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Some important concepts

Genome
|
Replication € Genes (DNA)
l Transcription M”.
RNA
MRNA “"»)W( ‘d“«‘
_ Translation
Genomics provides | Phenomics allows
the means to o to measure a
characterize the oo number of traits in
allelic diversity in different genetic
large collections of Phenotype backgrounds and
plant genetlc The central dogma (Crick 1958): environments

resources information flows from DNA tphenotypes



Tomapgenotypetrait associationsneansto detect , locate,
andassess the importance of «geneticfactors» affectingtraits

Mappinggenotypetrait associationsn plant geneticresources
unlockskey information forbreeding:

1. Identify new genetidactord allelesthat can beusedto
Improvetraits of agronomicperformance ancgdaptation

2. Predictthe genomicpotential for anygivenindividualwith
regardsto a trait ofinterest

3. Understandhe geneticbasisof traits ofinterest



The value of diversity contributed

by plant genetic resources Elites
A Dependingon thetype of allele pool, Breeding
there are different typesandamountsof materials
diversityavailable(andhencea different
potential in associatiorstudies) Landraces

Wild relatives
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Agronomy

AYield and yield
component traits
(e.g. spike size)

ADevelopemental
traits (e.gflowering
time)

AQuality traits (e.qg.
micronutrientgy

AMarket traits (e.qg.
colour, taste)

Adaptation

AResistanc¢o abiotic
stress (e.gdrought)

AResistancéo biotic
stress (e.gdiseasé

Futureproofing

AWhatis neeededfor
adataptationto
future climates(e.qg.
frequency and
Intensity of extreme
events)

Elites

Breeding
materials

Landraces

Wild relatives

Relatedspecies
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Our working hypothesis: there are one or more «geneti@ctors»
somewhereon thegenomeaffectinga trait ofinterest

We alreadyknowi tnotan easy job:
AMost interestingtraits arecontrolledby multiple genetidactors
AMost plant genomesare complex locimayinteract

Alt is not reallylike finding a needlein ahaystackit isfinding a needle in
pile of needles
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Reverse genetics Trait(s)

Agamgus

7 N\
What trait arises from
Gene(S) —==== the perturbation ofa —

DNA sequence? _

agamous

Forward genetics

Trait(s)

Is variation of a trait

associated with ——== Gene(s)

____genotypic variation?




Field Evaluation of Mutagenized Rice Material

Sydney D. Johnson EJ Dennis R. Taylor, Thomas H. Tai, Joanna Jankowicz-Cieslak, Bradley J. Till & Alpha

. . [ X
Reverse genetics in plant geneticresources = \ 792
AMutagenicagents ¢hemicalphysica) are R .
usedto create nevwariation N R R AR
Alf you observeaninterestingtrait in an ol i
Individual andif the mutationisknown, it -
is possibleto linkit to the trait to the AL T Vs S N
genomiclocation WS N
AMutations caneither be untargetedor l ‘
targeted(more to come onceve discuss
genomeediting) o =

IMPROVED TRAIT



Forward genetics in plant geneticresources

AStemrust (Pucciniagraminisf. sp.tritici) is a devastatingdiseasen wheat
that maycause up to 100%sses

AA major target of breeding from the greeevolution

AThere is plenty of resistance genes that have biegogressedrom wild
species

AT.timopheevi
A Ae.ventricosa
A Ae.speltoides
A Ae.tauschii
AS. cereale
AT.monococcum
AX @




ARace Ug99T(TKSKemergedand overcameresistanceof manyknown
genes

ANewresistancealleleswere found in africanlandracematerialsand
transferredto elite materialsto conferresistance

Theor Appl Genet (2013) 126:1237-1256
DOI 10.1007/s00122-013-2050-8

Searching for novel sources of field resistance to Ug99
and Ethiopian stem rust races in durum wheat via association
mapping

THE SPREAD OF WHEAT STEM RUST UG99 LINEAGE]

—— >

Tesfaye Letta - Marco Maccaferri -
Ayele Badebo - Karim Ammar - Andrea Ricci -
Jose Crossa - Roberto Tuberosa
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Stem Rust Resistance in a
Geographically Diverse Collection of
Spring Wheat Lines Collected from
Across Africa

Renée Prins 2!, Susanne Dreisigacker’?, Zakkie Pretorius?, Hester van Schalkwyk "2,
Elsabet Wessels', Corneli Smit', Cornel Bender?, Davinder Singh* and Lesley A. Boyd**

' CenGen (Pty) Ltd., Worcester, South Africa, ? Department of Plant Sciences, University of the Free State, Bloemfontein,
South Africa, * International Maize and Wheat improvement Centre, Mexico City, Mexico, * Faculty of Agriculture and
Envirenment, Plant Breeding Institute Cobbitty, University of Sydney, Narellan, NSW. Australia, °* Department of Genetics and
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Forwardand
Reverse genetics
arenot at odds
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RESEARCH ARTICLE

Metabolic Engineering to Enhance Provitamin D3
Accumulation in Edible Tomatoes

sunmee Choi" Min Kyoung You" YurrA Jeon!T Jaebok Lee! Jinhwa Kim! Young Jin Park’ Jeongmo Kirn, Jongjin Park!
RES)

Jae Kwang Kim? and Sunghwa Choe

Abstract

Ensuring adequate levels of vitamin D3 in the human diet has long been an important objective in crop breeding,
as most crops have extremely low levels of this compound. To address this challenge, we have employed the CRISPR-
Cas? gene editing system in tomatoes 1o induce loss-of-function mutations in one of the two DWARFS genes, a
homologue of the human dehydrocholesterol A’ reductase gene. Lines with knocked out SIDWFSA gene exhibited
visually indistinguishable phenotypes, yet remarkably accurnulated provitamin D3 levels as high as 6 pg/g dry weight
(DW) in the red fruits. As the daily recommended intake of vitamin D is 20 pg (800 IU), consuming a single ripe fresh
tomato weighing 150 g (equivalent 159 DW) has the polential Lo significantly alleviate widespread vitamin D defi-
dencies worldwide.



A recipe for forward genetics: genome-wide
association studies (GWAS)

Ouringredients

1. Genetic materials, a set ofplant geneticresourcesn which variation is
present for certain traits

2. Phenotypic values measuredon the set of genetimaterialsand
representingvariationof interest

3. Molecular markers typedon the set of genetimmaterials mostcommonly
SNPswhichare btallelicanddistributed genomewide

4. Appropriate statistics to connectgenotypesand phenotypes many
methods sameunderlyingreasoning



AMany different methods sameunderlyingreasoningis there anygiven
allele (markerpssociatedvith the valueof the trait ofinterest?

Aln other words,we wantto knowwhether our responsevariable(y, the
phentoypé is associatedvith our explanatoryvariable(x, the marker)

AWe canaddresghis in asimplestatisticalframeworkbasedon a linear
model
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The recipeat work

Research question: climatechangeis affectingseasonatainfall
distributionin Ethiopig there isthe needto steerbreedingtowards
earlyfloweringgenotypedo improvelocaladaptation plant genetic
resourcegnayhaveusefulallelesto contribute to this

1. Genetic materials: A
representativecollectionof 250
Ethiopianbarleylandracesand
breeding lines

latitude
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2. Phentoypic values: Days tdloweringmeasuredon all geneticmaterialsfor
whichgenotypicdatais alsoavailable
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3. Molecular markers: 23K+SNPs
describinghe diversity of genetic
materialsacrosshe wholegenome
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4. Appropriate statistics



4. Appropriate statistics

Trait

Pl absh b dub ol

Individual

Phenotypic
variation (y)



A Eachindividualis different from the others, whenwe genotypethem with SNPswe obtain
biallelicmarkersat eachlocus, withdifferent outputsdependingon their allelicdiversity

AWed o mréaltyneedto worry aboutnucleotides| e tathes think in termsof alleles and
| e tall tbe alleld whenit isthe sameasthe referencegenomeand1 whenit isdifferent
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ID1 1D2 ID3 D4 ID5 ID6 ID7 .. IDN

Running a GWAS fitting a % ‘% % % % “i% %% S‘X%’

linear model toconnect s () ) ) ) ) )
phenotypesand allelesat O/ W W )
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Trait

No association; thisisthe
outcomeexpectedon most
tests(asmostof the
markers/locihavenothingto
do with the trait)
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Association; it seemsthat the response
variableis associatedvith the explanatory
variable andwe expectit to happenrarely. To
what extent the associations significant the
statisticstells us




~log(p)

A The modelstestedon all markers;if youhavelM markerst h alMtestd

A Eachtestis specificto a markerwhichis specificto agenomiclocation

A The commorrepresentationof the outcomeis a Manhattan plot which puts
together position on thegenome(x) andsignificanceof the associatedest (y)

Marker-trait
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Remembethat SNP markersiowevermanythey maybe, seldom
representthe full extentof variationin the genome

AMarkers areour proxy to representvariationin the DNAevel they
are themeanto an end andot the enditself

SNP 1 SNP 2 SNP 3 SNP 4

i L Il U

Thereasonwhy we capturethe «effect» of
a specificgeneticfactor on thevalueof the
trait through GWASs that linkage
disequlibrium (LD) exists between the
marker and the causative variant
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A key conceptvhenit comesto
mappingis that of linkage
disequilibrium(LD)

ALDisthe non randomassociation
of allelesat differentloci in a
givenpopulation

Alt occurs when alleles at differen
loci are inherited together more
often than expected by chance

ARecombination decreases LD

AThroughout time, populations
move from disequilibrium to
equilibrium (assuming that
recombination occurs)

Linkage disequilibrium
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Back toEthiopianbarleygeneticresourcesnow

(a) Days to Heading (DH) W h a he’X'[%
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Trait determination complexity
AMost traits of agronomidinterestare complex

ATheyhavea quantitativemanifestationthat is the
resultof the cumulativecontributionand

Interaction ofn loci, eachwith afraction effect on
the trait

AHence the term Quantitative Trait Loci (QTL)
mapping

Number of wheat grains Number of wheat grains Number of wheat grains

Number of wheat grains

One locus

(1:2:1)
ji White
Color
Two loci
(1:4:6:4:1)

Colo;

Three loci
(1:6:15:20:15:6:1)

Color

n loci
(continuous)
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Caveats

The identification of genotypéait association is a challenging effort
depending on many variables, including:

Diversity available in plant genetic resources

Sample size and experimental design (statistical power)

Nature and extent of molecular characterization of the mapping panel /
Frequency of recombination (linkage disequilibrium)

Organization of the genetic diversity in the population (genetic structure)
Complexity of the trait and heritability

To o oo o Do

Genetic structure GWAS Covariates

N s

Markers Phenotype




Developemenbf mappingpopulations

Mapping (NAM) panel

d Association
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An issue with complexity

It iSsbecomingincreasinglclearthat =

traits arecontrolled by manifold Functional dom
Sma”eﬁeCt IOC' gﬁ;?:;i?-::gifz‘al
Quantitativegeneticmapping ~ Henstobgesl

Metabolic
Skeletal

studies ardipicallyunderpowered
to capturesmalleffects(few cases
manyvariables

Large human studies (e.g. UK
BioBank are filling in the gap ——

Mean effect (o)
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2
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Number of genes found



Heritability is the proportion of phenotypic variance that can be explained
by genotypic variance; the higher, the easier to map
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GWASforward geneticgs a statisticalexcercisePresencef a QTL/marketrait
assciationis definedon thebasisof asignificanceghreshold anddependingon it
theresa certainchance otommitting Typel andTypell errors

Type | and Type Il Error
Probability of making Type | and Type Il errors

Null hypothesis is ... True False

Alternative hypothesis

Type | error Correct decision Null hypothesis (Ho)
(H,) distribution

distribution

Rejected False positive True positive
Probability = a Probability =1- B

Correct decision Type Il error
Not rejected True negative False negative
Probability =1-a Probability = B

Type Il error rate Type | error rate

Reverse genetiapproachesnaybe usedto «validate»associations



Once marker-trait associations are identified

Design markers
that can be
usedby
breedersto
follow the
segregatiorof

a trait of
Interest

1. Assay components: A) KASP Assay Mix B) KASP Master Mix
A) KASP Assay Mix: consists Allele-specific forward primers: :
of 2 allele specific primers and et ks
1 reverse primer. h—s rad
aleie2 n
B) KASP Master Mix: contains & &
universal fluorescent probes, Reverse primer: 3[ s =[]s
Taq polymerase and dNTP's in T
an optimised buffer solution.
C) DNA template (sample) )
C) Sample DNA: DNA s’ 3
contains the SNP of interest. II!‘IIIIIIIIIIII-IIIIIIIIIIIIII5.
[or]
2. Denatured template and annealing _
components - PCR round 1:
5 ¥ Allele-1 tail FAM-labelled
(allele-2 primer does not elongate) [EEEEEEERREREEEE oligo sequence
A mmmmoe B ———— Allele-2 tail HEX-labelled

c
L1111 i AL ii il illl
7 & -

In the first round of PCR, one of the allele-specific primers matches the target
SNP and with the common reverse primer, amplifies the target region.

oligo sequence

Common reverse primer
FAMdye
HEXdye

Target SNP

3. Complement of allele-specific tail sequence
generated — PCR round 2:

JMWWWWWW

I
JJJLLLLJ_ILIJ_IJ.IJ. 11 u@u ILLLI L irreiny

c9O0000

Quencher

(Reverse primer binds,

elongates and makes a
complementary copy of
the allele-1 tail.)

4. Signal generation — PCR round 3:

FAM-labelled oligo binds to new complementary
:G:T?TTTTTT:H sequence and is no longer quenched
11 TI"I—ITFI_ITT[—‘I:'IT raTIrcTrnTr
'U‘L'L-U—L.L_Luun||||1||ﬁ|1||||||||||||||

In further rounds of PCR, levels of allele- specific tail increase. The
fluor labelled part of the FRET cassette is complementary to new tail
sequences and binds, releasing the fluor from the quencher to generate
a fluorescent signal.

E 5
Fluor for ncorperated  Fluor for nom-incorporated
G allle o longer T afele remains
quenched quenchad

140
120
100
80
60
40
20

125 FRIGIDA

23

T:T G:G T:G



Use of mapping information for breeding

Once a marketrait
associationsdiscoveredit
can beusedto accelerate
the developementof new
varietieswith improved
traits










Forward genetics in plant geneticresources

AStemrust (Pucciniagraminisf. sp.tritici) is a devastatingdiseasen wheat
that maycause up to 100%sses

AA major target of breeding from the greeevolution

AThere is plenty of resistance genes that have biegogressedrom wild
species

AT.timopheevi
A Ae.ventricosa
A Ae.speltoides
A Ae.tauschii
AS. cereale
AT.monococcum
AX @




ARace Ug99T(TKSKemergedand overcameresistanceof manyknown
genes

ANewresistancealleleswere found in africanlandracematerialsand
transferredto elite materialsto conferresistance

Theor Appl Genet (2013) 126:1237-1256
DOI 10.1007/s00122-013-2050-8

Searching for novel sources of field resistance to Ug99
and Ethiopian stem rust races in durum wheat via association
mapping

THE SPREAD OF WHEAT STEM RUST UG99 LINEAGE]

—— >

Tesfaye Letta - Marco Maccaferri -
Ayele Badebo - Karim Ammar - Andrea Ricci -
Jose Crossa - Roberto Tuberosa

Lrassmark

Stem Rust Resistance in a
Geographically Diverse Collection of
Spring Wheat Lines Collected from
Across Africa

Renée Prins 2!, Susanne Dreisigacker’?, Zakkie Pretorius?, Hester van Schalkwyk "2,
Elsabet Wessels', Corneli Smit', Cornel Bender?, Davinder Singh* and Lesley A. Boyd**

' CenGen (Pty) Ltd., Worcester, South Africa, ? Department of Plant Sciences, University of the Free State, Bloemfontein,
South Africa, * International Maize and Wheat improvement Centre, Mexico City, Mexico, * Faculty of Agriculture and
Envirenment, Plant Breeding Institute Cobbitty, University of Sydney, Narellan, NSW. Australia, °* Department of Genetics and
Breeding, National Institute of Agricultural Botany, Cambridge, UK



A It isbecomingincreasinglyclear that
traits arecontrolled by manifold
smalleffectloci

A Forwardgenetics ardipically
underpoweredto capturesmall

effects(few casesmanyvariable$
A Large studies arstartingto fill in
the gap s,
It is easierto mapQTL fodisease \

resistancethanto mapQTL for yield N
KE
s Numberofgefwégs found

From Lopez-Cortegano, Caballero 2018



Towards gene identification

The mappingesolution icc aoss NN NN I E——

dependson recombination
density

It isveryinfrequentto beableto
identify individualcausative
variants andthis dependson a
numberof factors

A Markerdensity

A Recombinatiordensity

A Complexityof the trait

A Quality of theannotation
icc 1552 [ A N -2

9 Mb 16 Mb



Developemenbf mappingpopulations

Mapping (NAM) panel

d Association
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Decomposingphenotypicvariancen quantitative

traits .

sponse

A The performance of each
individual is determined both by
Its genotype composition and by
the environment

A The best performer in one

environment may not be the best |

in another

esponse

Re:




Decomposin@enotypicvariancein guantitative

traits

W w W W

+

Phenotypic Value
Phenotypic Value

o 1 2 o 1 2

Genotypic Value Genotypic Value
Number of A alleles Number of A alleles

Genetic variance can also be decomposed in fundamental components:

A

Additive genetic variance (A), refers to the deviation from the mean
phenotype due to Iinheritance of a
effect on phenotype, i.e., relative to the mean phenotype of the population
Dominance variance (D) due to interactions between alternative alleles at ¢
specific locus

Interaction or epistatic variance (I) due to interaction between alleles at
different loci



Theheritability of agiventrait is calculatedasthe fraction of the trait
variancethat can beexplainedby genotypicvariance

,,O 1 "Q 1
1 1 1 1
Broadsenseheritability: all sources Narrowsenseheritability: only additive
of geneticvarianceare considered geneticvarianceis considered

A If His0, none of the phenotypic variation can be explained by the genetic
variation, it is all due to variation in the environment
A If H2is small, the trait is strongly influenced by the environmgng., yield)

A If His large, the trait is only slightly influenced by the environment (e.g. flower
colour).



Genotype 1 Genotype 2 Heritability:
7777777777 S . Based on error plot variance
A) 2 N
v 0-2
H:andara = 2
tandard — 2 2
o5 + (0¢/n)
ep s rep 2 rep 1 rep?2
Statistical modeling Based on average genotype
B) iy s-ea s t s.e standard error
A A 2
o H2. - 0—9
Characters Heritability
Broad sense (%) Narrow sense (%)
In a breedingerspective Plant height (cm) 71 48
h . b | . . . Number of panicles / plant 30 14
erlta I Ity IS qU|te Number of spikelets / panicle 32 29
I Number of fertile spikelets / panicle 36 27
Im portant Percentage spikelets fertility / plant 49 47
100 grain weight / plant (g) 67 50
Grain yield / plant (g) 32 19



Commonmisconceptiongbout heritability

A" A heritability of .4 means that 40% of the trait is determined by
genetics” . Nope A heritability of O
phenotypic variation for that trait is due to variation in genotypes for
that trait (and not that in each plant 0.4 of the phenotype is
determined by genes)

A*A low heritability means that trait is not determined by genes” .
Also wrong; low heritability may be due to low variance (in the
population) or too much error

A“A heritabilityisa fixedvalue” . |t really is a p
depends on genetic materials and experimental conditions in which
variances are assessed

A“ A high heritability implies a major-effect QTL” . |l t coul d |
due to a number of different QTL (each with small effects)



QTL mapping

AA QTL is a locus contributing to the phenotypic value of a complex
(multigenic) trait

AQTL mapping aims at the dissection of complex traits into Mendelian
factors: understand their location and their relative importance

QTL mapping to-dos , .

A Control environment & vary genetics w ] [ W -

A Use a panel of genetically diverse plants
with different trait levels

A Leverage statistical association between
alleles and trait levels to find genomic

loci and possibly genes

Phenotypic value



The identification of QTL is a challenging effort depending on many
variables, including:

A Diversity in the mapping panel

A Frequency of recombination (linkage disequilibrium)

A Nature and extent of molecular characterization of the mapping panel
A Complexity of the trait (heritability)

A Sample size (statistical power)

Genetic structure Quantitative Trait Loci (QTL) Covariates

N s

Markers Phenotype




The genetics of quantitative traits:
challenges and prospects
*' Eric A. Stone*® and Julien F. Ayroles*'

QTL mappingequiresfour
things
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Diversity panelgy, groups ofindividuals

collectedfrom nature andresultingfrom o1 L
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Multiparentalmappingpopulations(MPP$ A artificial segregant
populationsdevelopedintercrossing2+ parental lines
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2. Molecular markers

AGentotypinginformation is necessary to characterize the genetic diversity in
the mapping population

AYou have all sort of molecular markers to choose from, the most accurate
being single nucleotide polymorphisms (SNPs)

Individual sequences Haplotypes A A haplotype is a
combination of alleles at
GATATTCGTACGGATT multiplelodcithatﬁre
transmitted together on
GATGTTCGTACTGAAT AGT the same chromosome
GATATTCGTACGGATT = GTA A Looking back at genetic
GATATTCGTACGGAAT materials, a haplotype
represents a group of loci
GATGTTCGTACTGAAT within an organism that
was inherited together
GATGTTCGTACTGAAT from a single parent.

SNPs  A/G G/T A/T



A key conceptvhenit comesto
mappingis that of linkage
disequilibrium(LD)

ALDisthe non randomassociation
of allelesat differentloci in a
givenpopulation

Alt occurs when alleles at differen
loci are inherited together more
often than expected by chance

ARecombination decreases LD

AThroughout time, populations
move from disequilibrium to
equilibrium (assuming that
recombination occurs)

Linkage disequilibrium
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Linkage Within A Family
Recombination Point
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Decay of Linkage over successive generations
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Population moves from Linkage Disequilibrium to Linkage
Equilibrium over time

https://journals.plos.org/ploscompbiol/article?id=10.1371/journal.pcbi.10028



3. Well measured phenotypes

Aln order to support QTL mappingieasurementsnust be
repeatible(rememberG x E) and accuratkyer error)

ANowadaysphenotypingcomesin a—omicsdimension




4. Appropriate statistics

AMany different methodsexist dependingon population
distribution of traits, genetianechanismonsideregdmolecular
mar ker s, 5 T £ B -

_ W
ATwomainavenues

ALinkage / interval mapping; Whenpedigreeis known (artificial
populationg andintervalsof markers—rather than individualmarkers—
IS usedto support mapping. Theesultingstatisticis the logarithmof
odds(LOD), or the log of therobability of havinga QTL in apecific
location over theprobability of not havingit

AGenome-wide association studies / LD mapping; a mappingonducted
marker by markemisedin diversity panels. Thesultingstatisticisa -
valuecoming from testing the alternativieypothesisof agenotypic
effecton the trait
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Linkage mapping

Low marker
density required
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pedigree

More robust

Limited variation
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Association (GWAS)

A High marker density
necessary

A Hidden structure, LD

A Higher false positive
rate

A Broad variation
A High definition
A Faster, cheaper



Parent A s II Parent B
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Five generations of self pollinating

A

Recombinant Inbred Lines

Ancestral chromosomes

Hundreds of generations
E\E

of intermating
Individual Lines in the Subject Population




Forwardgeneticss a statisticalexcercise
(LOD opvalue. Presencef a QTlisdefined
on thebasisof asignificancahreshold

Type | and Type Il Error

Null hypothesis is ... True False
Type | error Correct decision
Rejected False positive True positive
Probability = a Probability =1- B

Correct decision Type Il error
Not rejected True negative False negative
Probability =1- a Probability = B

o1 T e -
'0d, =0 '0d 0

Probability of making Type | and Type Il errors

Null hypothesis (Ho)

distribution (H,) distribution

Alternative hypothesis

Type Il error rate Type | error rate



Multiple testing problem: when conducting multiple statistical tests

simultaneously, the chance of incorrectly rejecting a true null hypothesis

(false positive) increases

A Bonferroni: the nominaltest p-value(tipically0.05)is dividedby the
numberof independenttests performed

A False Discovery Rate (FDR): anadjustedp-valuedistribution that is
specificto eachtest and that takes in account thexpected proportion of
false positives among all significant tests

A Permutations: scrambling th@henotypicvaluesandlookingfor QTL
(expectingnot to find any). Reapeat large n of times and produce a
distribution of staticsthat representsnoise Thenpickathreshold
accordingo the distribution
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Figure 1| Power to localize and detect quantitative trait loci. a | Numbers of individuals (log, scale) required to
detect quantitative trait loci (QTLs) for a range of effect sizes {Ei“'crh_} in backcrossed (blue) and F2 ired) linkage mapping
populations. b | Numbers of individuals (log,  scale) required to detect QTLs for a range of effect sizes in association
mapping populations in which the minor allele frequency is 0.5 (blue), 0.25 (red) and 0.1 (green). ¢ | Log, , of the number
of individuals required to detect at least one recombinant in an interval of size ¢ (c = 100 centiMorgans; cM) (blue) and
log,, of the number of marker genotypes needed to localize QTLs per 100 cM (red). d | The expected frequency of
recombinants after t generations of recombination in a random mating population, for a per generation recombination
fraction of ¢ = 0.01 (blue), ¢ = 0.005 (red) and ¢ = 0.001 (green). 8, average difference in the trait phenotype between
marker allele genotypes; o,,, phenotypic standard deviation of the trait within marker genotype classes.
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Table 1 Heritability estimated on a line mean basis

Heritability
Family/panel Plots evaluated PHT EHT DTA NPH
NAM families 57,142 092 093 0584 0.89
B73 x B97 1,924 093 093 084 0.85
B73 x CML103 1,914 091 091 087 091
B73 X CML228 1,770 092 093 0594 0.89
B73 x CML247 2,006 093 0893 083 0.87
B73 x CML277 2,020 092 092 0594 0.88
B73 x CML322 1,859 092 092 091 050
B73 x CML333 1,892 093 093 094 091
B73 x CML52 1,860 092 092 092 0.88
B73 x CMLES 1,91 093 0594 089 0.86
B73 x Hp301 1,921 092 092 0980 091
B73 = IN4H 1,805 093 093 091 093
B73 x Kil1 1,905 093 084 084 089
B73 x Ki3 2,041 092 092 093 09
B73 x Ky21 1,918 093 093 084 091
B73 x M162W 2,023 092 092 091 092
B73 x M3TW 1,942 091 091 089 0893
B73 x Mol18W 1,830 082 083 083 092
B73 x M571 1,896 092 092 089 091
B73 x NC350 1,841 093 09594 092 0289
B73 x NC358 1,861 092 092 086 0.88
B73 x Oh43 1,920 085 084 081 050
B73 x Oh7B 1,880 0594 095 080 091
B73 x P39 1,876 092 083 085 084
B73 x Tx303 1,678 094 094 092 0.89
B73 x Tzi8 2,107 094 085 082 083
B73 * Mo17(IBM) 1,989 093 094 092 091
NCRPIS diversity panel 7,47 0.87 086 0.92 NA

Plots evaluated detail the number of plots scored for PHT across all environments.
The other surveyed traits possessed comparable values within each family or panel
with the exception of NPH, which was not scored in the NCRPIS diversity panel. PHT,
DTA, EHT, and NPH detail the proportion of variance between and within lines
explained by between line variance after accounting for known environmental
variation in the respective trait.
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Table 2 Top height-associated family-nested QTL across RIL families

Combined RMIP

Chr Mb M PHT EHT DTA NPH Nearby annotations of interest
1 10 20 54 64 o] 0
1 29 47 36 0 4] 0
1 66 75 47 25 17 o
1 a3 82 45 64 95 51
1 184 ag 54 0 4] 59
1 204 17 43 44 40 0
1 249 148 71 66 0 0 brassinosteroid-deficient dwarf1 (Pettem 1956)
2 1 0 46 32 4] o
2 3 7 40 15 4] 0
2 90 76 44 " 76 EX
3 5 21 12 0 1] 0 crinkly leaves! (Beavis W et al. 1991)
3 10 34 34 23 o] 0
3 24 52 64 54 33 67
3 160 73 67 26 78 78
4 148 62 44 53 4] 0
4 235 115 52 43 12 )
5 89 70 27 51 40 0
5 201 109 69 a1 4] 1
6 92 19 21 20 4] 0
6 96 22 77 51 12 0
& 141 55 27 28 4] 12
6 147 58 21 0 4] 0
7 33 48 56 16 4] 67
7 135 73 52 61 37 17
7 143 &1 22 0 4] 0
7 152 &9 27 0 4] 0
7 155 a5 58 23 4] o
8 22 49 24 19 4] 0
8 121 64 69 a1 98 97
9 99 50 83 96 4] 15
9 111 55 34 19 47 40
9 133 [3¢] 64 17 4] )
10 5 15 19 " 15 7 crinkly feaves4 (Stinard and Robertson 1987)
10 140 (3] 26 0 4] 50
10 147 a1 36 13 4] )

The combined resample model inclusion probability (RMIP) details the number of models one or more markers located within 3 cM of the stated association was selected out
of the 100 models constructed for each trait (PHT, EHT, DTA, NPH). Each of the 100 models was calibrated from a family-stratified sampling of RiLs during bootstrapped joint-
linkage mapping. Mb denctes megabase pesitions in maize RefGenV1. cM denotes centimorgan positions of the composite NAM family genetic map.
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From QTL to genes

oring

A TypicallyQTLregionsidentified containmany
geneggeneticfactors

A Molecularmarkers are a proxy of genefiactors
to whichthey are associatedhroughlinkage
disequilibrium(LD)

Interpretation

Genetic structure Quantitative Trait Loci (QTL) Covariates

N s

Markers Phenotype
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Figure 2. Genetic linkage map was generated using an F3 population derived from SD34 x SD35. The map included 70 RFLP loci, scored in
about 120 individulas, and linkage analysis was done using MAPMAKER v2.0.

Summary

Grain yield in the maize (Zea mays L) plant is sensitive to drought in the period three weeks either side of flowering.
Maize is well-adapted to the use of restriction fragment length polymorphisms (RFLPs) to identify a tight linkage
between gene(s) controlling the quantitative trait and a molecular marker. We have determined the chromosomal
locations of quantitative trait loci (QTLs) affecting grain yield under drought, anthesis-silking interval, and number
of ears per plant. The F; families derived from the cross SD34(tolerant) x SD35(intolerant) were evaluated for these
traits in a two replicated experiment. RFLP analysis of the maize genome included non-radioactive DNA-DNA
hybridization detection using chemiluminescence. To identify QTLs underlying tolerance to drought, the mean
phenotypic performances of F5 families were compared based on genotypic classification at each of 70 RFLP marker
loci. The genetic linkage map assembled from these markers was in good agreement with previously published
maps. The phenotypic correlations between yield and other traits were highly significant. In the combined analyses,
genomic regions significantly affecting tolerance to drought were found on chromosomes 1,3,5,6, and 8. For yield,
a total of 50% of the phenotypic variance could be explained by five putative QTLs. Different types of gene action
were found for the putative QTLs for the three traits.
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Figure 3. QTL likelihood maps indicating LOD score for grain yield under drought (GYD), anthesis-silking-interval (ASI), and ears per plant
(EAR). The horizontal line at a height of 2.2 indicates the stringent threshold that the LOD score must ¢ross 10 allow the presence of 2 QTL 1o
be inferred.
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Using high-throughput mult
phenotyping to decipher the
architecture of maize drougt
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Abstract

Background: Drought threatens the food supply
the dynamic responses of plants to drought will
tolerant crops, as the genetic controls of these re

Results: Here we develop a high-throughput mt
to noninvasively phenotype 368 maize genotype
over a course of 98 days, and collected multiple 1
camera scanning, hyperspectral imaging, and X-r
We develop high-throughput analysis pipelines t
Of these i-traits, 10,080 were effective and heritat
internal drought responses. An i-trait-based genc
4322 significant locus-trait associations, represent
(QTLs) and 2318 candidate genes, many that co-
maize drought responsive QTLs. Expression QTL |
and distant regulatory variants that control the e
We use genetic mutation analysis to validate twc
ZmFABIA, which regulate i-traits and drought tol
candidate genes as drought-tolerant genetic mal
selection analysis, and 15 i-traits are identified as
tolerance breeding.

Condusion: Our study demonstrates that combi
optical phenotyping and GWAS is a novel and ef
genetic architecture of complex traits and clone
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