alternative donor (AltD), alternative

acceptor (AltA), and mutually exclusive exons (MXEs). The remaining isoforms incorporated two or more types of changes

and were classified as Complex AS (CompAS) (Figure S10). While a comparable maize dataset generated using the same

long read technology contained more total splicing events, likely as a result of approx 4.5x greater sequencing depth [56], the

overall proportions of AS events belonging to different categories in maize and tripsacum were more similar to each other than

either was to sorghum (Figure S10). Shifting from overall frequency to the conservation of specific splicing events – defined as

identical AS codes at the same physical positions when tripsacum and maize full length transcripts are aligned to the maize

reference genome – a total of 4,324 (35.3%) tripsacum AS events associated with 1,065 genes were also identified in maize

(Figure S10) and more than two third (656, 61.6%) of the conserved AS genes were observed in orthologous gene groups while

409 genes were Zea-Tripsacum linage-specific in Tripsacinae.

Of the 1,542 gene quartets where a single gene in sorghum is co-orthologous to two maize genes and each maize gene

is orthologous to a single tripsacum gene, 212 genes exhibited alternative splicing for both tripsacum genes and 409 genes

exhibited alternative splicing for both maize genes. In 52.06% of of gene pairs in tripsacum the pattern of splicing was

conserved between homeologous gene pairs as well as in 77.8% of maize homeologous gene pairs. Changes in patterns of

splicing which could be more parsimoniously explained by differences in trans- regulation of AS were observed substantially

substantially for frequently than were changes in changes in patterns of splicing which could be more parsimoniously explained

by differences in cis- regulation (Figure S11).
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Supplemental Methods

Creation of high quality consensus transcript sequences

First, reads of insert consensus sequence (ROIs, previously known as circular consensus sequences, CSCs) were identified

using the Reads Of Insert protocol, one of the submodules of the Iso-Seq pipeline. The minimum required number of full

passes was set to 0 and predicted consensus accuracy was set to 75%. Raw sequences that passed this step were considered to

be the ROIs.

Second, the classify submodule was used to automatically determine which ROIs were full-length. ROIs were considered

to be full length if both the 5’- and 3’-cDNA primers as well as a poly(A) tail signal preceding the 3’-primer were detected.

The classify submodule also separated chimeric reads from non-chimeric reads through detecting the presence of SMRTbell

adapters in the middle of sequences, producing a set of full-length non-chimeric (FLNC) reads.

Third, the isoform-level clustering algorithm ICE (Iterative Clustering for Error Correction), which uses only full length

reads, followed by Quiver which polished FLNC consensus sequences from ICE using non-FL reads were used to improve

the accuracy of FLNC consensus sequences. These steps resulted in a set of high quality polished consensus with > 99%

post-correction accuracy.

Fourth, HQ polished consensus reads were mapped to the maize reference genome (B73 RefGen v3) using GMAP and

redundant mapped transcripts were merged using using the collapse isoforms by sam.py script from the pbtranscript-ToFU

package (https://github.com/PacificBiosciences/cDNA primer/wiki/tofu-Tutorial-(optional).-Removing-redundant-transcripts/)

with the parameter settings of min-coverage = 85% and min-identity =82%. Isoforms differing only at the 5’-sites within the

first exon were considered to be redundant and collapsed.

Ka/Ks Analysis Details

Branch-specific Ka/Ks ratios with self-built phylogenetic trees were calculated using codeml program (runmode = 0). The

resulting codeml data including Ka, Ks and Ka/Ks for the genes of each branch were obtained and genes with Ka > 0.5, Ks >

2 and Ka/Ks > 2 were discarded. Two models in codeml were used, one required a constant value for ω across all branches

(model 0), and the other allowed heterogenous rates on each branch of the phylogeny (model 1). A likelihood ratio test was

used to compare likelihood values under model 0 and model 1 to test whether significant variation in Ka/Ks ratios between

different branches was present [60]. For each set of orthologous genes the log likelihood values under two models (lnL1 for the

alternative and lnL0 for the null model) were obtained. From these values, the LRT was computed using 2 × (lnL1-lnL0). A χ2

curve with degree of freedom = 1 was used to calculate a p-value for this LRT. Multiple testing was performed to correct these

p-values by applying the false discovery rate method (FDR) adjusted in R [61]. A gene was considered to be experiencing

accelerated rates of protein evolution in a given lineage if the highest Ka/Ks ratio was detected in the branch leading to that

species and the FDR-adjusted p-value for the comparison of the constant ω and heterogeneous models was < 0.05.

Use of statistical tests in comparisons of Ka/Ks ratios between different populations of genes

Like gene expression fold-change data, Ka/Ks ratios and ratios of Ka/Ks ratios exhibit non-normal distributions. Applying

a log transformation to either Ka/Ks ratios or ratios of ratios produces roughly normal distributions, as observed for gene
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expression fold change data [22]. This method was employed to conduct two comparisons using the independent-samples t-test

package within R. In addition, a non-parametric test in R, Wilcoxon signed-ranked tests, were also used test whether Ka/Ks

ratios differ significantly between gene groups. In the first test, the distribution of ratio of ratio values between T. dactyloides

and sorghum Ka/Ks values was compared between genes identified as likely to be under selection in a comparison of tropical

and temperate maize lines [20, 32] and genes not identified as likely to be under selection in the same comparison. The second

test compared Ka/Ks ratios for genes annotated as involved in lipid metabolism to the population of genes not involves in

phospholipid metabolism in T. dactyloides and maize, respectively, as well as Ka/Ks ratios between T. dactyloides and maize.

Lipid Profiling Details

Briefly, lipid extraction was performed by immediately immersing fresh tissue samples in ice-cold 2:1:0.1 (v/v/v) methanol:

chloroform: formic acid and bead beating them for 2 minutes until the tissue was completely disrupted, then phase-partitioning

by addition of 0.2M phosphoric acid, 1 M potassium chloride. The organic phase was removed (and stored at -20 degrees

Celsius until) derivatization. 2D-thin Layer Chromatography (TLC) was used to separate lipids by their headgroup properties

using the following solvent systems, 130:50:10 (v/v/v) Chloroform: Methanol: Ammonia hydroxide in the first dimension

and 85:12.5:12.5:4 (v/v/v/v) Chloroform: Methanol: acetic acid: water in the second dimension. Lipids were identified by

with respect to standards purchased from Avanti Polar Lipids. Quantitative data was obtained by exposure to iodine vapor and

compared with a standard mixture. Each target lipid was scraped from the TLC plate and derivatized to fatty acyl methylesters

(FAME Reaction) and the resulting profile of FAME was determined by gas chromatography (GC).

Identification of LncRNAs

The protein coding-potential of individual T. dactyloides transcripts was assessed using CPAT (Coding Potential As-

sessment Tool) [62], which employs a logistic regression model built with four sequence features as predictor variables:

open reading frame (ORF) size, ORF coverage, Fickett testcode statistic, and hexamer usage bias. CPAT was trained us-

ing 4,900 high-confidence lncRNAs transcripts identified as part of Gramene 52 release (http://www.gramene.org/

release-notes-52/) [63] and an equal number of known protein-coding transcripts randomly subsampled from the

RefGen v3 annotation 6a to measure the prediction performance of this logic model in maize. The accuracy of the trained CPAT

model was assessed by quantifying six parameters using 10-fold cross validation with the maize training dataset: sensitivity

(TPR), specificity (1-FPR), accuracy (ACC) and precision (PPV) under the receiver operating characteristic (ROC) curve and

precision–recall (PR) curve. Based on there parameters, a probability threshold of 0.425 was identified as providing the best

trade off between specificity and sensitivity for identifying lncRNA sequences.

4,095 candidate non-coding RNAs with a length greater than > 200 bp were predicted in CPAT. ORF prediction for

non-coding candidate of T. dactyloides transcripts was performed using TransDecoder [64] and 2,509 transcripts encoding

ORFs longer than 100 amino acids were removed from the set of putative lncRNAs. The remaining lncRNAs were aligned to

the NCBI-nr database using BLASTX and sequences showing similarity to existing protein sequencing in the database (e-value

6 1e-10) were removed from the set of putative lncRNAs.
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Identification of orthologs

Maize-tripsacum orthologs were defined based on the following criteria. Firstly, the tripsacum sequence must have been

uniquely mapped to the target maize gene using GMAP. Secondly, the tripsacum gene must have been uniquely mapped to a

single sorghum gene using BLASTN. Thirdly, the maize and sorghum genes must be syntenic orthologs of each other using a

previously published dataset [17, 45]. As a result of the maize WGD shared by maize and T. dactyloides, in some cases multiple

T. dactyloides sequences mapped to unique maize genes on different maize subgenomes, but to the single shared co-ortholog of

these two maize genes in sorghum.

BLAST analyses for Isoseq data

Isoforms which failed to map to the maize genome aligned to different NCBI refSeq databases using BLASTN with the

following parameters: min-coverage = 50%, min-identity = 70%, max target seqs = 5 and e-value 6 1e-10. Transcripts were

considered to originate from ancestral grass genes not present in the B73 reference genome if none of the top 5 blast hits were

to maize sequences, but did include sequences isolated from other grass species.

T. dactyloides sequences which aligned to regions of the maize genome not annotated as genes were also aligned to the

full set of annotated maize gene CDS sequences using BLASTN with parameters: min-coverage=80%, min-identity=85%,

max target seqs=1 and e-value 6 1e-10. Transcripts which did not align to any maize gene models even with these relaxed

criteria were then manually proofed for expression evidence in maize using IGV and a set of Illumina short read RNA-seq data

from a wide range of maize tissues [65].

Detection of alternative splicing (AS) events

AS analysis was conducted using Astalavista-4.0 (Alternative Splicing Trascriptional Landscape Visualization Too) [66],

transforming identified place isoforms into a set of defined AS codes based on their location within the gene and the type of

splicing observed. Among the multiple maize genes with multiple aligned T. dactyloides isoforms, in 3,566 cases one or more

AS events (12,260 in total) was identified between the multiple aligned isoforms, while in the 1,890 remaining cases differences

between isoforms were the result of either variation in transcription start sites (VSTs), or additional 3’ exons (DSPs). Each AS

site is assigned a number according to its relative position in the event and a symbol depending on its type. In addition to the

main five single AS types such as Intron retention (IR), Exon skipping (ES), Alternative donor (AD), alternative acceptor (AA)

and Mutually exclusive exons (MXEs), other AS events in which multiple types of AS are present between two isoforms were

counted as complicated AS. The maize data used to compare AS events between maize and T. dactyloides was extracted from

the published AS dataset generated by Wang et al [56].
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Table S1. Summary of sequence data produced.

Table S2. Number of maize genes with one or more identified tripsacum isoforms.

Table S3. Patial list of conserved grass genes present in tripsacum but not in maize reference genome.

Table S4. Genes experiencing accelerated selections in T. dactyloides related to stress response.

Table S5. GO terms associated with Maize-Tripsacum and Sorghum Tripsacum DROs after 3, 6, 12 and 24 hours post

cold stress

Table S6. GO terms associated with up-regulated and down-regulated Maize-Tripsacum and Sorghum Tripsacum DROs

after 6 hours post cold stress

Table S7. ANOVA table for lipid desaturation levels in maize, sorghum and T. dactyloides at room temperature and 24

hours after cold stress.

Table S8. List of purely temperate and tropical maize lines from HapMap3.

Figure S1. Ks distribution of orthologous gene pairs between each two of species pair-wisely (bin size = 0.05). (A)

divergence between tripsacum and maize (td-zm), maize and sorghum (zm-sb), sorghum and setaria (sb-si), setaria and

oropetium (si-or), their divergence were shown by the peak of each pair. (B) divergence of maize with other species. (C)

divergence of tripsacum with other species. (D) divergence of sorghum with other species. (E) divergence of setaria with other

species. (F) divergence of oropetium with other species.

Figure S2. Distribution of species-specific Ka/Ks ratios including the homeologous gene quartets in both tripsacum and

maize shared the WGD. (A) distribution of Ka/Ks ratios in orthologous genes sets. (B) increased Ka/Ks ratios in maize1. (C)

increased Ka/Ks ratios in maize2. (D) increased Ka/Ks ratios in tripsacum1. (E) increased Ka/Ks ratios in tripsacum2.

Figure S3. (A) Ka/Ks distributions in tripsacum between lipid genes and other functional genes. (B-E) Phenotype changes

between tripsacum (left) and maize (right) in continuous three days after cold treatment at 4 ◦C for five days.

Figure S4. Changes in abundance (top) and desaturation (bottom) of specific lipid types in seedlings of maize, T.

dactyloides, and sorghum under control conditions (RT) and after exposure to 24 hours of cold stress (1DC).

Figure S5. Workflow of Iso-Seq bioinformaics analysis for tripsacum using the SMRT-Analysis software package (SMRT

Pipe v2.3.0).

Figure S6. Tripsacum Iso-seq data mapped onto the maize reference genome (RefGen v3). (A) 10 chromosomes of

maize. (B) Maize gene density in each chromosome. (C) Density of highly expressed maize genes (FPKM > 4.15). (D)

Tripsacum transcript density in each chromosome. (E) Density of syntenic gene pairs between maize and sorghum. (F) Density

of sorghum-maize-tripsacum gene pairs. (G) Distribution of Long non-coding RNA (IncRNA) in tripsacum. (H) Distributions

of homeologous genes pairs following the whole genome duplication which is shared by both tripsacum and maize.

Figure S7. Comparison of length distribution of lncRNAs identified using Pacbio sequencing data between maize and

tripsacum.

Figure S8. Example of one tripsacum transcript spanning two maize gene models but correlated with one sorghum gene

model through GEvo analysis.
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Figure S9. Distribution of maize genes with either 1:1, 2:1 or 2:2 relationships to assembled tripsacum transcripts across

the maize genome.

Figure S10. Proportions of alternative splicing (AS) types (Intron retention, IntronR; Exon skipping, ExonS; Alternative

donor, AltD; Alternative acceptor, AltA; Mutually exclusive exons, MXEs; Complicated AS, CompAS; More complicated AS,

MoreCompAS) found in (A) tripsacum and (B) maize using PacBio long sequences. (C) Proportion of conserved AS types

between maize and tripsacum.

Figure S11. Comparison of alternative splicing (AS) distribution in (A) different species using long- and short- reads (long

reads data for maize taken from [56] and short reads data of maize and sorghum were from [67]) and (B) subgenomes of maize

and tripsacum. Identical shapes indicate genes with a conserved AS event. Solid line boxes mark cases most parsimoniously

explained by a change in trans-regulation of AS, while dashed line boxes mark cases most parsimoniously explained by a

change in cis-regulation of AS.
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Supplemental Figures

Figure S1. Ks distribution of orthologous gene pairs between each two of species pair-wisely (bin size = 0.05). (A)

divergence between tripsacum and maize (td-zm), maize and sorghum (zm-sb), sorghum and setaria (sb-si), setaria and

oropetium (si-or), their divergence were shown by the peak of each pair. (B) divergence of maize with other species. (C)

divergence of tripsacum with other species. (D) divergence of sorghum with other species. (E) divergence of setaria with other

species. (F) divergence of oropetium with other species.
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Figure S2. Distribution of species-specific Ka/Ks ratios including the homeologous gene quartets in both tripsacum and

maize shared the WGD. (A) distribution of Ka/Ks ratios in orthologous genes sets. (B) increased Ka/Ks ratios in maize1. (C)

increased Ka/Ks ratios in maize2. (D) increased Ka/Ks ratios in tripsacum1. (E) increased Ka/Ks ratios in tripsacum2.
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Figure S3. (A) Ka/Ks distributions in tripsacum between lipid genes and other functional genes. (B-E) Phenotype changes

between tripsacum (left) and maize (right) in continuous three days after cold treatment at 4 ◦C for five days.
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Figure S4. Changes in abundance (top) and desaturation (bottom) of specific lipid types in seedlings of maize, T. dactyloides,

and sorghum under control conditions (RT) and after exposure to 24 hours of cold stress (1DC).
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Figure S5. Workflow of Iso-Seq bioinformaics analysis for tripsacum using the SMRT-Analysis software package (SMRT

Pipe v2.3.0).
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Figure S6. Tripsacum Iso-seq data mapped onto the maize reference genome (RefGen v3). (A) 10 chromosomes of maize.

(B) Maize gene density in each chromosome. (C) Density of highly expressed maize genes (FPKM > 4.15). (D) Tripsacum

transcript density in each chromosome. (E) Density of syntenic gene pairs between maize and sorghum. (F) Density of

sorghum-maize-tripsacum gene pairs. (G) Distribution of Long non-coding RNA (IncRNA) in tripsacum. (H) Distributions of

homeologous genes pairs following the whole genome duplication which is shared by both tripsacum and maize.
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Figure S7. Comparison of length distribution of lncRNAs identified using Pacbio sequencing data between maize and

tripsacum.

Figure S8. Example of one tripsacum transcript spans two maize gene models but correlated with one sorghum gene model

through GEvo analysis.
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Figure S9. Distribution of maize genes with either 1:1, 2:1 or 2:2 relationships to assembled tripsacum transcripts across the

maize genome.
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Figure S10. Proportions of alternative splicing (AS) types (Intron retention, IntronR; Exon skipping, ExonS; Alternative

donor, AltD; Alternative acceptor, AltA; Mutually exclusive exons, MXEs; Complicated AS, CompAS; More complicated AS,

MoreCompAS) found in (A) tripsacum and (B) maize using PacBio long sequences. (C) Proportion of conserved AS types

between maize and tripsacum.
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Figure S11. Comparison of alternative splicing (AS) distribution in (A) different species using long- and short- reads (long

reads data for maize taken from [56] and short reads data of maize and sorghum were from [67]) and (B) subgenomes of maize

and tripsacum. Identical shapes indicate genes with a conserved AS vent. Solid line boxes mark cases most parsimoniously

explained by a change in trans-regulation of AS, while dashed line boxes mark cases most parsimoniously explained by a

change in cis-regulation of AS.
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