) | X

N

Universitat de Lleida

Assessment of genomic and high-throughput
phenotyping tools in a diversity panel of Mediterranean
landraces and cultivars for wheat breeding under
rainfed environments

Rubén Rufo Gomez

http://hdl.handle.net/10803/673165

m Assessment of genomic and high-throughput phenotyping tools in a diversity

panel of Mediterranean landraces and cultivars for wheat breeding under rainfed environments
esta subjecte a una lliceéncia de Reconeixement 4.0 No adaptada de Creative Commons

Les publicacions incloses en la tesi no estan subjectes a aquesta llicéncia i es mantenen sota
les condicions originals.

(c) 2021, Rubén Rufo Gomez


http://hdl.handle.net/10803/673165
http://creativecommons.org/licenses/by/4.0/

) |

i~ WA

[FOOD [&[AGRICULTURE

Universitat de Lleida

Assessment of genomic and high-throughput
phenotyping tools in a diversity panel of
Mediterranean landraces and cultivars for
wheat breeding under rainfed environments

Rubén Rufo Gomez

Assessment of genomic and high-throughput phenotyping tools in a diversity panel of
Mediterranean landraces and cultivars for wheat breeding under rainfed environments

Rubén Rufo Goémez






) X

N

Universitat de Lleida

TESI DOCTORAL

Assessment of genomic and high-throughput
phenotyping tools in a diversity panel of
Mediterranean landraces and cultivars for
wheat breeding under rainfed environments

Rubén Rufo Gomez

Memoria presentada per optar al grau de Doctor per la Universitat de Lleida
Programa de Doctorat en Ciéncia i Tecnologia Agraria i Alimentaria

Direccio:

Dr. Jose Miguel Soriano Soriano

Dr. Joaquim Bellvert Rios

Programes de Cultius Extensius Sostenibles i Us Eficient de I'Aigua
Institut de Recerca i Tecnologia Agroalimentaries (IRTA)

Tutoria académica:

Dr. Ignacio Romagosa Clariana

Departament de Produccié Vegetal i Ciéncia Forestal
Universitat de Lleida (UdL)

Lleida, Juliol 2021






Agraiments

La present memoria de Tesi Doctoral s’ha realitzat a ’area de Cultius Extensius
Sostenibles de I'Institut de Recerca i Tecnologia Agroalimentaria (IRTA) de Lleida
sota la direcci6 del Dr. Jose Miguel Soriano i la co-direccié del Dr. Joaquim Bellvert.
A tots dos els vull agrair la seva enorme dedicacid, voluntat i efectivitat en la
conducci6 de totes 1 cadascuna de les etapes d’aquesta tesi.

A tot 'equip de professionals que forma aquesta area també els vull agrair la seva
gran ajuda en les activitats de camp i de laboratori aixi com també el seu recolzament
davant le situacions més complicades. Andrea, Teresa, Maria, moltes gracies per tots
els bons moments que m’heu fet passar, sense vosaltres no hagués estat el mateix.
També vull donar les gracies a les Doctores Conxita Royo i Marta da Silva, per la
seva experiencia, guia i consells que tant m’han servit per aprendre a plantejar els
problemes des de diversos enfocs.

Vull agrair enormement al Dr Silvio Salvi i a tots els integrants del Dipartimento
di Scienze e Tecnologie Agro-Alimentari (DISTAL) de la Universitat de Bolonia
(Unibo) per haver-me convidat a fer 'estada de la Tesi formant part del seu grup i
haver-me fet sentir com un més d’ells. Moltes gracies per tot el que m’heu ensenyat
1 per tots aquells meravellosos moments que hem viscut plegats. A tots els alumnes
1 doctorands d’en Silvio que em veu ajudar tant i que des del primer moment em
veu donar suport i amistat, moltissimes gracies Gianmarco, Bart, Sara, Adelaide,
Giuseppe, Francesco, Laura, Raffaella, Richard, Win, Kai, Alberto i una gran llista
de noms. En especial vull agrair als meus amics Giuseppe Condorelli (ara ja Dr) 1
David Baldo, no només per la seva ajuda i suport en la feina feta, sin per la vida que
m’han donat durant els 5 mesos d’estada a Bolonia. Gracies de tot cor.

També volia agrair al Ministerio de Ciencia e Innovaciéon (MINECO) per haver-me
concedit la beca de Formacié de Personal Investigador (FPI) BES-2016-078247
associada al projecte AGL2015-65351-R 1 als projectes RT'A2015-00072-C03-01,
PID2019-109089RB-C31 i RT12018-099949-R-C21.

En ultim lloc 1 no menys important, vull donar les gracies a tota la gent que he
fet a Lleida i que m’ha donat el suport necessari per seguir endavant, en especial a la
cnadyilla (Juanjo, Fermin, Efren, Salomé, Martina i Asier). També a la meva familia i
en especial a la Nadet, qui sempre ha estat al meu costat en els moments més durs 1
en els més gratificants, animant-me, recolzant-me i fent possible que em nantingués
tranquil 1 animat per seguir endavant.

Per acabar, voldria tornar a agrair al meu director i amic Jose Soriano per I'atencid
que m’ha donat en tot moment. Per una feina ben feta, per fer-me sentir valorat,
per la teva confianga i per haver-me fet sentir que erem un equip. Si aixo ha estat
possible, en gran part ha estat gracies a tu.






Index
Abstract R

Resum

Resumen

Introduction

1. Origin and evolution of wheat

2. Importance of thecrop_ . ‘ 1

3. Impact of drought stress in the Mediterranean basin_____ 11
4.landraces as source of diversity 12
5. The MED6WHEAT diversity panel at IRTA 13

6. Breeding under a climate change scenario .. .4

6.1. Phenology fitting__ . 14

6.2. GrainYield 15

6.3. Crop traits related to drought tolerance . 16

7. New approaches for plant phenotyping. From ground toair___ 17

8. Genetics and genomics in wheat N 19

8.1. Molecular markers, from gelstochips. .20

8.2. Mapping quantitative traits 21

8.3.The release of the wheat genome sequence . . .22

9. The future of genetic improvement of breadwheat .~ 23
10. References e .23

Objectives . . . . o A

Chapter 1:

From landraces to improved cultivars: Assessment of genetic diversity

and population structure of Mediterranean wheat using SNP markers 45
T.Abstract 45
2. Introduction_ . 45

3. Material and methods 46

3.1.Plant material . 46




3.2. Molecular characterization . 47
3.3.Dataanalysis 47
4 ROSUIS 48
4.1.SNP polymorphism and diversity 48
4.2. Linkage disequilibrium .48
4.3. Population structure .50
44 Cluster analysis 55
5.Discussion 59
5.0, Geneticdiversity 59
5.2. Linkage disequilibrium and population structure .~~~ 60
5.3.GeNe flOW e 62
6. Concludingremarks 63
7. References 64
Chapter 2:
Exploring the Genetic Architecture of Root-Related Traits in
Mediterranean Bread Wheat Landraces by Genome-Wide Association
Analysis 73
ToAbStract e T3
2.IntrodUCtion e 73
3. Materials and Methods. ... 75
3.1.PlantMaterial 75
3.2. Root Morphology and Statistical Analysis__ .75
3.3.GrainYield 76
3.4. Statistical Analysis .76
3.5. Genome-Wide Association Analysis 77
3.6.Gene Annotation .78
4 ReSUIS 78
4.1. Phenotypic Data of Root Traits ... | 78
4.2. Marker-Trait Associations 80

4.3. Gene Annotation




5. Discussion

84

6. Conclusions

90

7. References

92

Chapter 3:
Using Unmanned Aerial Vehicle and Ground-Based RGB Indices to
Assess Agronomic Performance of Wheat Landraces and Cultivars in a
Mediterranean-Type Environment

101

1. Abstract

2. Introduction

3.1. Experimental Field Setup and Agronomic Data Recording__ . .
3.2. Remote Sensing Images Acquisition
3.2.1. Ground-Based RGB Vegetation Indices .
3.2.2. Multispectral Images Acquired withthe UAV

3.3. Statistical Analysis
4. Results

4.1. Environmental Conditions

101
2101
..103

103
104

105
106
..108
..108

108

4.2. Agronomic Performance

109

4.3. LAl Prediction through Vegetation Indices

4.4. Performance of Stepwise Regression Models

5.Discussion oo

5.1.Conclusions__ .

6. R  IENCES

Chapter 4:
Identification of quantitative trait loci hotspots affecting agronomic

traits and high-throughput vegetation indices in rainfed wheat

1. Abstract

2. Introduction

3. Materialsand methods._ .

3.1. Plant material and field trials

110
113
14

121

122

133
133
133
135
135



3.2. Agronomicdata

3.3. Image acquisition

3.4. Genotyping

136

136
137

3.5. Statistical analyses

3.6. Marker trait associations

3.7. Gene annotation and in silico gene expression analysis___

4. Results

4.1. Environmental conditions

4.2. Phenotypic analyses

4.3. Marker-trait associations

4.4. In silico analysis of candidate genes

5. Discussion

5.1. Phenotypic performance

5.2. Marker trait associations
5.3.QTLhOtSPOtS

5.4. Candidate genes

6.Conclusions_

7 RE I ONCES

DS CUSSION

1. Introduction

2. Agronomic performance of bread wheat cultivars in a
Mediterranean-type environment

2.1. Adaptive traits of the MED6WHEAT IRTA-panel subpopulations

2.2. Root system architecture and its relation to drought stress

3. Genome based approaches for wheat breeding

4.In silico identification of candidate genes involved in stress
resistance

5 RO I ONCES

Conclusions

137
138

139
139

139

140
147
150

155
155
158
159

160

161
163

175
175

178

79

181

..182

184
184

193



Conclusions 195

Conclusiones 197

Annexes ‘ ...199




List of Tables

Chapter 1:
From landraces to improved cultivars: Assessment of genetic diversity
and population structure of Mediterranean wheat using SNP markers

Table 1. Number of SNP markers (N), gene diversity (HT), polymorphic
information content (PIC) and linkage disequilibrium (LD) for all of the

chromosomes and genomes in both types of germplasm. . . oo

Table 2. Mean membership coefficients across the landraces from each country
included in each SP.

49

52

Table 3. Genetic diversity and variation between the MED6WHEAT SPs. . .

Chapter 2:

Exploring the Genetic Architecture of Root-Related Traits in
Mediterranean Bread Wheat Landraces by Genome-Wide Association
Analysis

Table 1. Statistics of the seminal root traits.

Table 2. Percentage of the sum of squares of the ANOVA in a set of 55
bread wheat landraces structured into three genetic subpopulations with
membership coefficient q>0.8.

56

78

.79

Table 3. Percentage of the sum of squares for grain yield of the ANOVA in the
collection of 170 bread wheat landraces.

79

Table 4. Means comparison of seminal root traits measured in a set of 55
Mediterranean wheat landraces structured into three genetic subpopulations
(Rufo et al. 2019) with g>0.8. .

80

Table 5. Root QTL hotspots. Positions are indicated in cm.

82

Table 6. QTL hotspots including grain yield. Positions are indicated incm.___ .

Table 7. Selected significant markers from the GWAS with different allele

composition for the upper and lower 10th percentile of genotypes. ... ...

.86

Table 8. Selected gene model families.

Chapter 3:

Using Unmanned Aerial Vehicle and Ground-Based RGB Indices to
Assess Agronomic Performance of Wheat Landraces and Cultivars in a
Mediterranean-Type Environment

Table 1. Number and percentage of genotypes showing each growth stage at

eachimage acquisition occasion.

83

85

106



Table 2. Red-green-blue (RGB) vegetation indices, based on different color
properties, used in the study.

Table 3. Vegetation spectral indices evaluated in this study.

..106

Table 4. Main descriptive statistics for yield (t/ha), biomass at ripening (t/ha),
number of spikes per square meter (NSm?), number of grains per square meter
(NGm?), and thousand kernel weight (TKW, g) for the sample datasets used in
the models. ..

Table 5. Analysis of variance performed separately for 181 landraces and 184
modern cultivars and values for grain yield, biomass, number of spikes per
square meter (NSm?), number of grains per square meter (NGm?), and thousand
kernel weight (TKW) for each growing season.

Table 6. Statistically significant (p<0.001) relationships between leaf area index
(LAI) measured with the ceptometer and vegetation indices (VIs) obtained
from UAV multispectral and RGB images.

Table 7. Training and test statistics of the models for the estimations of
agronomic traits through UAV multispectral and RGB Vis for each germplasm
set and growing season._..

108

110

111

Table 8. Training and Test statistics of the models for the estimations of
agronomic traits through UAV multispectral and RGB VIs aggregating the data

of the two growing seasons for landraces and modern cultivars.__

Chapter 4:
Identification of QTL hotspots affecting agronomic traits and
high-throughput vegetation indices in rainfed wheat

Table 1. Spectral vegetation indices assessed in this study.

Table 2. Analysis of variance for grain yield, harvest index (HI), biomass, number
of spikes per square metre (NSm?), number of grains per square metre (NGm?),
thousand kernel weight (TKW), plant height (PH), green area (GA), number of
days from sowing to anthesis (GS65), and grain filling duration (GFD, GS87) for
the three years of field trials.___ .

Table 3. Analyses of variance for the LAl estimated through MTVI2 and all the

Vs calculated at the anthesis stage and PAin 2017 and 2018, ...

Table 4. Mean values of agronomic traits in a set of 170 landraces and 184
modern cultivars of bread wheat for each growing season and genetic
subpopulation. .

Table 5. Mean values of the LAl estimated by MTVI2 and all the VIs at anthesis
and at PAin 2017 and 2018 from a set of 170 landraces and 184 modern bread

112

115

116

137

140

141

141



wheat cultivars.

Table 6. Mean values of the LAl estimated by MTVI2 and all the VIs assessed at
anthesis and in PA for each genetic subpopulation and the group of admixed
genotypes. . ...

Table 7. Relationship between trait variation and population structure (q

values) for landrace and modern sets separately and the combinedset. . .

Table 8. Total number of MTAs per year and trait with -log10P>3

Table 9. QTL hotspots identified for agronomic and remotely sensed VI-related

Annexes

Table 1. List of Landrace accesions used in the PhD Thesis.

Table 2. List of Modern accesions used in the PhD Thesis.

142

143

144
147

149

197

205



List of Figures
Introduction

Figure 1. Timeline of markers and molecular techniques development in
wheat. Adapted from Alotaibi et al. (2021).

Chapter 1:
From landraces to improved cultivars: Assessment of genetic diversity
and population structure of Mediterranean wheat using SNP markers

Figure 1. Genetic structure of Mediterranean landraces. .
Figure 2. Genetic structure of the moderncultivars. ..
Figure 3. Principal coordinates analyses based on geneticdistance. ... ... .. .

o7

Figure 4. Un-rooted neighbour-joining dendrogram._

Chapter 2:

Exploring the Genetic Architecture of Root-Related Traits in
Mediterranean Bread Wheat Landraces by Genome-Wide Association
Analysis

Figure 1. Experimental setup for the analysis of seminal root traits.____ .. ...

Figure 2. Correlations between seminal root traits and grainyield. . ..

Figure 3. GWAS for root related traits (left circle) and grain yield for 3 years and
across years.

20

51
54
55

76
80

81

Figure 4. Extreme phenotypes for SRA and TRN.

Figure 5. Marker allele frequency means from landraces within the upper and
lower 10th percentile for the analyzed traits.

Chapter 3:

Using Unmanned Aerial Vehicle and Ground-Based RGB Indices to
Assess Agronomic Performance of Wheat Landraces and Cultivars in a
Mediterranean-Type Environment

Figure 1. Field view of both collection sets, landraces and modern cultivars, at

each image acquisition date of the growing season 2016-2017._ . . .

Figure 2. Unmanned aerial vehicle (UAV) Hexacopter DJI S800 EVO used to
collect the multispectral images of the experimental plots; reference targets
used for the geometric and radiometric calibrations.

Figure 3. Monthly rainfall (mm), and minimum (Tmin) and maximum (Tmax)

temperatures during the growth cycle of each growingseason. ... . .

83

.84

105

_107

109



Figure 4. Mean values in 2017 and 2018 of leaf area index estimated through
MTVI2 for landraces and modern cultivars at: (a) each date of image acquisition

expressed in days after sowing (DAS), and (b) each growth stage. ... ..

Chapter 4:
Identification of QTL hotspots affecting agronomic traits and
high-throughput vegetation indices in rainfed wheat

Figure 1. Monthly rainfall (mm) and minimum (Tmin) and maximum (Tmax)

temperatures during the growth cycle of each growingseason. ... .

Figure 2. Bidimensional clustering showing the phenotypic relationships
between the 354 bread wheat genotypes based on the analysed traits indicated
in the vertical cluster at bottom.

Figure 3. Summary of MTAS.

Figure 4. QTL overview index.

Figure 5. Gene Ontology (GO) classification of gene models within QTL
hotspots.

Figure 6. Upregulated candidate genes under abiotic stress conditions in 4

tissues and 3 developmental phases.

Discussion

Figure 1. QTL hotspots for Vls traits (blue), agronomic traits (green) and RSA
traits (orange). .

113

139

145

146
148

150

152

178



Abstract

Bread wheat (T7iticum aestivum L.) is the main crop cultivated around the world,
but climate change will significantly affect its production, with special impact in
the Mediterranean basin. The ultimate purpose of this PhD thesis is to provide
scientific knowledge and useful tools for the development of the next generation of
superior bread wheat varieties resilient to the increased drought expected in the next
decades as consequence of climate change. To achieve this objective, the existence
of genetic, phenotypic and/or geographic structures in the germplasm collections
was explored and quantitative trait loci (QTLs) controlling traits related to terminal
drought resistance using a genome wide association study (GWAS) were identified.
The MEDOWHEAT IRTA-panel, with 170 landraces from 24 Mediterranean
countries and 184 to modern varieties cultivated in 19 countries in the region, was
characterized with more than 10K single nucleotide polymorphism (SNP) markers.
A clear geographical pattern was found for the landraces, with three subpopulations
(SPs) representing the western, northern, and eastern Mediterranean, whereas
the modern cultivars were structured according to the breeding programmes
operating in the region: CIMMYT/ICARDA, France/Italy, and Balkan/eastern
European countries. Landraces were used to investigate their seminal root system
architecture (RSA) adapted to rainfed Mediterranean conditions. Those from
northern Mediterranean countries showed the highest number of seminal roots
with a root angle not statistically different from the western Mediterranean ones,
whereas eastern Mediterranean landraces showed the lowest number of roots but
the widest angle, the longest shoots, and the lowest seed weight. A GWAS detected
marker-trait associations (MTAs) linked to root-related traits and 31 candidate genes
related to RSA traits, seed size, root development and abiotic stress tolerance were
found within 15 QTL hotspots. The whole panel was evaluated on a two-year field
trial using high-throughput phenotyping (HTP) technologies with the aim to predict
agronomic traits. The best estimation of LLAI was achieved through the modified
triangular vegetation index (MTVI2), and ground-based RGB vegetation indices
(VIs) showed better predictions of agronomic traits. The predictive value of the
models developed for modern genotypes increased when the data of more than one
growing season were aggregated to build them. Results based on a three consecutive
year study found significant differences for agronomic traits between subpopulations,
pointing out the division of the whole set into landraces and modern cultivars.
Modern SPs showed higher values of grain yield and components, harvest index
and biomass and longer grain filling duration than landrace SPs, which were taller.
The highest grain yield was observed for modern cultivars from France and Italy. A
GWAS identified 2579 markers associated with agronomic and VIs—related traits that
were simplified to 11 QTL hotspots. 17 silico analysis of candidate genes detected 12
differentially expressed genes (DEG) upregulated under abiotic stress within 6 QTL



hotspots. Among them, five genes were previously reported to be involved in abiotic
stress tolerance. Overall, these results proved that Mediterranean wheat landraces
are a valuable source of variability to introgress new alleles for desirable traits in
the breeding programs in the Mediterranean Basin. The use of remote sensing
technology is an efficient and rapid tool for the assessment of agronomic traits.
Finally, GWAS have resulted a useful approach for the identification of genomic
regions controlling important traits in the bread wheat Mediterranean germplasm.



Resum

El blat fariner (Triticum aestivum 1.) és el principal cultiu arreu del moén, pero
la seva producci6 es veura afectada per I'impacte del canvi climatic, sobretot a la
conca Mediterrania. I’objectiu final d’aquesta tesi és oferir coneixement cientific 1
les eines necessaries pel desenvolupament les noves varietats de blat fariner resilients
a esperat increment de la sequera en les seglients decades com a consequiencia del
canvi climatic. Per aconseguir aquest objectiu, I'existéncia d’estructures genctiques,
fenotipiques i/o geografiques en les col-leccions de germoplasma va ser explorada
1 els QTLs controlant caracters relacionats amb la resisténcia terminal a la sequera
usant I'analisi GWAS van ser identificats. La col:lecci6 MEDOWHEAT del IRTA,
amb 170 varietats tradicionals originaries de 24 paisos mediterranis i 184 varietats
modernes cultivades a 19 paisos de la regié va ser caracteritzada amb més de deu
mil marcadors SNP. Un clar patré geografic associat a ’estructura genetica es va
trobar en les varietats tradicionals, amb 3 subpoblacions (SPs) representant I'oest,
el nord i l'est del Mediterrani, mentre que les modernes van ser estructurades
d’acord amb els programes de millora genetica de la regi6: CIMMYT/ICARDA,
Franca/Italia i paisos balcanics/est-europeus. Les varietats tradicionals van
ser utilitzades per investigar P'arquitectura del sistema radicular seminal (RSA)
adaptat a les condicions de seca de la regié mediterrania. LLes varietats dels paisos
Nord-Mediterranis van mostrar el maxim nombre d’arrels seminals amb un angle
radical no significativament diferent al dels de 'oest del Mediterrani, mentre que
les varietats tradicionals Est-Mediterranies van mostrar el minim nombre d’arrels,
major angle radical, les tiges més llargues i el minim pes de llavor. L’estudi GWAS va
detectar MTAs relacionats amb arrels i es van identificar 31 gens candidats vinculats
a RSA, mida de la llavor, i tolerancia a estrés abiotic en 15 regions genomiques.
La collecci6 completa va ser avaluada a un assaig a camp de dos anys mitjangant
tecnologies de fenotipat d’alt rendiment (HTP) amb l'objectiu de predir caracters
agronomics. La millor estimacié de I'index d’area foliar (LAI) es va assolir amb
I'index MTVI2, i els indexs de vegetacio6 RGB mesurats manualment a camp van
mostrar millors prediccions dels caracters agronomics. Els resultats basats en un
estudi de tres anys consecutius van mostrar diferéncies significatives pels caracters
agronomics entre SPs, ressaltant la divisié en varietats tradicionals i varietats
modernes. Les SPs modernes van mostrar majors valors de rendiment i dels seus
components, de I'index de collita i de biomassa i una durada de 'ompliment del gra
més llarga que les SPs de les varietats tradicionals, que van ser més altes. El major
rendiment va ser observat en les varietats modernes de Franca i Italia. E1 GWAS va
identificar 2579 marcadors associats a caracters agronomics i relacionats amb els VIs
que, finalment, van quedar simplificats en 11 regions genomiques. L’analisi in silico
de gens candidats va detectar 12 gens sobre-expressats en condicions d’estres abiotic
en 6 d’aquestes regions. Cinc d’aquests gens ja havien estat descrits préviament per



estar relacionats amb la tolerancia a Pestres abiotic. Globalment, aquests resultats
van constatar que les varietats tradicionals Mediterranies sén una font important de
variabilitat per introduir nous al-lels de caracters desitjats en programes de millora
genctica al voltant de la conca Mediterrania. L’is de noves tecnologies de teledeteccid
¢s una eina eficient i rapida per la mesura dels caracters agronomics. Finalment, el
GWAS ha resultat ser un enfoc molt util per la identificacié de regions genomiques
que controlen caracters importants del germoplasma del blat fariner Mediterrani.



Resumen

El trigo harinero (Iriticum aestivum L.) es el principal cultivo en el mundo, pero su
produccion se vera seriamente afectada por el cambio climatico, principalmente en
la cuenca Mediterranea. El objetivo final de esta tesis es desarrollar el conocimiento
cientifico y las herramientas necesarias para el desarrollo de las nuevas variedades de
trigo harinero resilientes al incremento de la sequia en las proximas décadas como
consecuencia del cambio climatico. Para ello se ha explorado la existencia de las
estructuras genética y fenotipica, asi como geografica enla coleccion de germoplasma
utilizada y se han identificado QTLs que controlan caracteres relacionados
con la resistencia a la sequia terminal mediante analisis GWAS. Se caracterizo la
coleccion MEDOWHEAT del IRTA, con 170 variedades tradicionales de 24 paises
mediterraneos y 184 variedades modernas cultivadas en 19 paises de la region, con
mas de diez mil marcadores SNP. Se encontré un patrén geografico asociado a
la estructura genética con 3 subpoblaciones (SPs) de variedades tradicionales que
representan el oeste, el norte y el este de la cuenca Mediterranea, mientras que las
variedades modernas fueron estructuradas de acuerdo con los programas de mejora
de la region: CIMMYT/ICARDA, Francia/Italia y paises del este de Europa. Las
variedades tradicionales se usaron para investigar la arquitectura del sistema radicular
(RSA) adaptado a las condiciones de secano del Mediterraneo. Las variedades de los
paises del norte mostraron el mayor nimero de raices seminales con un angulo
radical no significativamente diferente al de los del oeste, mientras que las variedades
tradicionales del este mostraron el menor numero de raices, un mayor angulo radical,
unos tallos mas largos y el menor peso de la semilla. El analisis GWAS detect6 la
presencia de marcadores asociados a los distintos caracteres y se identificaron 31
genes candidatos vinculados a RSA, el tamafio de la semilla, y la tolerancia a estrés
abibtico en 15 regiones gendmicas. La coleccion completa fue evaluada en un ensayo
en campo de dos aflos mediante tecnologias de fenotipado masivo (HTP) con el
objetivo de predecir caracteres agronémicos. L.a mejor estimacion del LAI se logro
con el indice MTVI2, y los indices de vegetacion (VI) RGB medidos manualmente
en campo mostraron mejores predicciones para los caracteres agronémicos. Los
resultados basados en un estudio de tres afios consecutivos mostraron diferencias
significativas para los caracteres agronémicos entre SPs, resaltando la division en
variedades tradicionales y variedades modernas. Las SPs modernas mostraron mayores
valores de rendimiento y de sus componentes, mayor indice de cosecha, biomasa y
duracion de llenado de grano que las SPs de las variedades tradicionales, que fueron a
su vez mas altas. El mayor rendimiento fue observado en las variedades modernas de
Francia e Italia. El analisis GWAS identific6 2579 marcadores asociados a caracteres
agronémicos y relacionados con los VIs, que finalmente quedaron simplificados en
11 regiones gendmicas. El analisis in silico de genes candidatos detectd 12 genes
en condiciones de estrés abidtico en 6 de estas regiones. Cinco de estos genes ya



se han descrito previamente relacionados con la tolerancia a estrés abidtico. Estos
resultados constataron que las variedades tradicionales Mediterraneas son una fuente
importante de variabilidad para introducir nuevos alelos en programas de mejora
genética en la cuenca Mediterranea. El uso de nuevas tecnologfas de teledeteccion es
una herramienta eficiente y rapida para estimar caracteres agronomicos. Finalmente,
el analisis GWAS ha resultado ser un enfoque muy util para la identificacion de
regiones genémicas que controlen caracteres importantes del germoplasma del trigo
harinero Mediterraneo.
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1. Origin and evolution of wheat

Wheat (Triticum sp) is the most important cereal of Old World agriculture
(Zohary and Hopf 2000), belongs to the Poaceae family and its domestication
occurred in the Fertile Crescent between 12,000 and 10,000 years before present
(BP). Domestication refers to the selection process of plants to get an increased
adaptation for cultivation by human purposes (Brown et al. 2009).

Wild wheat (T7iticum Urartn 1..) was diploid (2n=2x=14, genome AA) and crossed
with goat grass (Aegilops speltoides 1..) (2n=2x=14, genome BB) 300-500 thousand
years BP to produce a wild emmer wheat (T7itzcum dicoccoides 1..) (2n=4x=28, genome
AABB), which was highly adapted to extreme drought periods and presented a wide
range of morphological ecotypes (Mac Key 2005). Once humans began to cultivate
this new species, the selection of a cultivated emmer wheat (T7iticum dicococcum 1..)
occurred 10,000 years BP probably in southeast Turkey. Molecular studies suggested
that emmer wheat was domesticated in the Diyarbakir region in south-eastern Turkey
(Luo et al. 2007). A new hybridization event was produced 9,000 years BP between
cultivated emmer wheat and another goat grass, Aegilops taunschii 1., whose D genome
was incorporated into the spelt cereal forming the hexaploidy wheat (17:ticum spelt L.,
2n=6x=42, genome AABBDD) that after domestication and centuries of cultivation
and selection originated the modern bread wheat (Iwiticum aestivum 1..) (Venske et
al. 2019) in the south and west of the fertile crescent, where goat grass belonged
(Giles and Brown 20006). However as discussed by other authors as Dvorak et al.
(2010), the real origin of the hexaploid wheat is still a dilemma, and its diversity was
originated by gene flow from the ancestors, thus the new centres of diversity would
not reflect the geography of crop origin.

Subsequently, from the western border of the Fertile Crescent, wheat spread to
south-east of Europe through the Caucasus and reached the Balkan Peninsula and
Greece over 8,000 years BP. Farming cultures moved it northwards following the
rivers Danube (7,000 years BP) and Rhine, reaching England and Scandinavia by
5,000 years BP and, therefore, causing the adaptation of wheat to harsher climates
(Helbaek H. 1959). Primitive wheat also spread along the Mediterranean basin to
reach Italy and Spain by 7,000 years BP (Feldman 2001).

This migration of wheat and both natural and human selection resulted in the
development of local landraces adapted to the different climatic conditions of the
site of origin. They were able to tolerate biotic and abiotic stresses with a high yield
stability and maintaining an intermediate yield level under low input agricultural
systems (Zeven 1998). Domestication caused a substantial genetic erosion from the
wild relatives, which was reinforced during modern breeding processes increasing
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susceptibility and vulnerability to environmental stresses, pests and diseases (Nevo
2009, 2011). A study conducted by Haudry et al. (2007) in wild and domesticated
durum and bread wheats revealed that diversity was further reduced in cultivated
forms during domestication by 69% and 84% in bread and durum wheat, respectively.

2. Importance of the crop

The history of wheatis closely associated with a changing relationship of humans
to their environment, especially to the efforts to protect their population from
hunger and to master food supply and use (Igrejas and Branlard 2020). According
to FAO statistics, (http://www.fao.org/faostat/), China and India were the top
wheat-producing countries in 2020, mainly because wheat culture has the advantage
of requiring less water input for cultivation than other comparable crops while being
the main ingredient of a variety of processed foods valued in modern life (Igrejas
and Branlard 2020). Nowadays, wheat grain is the most important source of food on
earth, containing 75—80% carbohydrates, fibre, many vitamins (especially B vitamins),
calcium, iron, and many macro and micro-nutrients, and provides 18% of the total
human intake of calories and 20% of protein intake (http://www.fao.org/faostat/).
It is the staple food for 40% of the world’s population, mainly in Europe, North
America, and the western and northern parts of Asia (http://www.croptrust.org).
Wheat production progressively increased in the twentieth century, especially after
World War II, due to the high demand of a population growing exponentially. It was
possible thanks to the agronomic and genetic advances occurred during the Green
Revolution, which made wheat an essential crop to humankind. The adaptability of
wheat has made possible its cultivation in almost all regions in the world, growing on
17% of all crop areas in the temperate, Mediterranean-type and subtropical parts of
both hemispheres, from 67°N in Norway, Finland and Russia to 45°S in Argentina
(Peng et al. 2011). It is important to mention the wheat yield potential achieved
between 1961 and 2013. Whereas the total land area of wheat increased only by
0.8%, from 204 million hectares (Mha) to 218 Mha, the world production increased
by 321% from 222 million tons (Mt) (a worldwide yield of 1 t/ha) to 713 Mt (3.2
t/ha) (Igrejas and Branlard 2020). Nowadays wheat production represents near the
40% of the total cereal production (International Grains Council, IGC, https://
www.igc.int/en/default.aspx).

Nearly 95% of cultivated wheat is bread wheat, whereas only 5% is represented by
durum wheat (T7:ticum durum L.). The large success of bread wheat has been attributed
to the plasticity of the hexaploid genome, which allowed a wider adaptation capacity
than tetraploid wheat (Pefia-Bautista et al. 2017; Giunta et al. 2018). Despite the D
genome present in hexaploid wheat, durum and bread wheat have traditionally been
used for different end-use products due to their distinct quality and technological
properties. Thus, durum wheat has been used to produce pasta, bulgur, or couscous,
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while the final use of bread wheat has been to produce the different types of bread.
Nevertheless, their roles can be exchanged, as durum wheat flat breads such as
chapatti, tortilla, baladi, tanoori, and pita are mainly consumed in North Africa,
West Asia and India, and pasta made with bread wheat flour also exist (Mastrangelo
and Cattivelli 2021). Since 1980s, wheat quality improvement accelerated when

genetic analysis of wheat storage proteins, the components of gluten, were deeply
investigated (Biesiekierski JR 2017).

Despite wheat grain can be stored for long periods of time as food reserves,
global wheat demand is predicted to increase by 60% by the year 2050, so there is
an urgent need to raise wheat production by 1.7% per year until then (Leegood et
al. 2010).

3. Impact of drought stress in the Mediterranean basin

Climate change may be the single unifyingand chronicissue that will affect everyone
and every aspect of the economy. Changes in weather patterns and variability, as
well as differential combinations of effects in different parts of Europe and the
Mediterranean region are expected. The Mediterranean Basin embraces countries
between 27° and 47°N and between 10°W and 37°E extending over three continents
and a coastline of 46,000 km (Royo et al. 2017). It is naturally exposed to several
hazards, including earthquakes, volcano eruptions, floods, fires, and/or droughts.
Recent accelerated climate change has exacerbated existing environmental problems
in the Mediterranean Basin that are caused by the combination of changes in land
use, increasing pollution and declining biodiversity. Several new challenges from
climate change arise, including warming, more severe droughts, changing extreme
events, sea level rise and ocean acidification. The North will see warmer and wetter
weather, whereas the South will experience more frequent and severe droughts and
heat waves, and in both cases, there will be a shifting pattern of incidence of pests
and diseases. Average annual temperatures are now approximately 1.5°C higher
than during the preindustrial period (1880 -1899) and above current global warming
trends (+1.1°C). The expected change in the global climate will significantly affect
wheat production, with special impact in the Mediterranean basin, where prediction
models have projected a rise of temperatures by 3—5°C and a decrease of annual
rainfall by 25-30% in the next decades (Giorgi and Lionello 2008).

In the Mediterranean Basin, wheat is mainly cultivated under rainfed conditions
with an irregular precipitation pattern across years and locations and along the plant
growth cycle resulting in major yield variations (Soriano et al. 2018). Besides, wheat
usually experiences terminal drought originated by high temperatures during the
grain-filling period (Araus et al. 2008), causing a reduction on yield potential of
about 50% (Altenbach 2012). The Intergovernmental Panel on Climate Change
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(IPCC) models predict that average yields of cereals will fall due to drought, insect
predation and diseases, whilst the demand for food will rise significantly due to
population growth. An increasing frequency and severity of terminal drought
stress will negatively influence wheat grain weight, quality, and yield (Araus et al.
2003; Slafer et al. 2005; Kulkarni et al. 2017). Therefore, there is a need to improve
the selection of crops able to maintain acceptable levels of yield and stability in
semi-arid environments, which have been identified as the regions most sensitive
to the effects of climate change (Rufo et al. 2021). To achieve that, strategies to
retain and increase the genetic diversity are being explored, since climate change is
expected to constrain it (Iglesias and Garrote 2015). The adaptability and stability of
new cultivars that can be successfully grown in dry areas will be the main concern
in breeding programs.

4, Landraces as source of diversity

A landrace is defined as a traditional variety with a high capacity to tolerate biotic
and abiotic stresses, resulting in high yield stability and an intermediate yield level
under a low input agricultural system (Zeven 1998). Landraces were developed
during the evolution of wheat along new territories by human selection after the
advent of agriculture. Mediterranean landraces have a good adaptation to their
environments, forming populations with different genetic constitutions and are the
reservoir of the greatest genetic variability of the species (Royo et al. 2017). The
pioneer Mediterranean farmers started selecting the plants with the most favourable
characteristics in terms of vigour, phenological adaptation, spike length and yield
with the aim to produce improved lines (Royo et al. 2017). Wheatlandrace collections
contain wider genetic diversity than most breeding programmes and this diversity
includes adaptation to different conditions according to the place of origin (Lopes
etal. 2015). Mediterranean gene banks have been collecting a large number of wheat
germplasm accessions during the last century, creating core collections in order to
maximize the genetic variation present in the whole collection with a minimum of
repetitiveness (Ruiz et al. 2013). Hybridization is the main source to create variability
and parents used in crosses can proceed from different genetic resources, including
primitive cultivars, wild species, landraces, or modern accessions. The genetic pool
of Triticum spp has become exceptionally wide due to the origin of the tribe Triticeae,
which was originated by alloploidization through hybrid speciation (Zaharieva and
Monneveux 20006).

The increasing reliance on relatively few varieties has led to the loss of genetic
diversity and, therefore, the genetic vulnerability of wheat cultivars (Skovmand et
al. 2005). International research centres such as CIMMY'T (International Maize and
Wheat Improvement Centre) and ICARDA (International Center for Agricultural
Research in the Dry Areas), have largely helped to widen the genetic pool of current
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cultivars identifying new sources of genetic variability to find new and useful candidate
genes for their introgression into commercial cultivars. Knowledge of the genetic
diversity and population structure of landraces is essential for their conservation
and efficient use in breeding programmes (Soriano et al. 2016; Pascual et al. 2020) ,
especially with respect to the field of adaptation to climate change and the quality of
the end-products (Lopes et al. 2015). To achieve that, several studies using molecular
markers such as simple sequence repeats (SSRs) or single nucleotide polymorphism
(SNP) are currently conducting since they have been proven to be very useful for

evaluating the genetic diversity and population structure of Mediterranean wheat
collections (Soriano et al. 2016; Rufo et al. 2019).

5. The MED6WHEAT diversity panel at IRTA

A set of accessions, including landraces and improved commercial varieties,
representative of the variability existing in the species in the Mediterranean Basin, was
selected, purified, and multiplied by the Sustainable Field Crops Programme at IRTA
in Lleida (Spain). The landraces were selected from a larger collection, comprising
730 accessions of different origins based on phenology, spike characteristics and
passport data. Landrace populations were provided by public gene banks from
Germany (IPK, Gatersleben), Italy (ISC, S. Angelo Lodigiano), Romania (Suceava
GenBank, Suceava), Russia (VIR, St. Petersburg), Spain (CRF-INIA, Madrid), the
Netherlands (CGN-WUR, Wageningen) and the USA (NSGC-USDA, Aberdeen,
ID). A selection among 300 modern varieties from different countries was based on
agronomic and pedigree data. Modern cultivars were provided by public institutions
(CIMMYT, ICARDA, INRA and the University of Belgrade), breeding companies
and own germplasm from the IRTA breeding programme. To improve the reliability
of the subsequent analyses to be carried out with the collection, care was taken to
have enough number of genotypes representatives of different drought resistance
capacities. Accessions were bulk-purified during two cropping cycles to select the
dominant type and seed was increased in plots in the same field to ensure a common
origin for all lines. The approach used was to ensure having a balanced number
of genotypes with common constitutive traits between the four climatic zones
identified in the Mediterranean Basin for wheat cultivation reported in Royo et al.
(2014). To represent the past and current cultivated variability in the Mediterranean
Basin, the MEDO6WHEAT IRTA-panel consisted of a germplasm collection of 354
bread wheat genotypes: 170 landraces from 24 Mediterranean countries and 184
modern varieties cultivated in 19 countries in the region. A description of this panel
is shown in Annex (Table 1 and 2).

The genetic structure of the whole collection was carried out during this PhD
thesis using 557 common SNPs markers between landraces and modern cultivars
evenly distributed across the genome (Rufo et al. 2019). The analysis showed
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a clear geographical pattern for the landraces, which were clustered into three
subpopulations (SPs) representing the western (SP1), northern (SP2) and eastern
(SP3) Mediterranean, whereas the modern cultivars were structured according
to the breeding programmes that developed them: France/Italy (SP4), Balkan/
eastern Buropean countries (SP5) and CIMMYT/ICARDA (SPG). More detailed
information is given in the chapter 1 of this thesis.

6. Breeding under a climate change scenario

Although bread wheat has relatively high adaptability to drought environments
than other cereals, its production is threatened by the impacts of climate change.
Drought is one of the most severe factors that reduce wheat yield, with a loss of
20% if plants are grown with 40% less water than required to avoid the stress
(Daryanto et al. 2016). In the Mediterranean Basin, grain yield and quality are
generally constrained by dry growing-season precipitation, as well as by higher
temperatures towards the end of the crop cycle (Rharrabti et al. 2003). Breeding can
significantly contribute to the mitigation of climate change effects on production by
developing drought-tolerant wheat germplasm with improved grain yield, resistance
to main diseases and reaching the industry quality requirements. Thus, the main
challenge faced by breeders is to identify genotypes able to tolerate multiple stresses
that occur simultaneously (Reynolds et al. 2012). To achieve this goal, it is essential
to better understand yield formation and the plant mechanisms involved in drought
tolerance and their adaptation to the environment. Plants can cope with drought
stress through an extensive root system to explore deeper layers of soil (Anjum et al.
2011), with an osmotic adjustment and the accumulation of solutes (Keyvan 2010),
maintaining the balance between antioxidants and reactive oxygen species (ROS)
levels (Anjum et al. 2011), and inducing leaf senescence as a survival mechanism to
maintain favourable water status (Munné-Bosch and Alegre 2004). All this knowledge
is critical for breeding programmes to produce and deliver adapted germplasm for
suboptimal conditions of diverse wheat growing regions worldwide.

6.1. Phenology fitting

Growth or developmental stages of wheatare specific times at which recognizable
physical changes can be seen on the plant. The need to identify such stages is very
important because they are accompanied by various morphological and physiological
changes from seed germination to plant maturity through different stages: tillering,
spike differentiation, stem elongation, heading, anthesis and grain filling,

Under drought conditions, wheat productivity can vary depending on the
phenological stage at which the water deficit occurs (Crespo-Herrera et al. 2018),
being larger when water is limited at reproductive stages than if it occurs only
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at the vegetative stage (Daryanto et al. 2016). Therefore, matching phenology to
growing season length changing the cultivar day-length and temperature response
could be a useful prospect of adaptation to climate change (Kumudini et al. 2014).
The genetics of flowering time in wheat is complex due a strong genotype x
environment (GxE) interaction (Mastrangelo et al. 2005). The genetics of wheat
development is determined mainly by the allelic diversity within the loci regulating
the vernalization requirement (I77) and photoperiod sensitivity (Ppd). A third group
of genes controlling earliness when the vernalization and photoperiod requirements
are accounted for are the earliness per se loci (Eps), characterized by a polygenic
inheritance and lower effects than 1777 and Ppdloci (Royo et al. 2020). Vernalization
is the induction of flowering by cold exposure, and plants can be grouped in winter
types (vernalization requirement), spring types (no vernalization requirements) or
facultative types (intermediate). Photoperiod sensitive cultivars can only flower
under long-days, whereas no limitation of light hours is needed for photoperiod
insensitive cultivars.

Flowering time (or anthesis) and grain filling period are considered the main
target occasions to be focused by breeders since they are defined as sensitive stages
of wheat development. Anthesis is physiologically one of the most critical stages
highly affected by temperature and is considered a primary trait determining wheat
adaptation to a particular set of growing conditions (Worland et al. 1998; Snape et
al. 2001). This is the most critical factor to optimize adaptation in environments
differing in water availability and distribution during the growing season (Richards
2000). The grain filling period involves milk and dough development, ending at the
physiological maturity. It starts once the flowering is complete and corresponds with
the early kernel formation stage. Kernel size then increases rapidly during this stage
which occurs one to two weeks after pollination. At the end of the period, most of
the kernel dry weight (starch and protein content) accumulates. In Mediterranean
environments grain filling is limited mainly by rising temperatures and reducing water
supply, which reduce photosynthesis rate after anthesis, increasing the contribution
of remobilization of pre-anthesis assimilates, thus constraining yield potential
(Alvaro et al. 2008). Then, controlling the time to reach a particular growth stage is

of paramount importance to allow wheat plants to escape from terminal drought
(Habash et al. 2009).

6.2. Grain Yield

Global wheat demand is predicted to increase by 60% by the year 2050, so there
is an urgent need to raise wheat production by 1.7% per year until then, which is
more than the improvement reached by the Green Revolution (Leegood et al. 2010).
Yield improvement in rainfed conditions as Mediterranean-type environments is
complex to achieve due to the abiotic stresses characteristic of this region, high
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temperatures and drought during the grain filling period, and the low heritability
due to the highly polygenic nature of the trait (Royo et al. 2009). Grain yield can
be analysed in terms of three primary yield components: number of spikes per
unit area (NSm?), number of grains per spike (NGS) and grain weight (Moragues
et al. 2006). Number of grains per unit area (NGm?) is defined by the product of
NSm2 and NGS. The number of grains and their weight are established sequentially
during plant development, with the potential number of grains being determined
before anthesis, and the grain weight after it (Garcia Del Moral et al. 2005). That
explains the negative correlation observed between grain number and grain weight
(Sadras and Rodriguez 2007). The improvement of grain yield have been mostly
based on increases in NGm? and harvest index (HI), defined as the grain yield
expressed as the decimal fraction of the aboveground biomass production, thus
indicating the allocation of biomass to grain and the partitioning between grain
and straw production, thanks to increasing the NSm?* and grain setting (Royo et al.
2007), while the weight of the grains has remained unchanged (Alvaro et al. 2008).
Drought stress affects all the yield components, but particularly reduces the number
of fertile spikes per unit area, thus reducing the NGS (Giunta et al. 1993). Grain
weight is negatively influenced by high temperatures and drought during ripening
(Chmielewski and K6hn 2000).

6.3. Crop traits related to drought tolerance

The crop traits to be considered as selection targets under drought conditions
must be genetically correlated with yield and should have a greater heritability
than yield itself (Royo and Villegas 2011). Among them, early vigour, leaf area
duration, relative water content, radiation use efficiency and root architecture have
been identified to be associated with yield under rainfed conditions (reviewed in
Tuberosa 2012).

Early vigour is defined as a fast development of leaf area or crop biomass.
It allows annual crops to optimize water use efficiency (WUE) under low
evapotranspiration conditions and limit the loss of water due to direct evaporation
from the soil surface, contributing to increase yield in drought-prone environments
(Slafer et al. 2005; Rebetzke et al. 2007).

The leaf area duration (LAD) serves as an indicator of premature leaf
senescence that may be caused by high temperature and water scarcity during and
after flowering (Prasad et al. 2007; Alvaro et al. 2008) that result on a yield loss and
poor grain quality. Therefore, delaying leaf senescence maintains transpiration and
increases cumulative photosynthesis over the crop life cycle.

Yield potential (YP) can be expressed as a product of intercepted light (IL),
radiation use efficiency (RUE) and harvest index (HI) (Reynolds et al. 2009).
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The theoretical limit for HI has been estimated for wheat as 0.62 (Austin et al.
1980), but historically it has not surpassed 0.50 (Royo et al. 2007). Thus, further
yield gains should arise from the traits improving IL (early vigour and leaf area
duration), and RUE (Reynolds et al. 2009). Enhanced RUE will probably lead to
greater crop growth rate (Fischer and Edmeades 2010), and it is worth to study
ancient wheat genotypes since wild relatives of wheat have been found to have
greater RUE (Evans 1993).

Root architecture. Roots exhibit a high level of morphological plasticity in
response to soil conditions allowing plants a better adaptation, particularly under
drought conditions. A deep root system helps the plant to avoid drought stress
by extracting water store in deep soil layers (Narayanan and Vara Prasad 2014).
Therefore, identifying and introgressing alleles from deeper rooting varieties in
adapted phenotypes are desirable approaches for the breeding programs.

7. New approaches for plant phenotyping. From ground to air

One of the main challengesin the breeding programmes is to improve phenotyping
for further yield enhances, as this is the bottleneck of the process (Araus and Cairns
2014). Remote sensing has experimented a growing interest since it can deliver
more detailed information about the biophysical crop parameters in many situations
(Bellvert et al. 2021). Advances in plant phenotyping are even more crucial in
scenarios of high environmental variability occurring under climate change (Araus
et al. 2018). In recent years, high-throughput phenotyping (HTP) based on the use
spectral vegetation indices (VIs) acquired from Unmanned Aerial Vehicles (UAVs)
have increasingly improved the evaluation of agronomic traits (Gracia-Romero et
al. 2017; Xie and Yang 2020) in large germplasm collections in a rapid, cost-effective
and high spatial resolution way (Duan et al. 2017). HTP platforms are capable of
simultaneously taking multiple measurements of plant characteristics to capture and
provide reliable estimates of trait phenotypes (De Vita and Taranto 2019) using
non-intrusive and non-destructive technology (White et al. 2012; Rufo et al. 2021).

Indirect assessments of agronomic and physiological traits can be performed
using digital photography and VIs which have a great potential for high-throughput
phenotyping in wheat breeding programs in a non-destructive manner (Royo et al.
2005). Digital photography has also been used for quantifying plant traits such as
leaf area (Baker et al. 1996; Lukina et al. 1999; Campillo et al. 2008; Casadesus and
Villegas 2014) as well as leaf senescence (Adamsen et al. 1999; Ide and Oguma
2010), grassland coverage (Li et al. 2005) and biomass (Casadests and Villegas
2014). RGB indices such as GA, GGA, a*, and u* have been proven to be suitable
for predicting higher yield due to their capacity to calculate a combination of
physiological components related to biomass (Casadesus et al. 2007; Casadesus and
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Villegas 2014; Rufo et al. 2021).

Differences in the spectral response of vegetation among genotypes has been
widely used by breeding programs in order to assess differences in agronomic traits
(Royo et al. 2003; Haboudane et al. 2004). At the 70’s, most of the studies of field
phenotyping were conducted throughout spectroradiometer (Aparicio et al. 2000).
However, spectroradiometers remain expensive for many breeding programs as well
as measurements of large trials are time-consuming (Casadesus et al. 2007). More
recently, with the advance of new remote sensing technologies and the improvement
of ‘low-cost’ multispectral cameras with wavelengths mostly located in the visible/
near-infrared (VIS-NIR), it has been a growing interest on using UAV platforms for
high throughout phenotyping (Lobos et al. 2014). The main advantage is the capacity
of precisely screening hundreds of plots in a short period of time (Araus and Cairns
2014). Development of novel sensor modules, imaging devices, automated systems,
unmanned aerial vehicles (UAV), LED lightings and portable devices has been of
paramount importance to achieve significant progress in plant phenotyping (Fiorani
and Schurr 2013). These approaches are being used to estimate agronomic traits
such as early vigour, plant height, biomass, nutritional status, and biotic and abiotic
stress (De Vita and Taranto 2019). Most of the agronomic traits useful for breeding
programs are estimated through the so-called vegetation indices (VIs). These indices
have been proved useful with certain limitations (Royo and Villegas 2011), such as
the environmental influence, the noise associated to the sensors, and the cost of the
equipment. The most common VlIs are based on calculations of different spectral
wavelengths located in the visible (400-700nm) and near-infrared (700-1100nm).
Among them, the most widely used VIs is the normalized difference vegetation
index (NDVT) (Royo et al. 2003; Alvaro et al. 2008). Positive correlations between
NDVI and green biomass have been reported in bread and durum wheat and barley
(Bellairs et al. 1996; Pefiuelas and Filella 1998; Royo et al. 2003; Casadesus et al.
2007; Darvishzadeh et al. 2008; Casadesus and Villegas 2014). Other indices have
been developed to estimate crop’s water status, as the water index (WI) (Pefiuelas et
al. 1993), the normalized water indices NWI1 to NWI4 (Babar et al. 2006; Prasad
et al. 2007) or the crop water stress index (CWSI) (Gonzalez-Dugo et al. 2015).
The photochemical reflectance index (PRI) has also been used to assess the RUE
of the plants (Pefiuelas et al. 1993; Garbulsky et al. 2011). Finally, there also exist
some works of field phenotyping with hyperspectral imagery (Zarco-Tejada et al.
2012; Gonzalez-Dugo et al. 2015). These images, for instance, has the potential to
provide much richer datasets by the collection of several narrow spectral bands
sensitive to the absorption of specific photosynthetic pigments (Zarco-Tejada et al.
2012). Phenotyping through remote sensing technologies improves the collection
of phenotypic data and facilitates the creation of repository databases useful for
genetic analyses (Lippman et al. 2007; Welcker et al. 2011). In this regard several
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authors have stressed out the interest of HTP, since the accurately measurements in
agronomic traits is required in the field trials to gene mapping with high precision
(Condorelli et al. 2018; Gizaw et al. 2018).

8. Genetics and genomics in wheat

Breeding from a solid scientific base began only after the rediscovery of Mendel’s
findings (Mendel 18606), at the beginning of the last century. Other advances took
place gradually over the decades, until a major leap was made with the so-called
“Green Revolution” of the mid-1960s, consisted in the development of semi-dwarf,
photoperiod insensitive and high yielding modern cultivars (Venske et al. 2019).
These new genotypes became widely adopted, especially in developing countries,
and generated an impact on the reduction of hunger and poverty (Borlaug 2007).
Classical breeding implies the selection of varieties carrying the desired characteristics
for the target trait, usually morphological or visual features (Colasuonno et al. 2021).
Even though genetic gains for yield and quality have been obtained in bread wheat
(Sanchez-Garcia et al. 2015), several years are necessary to develop a commercial
variety, and has some limitations, especially when target traits are highly dependent
on the environment due to low heritability (Jackson et al. 1996). More recently,
wheat breeders have substantially used the pedigree-based prediction of breeding
values for the genetic improvement of complex traits (Crossa et al. 2006; Piepho et
al. 2008).

The development of molecular biology, especially the invention of the
polymerase chain reaction (PCR) (Mullis et al. 19806) allowed the use of markers
based on polymorphisms in the DNA for the identification of traits enhancing
the agronomic performance in the earlier stages of development. New efficient
strategies to combine molecular markers with accelerated development of elite
germplasm have been needed to fast-track development and delivery of improved
germplasm. Marker-assisted selection (MAS) resulted in an important advantage
integrated with traditional breeding methods to enhance the efficiency of cultivar
development. This strategy depends on the genetic linkage of the trait of interest
with molecular markers, and usually only major effect genetic loci are exploited in
this way due to that only a limited proportion of genetic variance can be captured by
the markers (Goddard and Hayes 2009). Since many of the agronomic traits present
a multigenic quantitative nature and the effect of the environment on them needs
to be assessed, MAS cannot replace traditional breeding methods for these traits,
especially in later generation screening and cultivar evaluation.

To cover this gap the availability of high-density low-cost marker genotyping
platforms has enabled a change in plant breeding, the genomic selection (GS). The
GS refers to select genotypes using the genomic information on a genome wide
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scale to make selection (Isidro et al. 2016). Genomic selection uses genome-wide
markers to estimate the effects of all genes or chromosome positions simultaneously
(Meuwissen et al. 2001) to predict the breeding values of progeny, which are used
for selection of individuals without costly phenotyping, saving money and time, and
increasing accuracy of selection.

8.1. Molecular markers, from gels to chips.

Molecular markers resolve many of the shortcomings of morphological
and biochemical methods as they are not influenced by the environmental or
developmental stage and can detect DNA-level variations (Ashraf et al. 2014).
Molecular markers have been widely used for the construction of linkage maps,
describing the position and relative genetic distance between markers and genes.
The marker-based breeding started in the 1990s (Figure 1) with the first use of
restriction fragment length polymorphism (RFLP) mainly for genetic mapping
(Gale et al. 1990; Hart 1994) and genetic diversity analyses (Gupta and Varshney
2000). However, their use required DNA cleavage with restriction enzymes and
hybridization with radioactive labelled probes making the process time consuming
and reporting low genome coverage. Then, science focused on PCR-based markers
like randomly amplified polymorphic DNA (RAPD), amplified fragment length
polymorphism (AFLP) and microsatellites or simple sequence repeats (SSR).
Among them, SSR markers, have been extensively used in wheat molecular breeding
as they present a high level of polymorphism, have codominant inheritance, and
are widely distributed in the genome (Rasheed and Xia 2019). In the last decade,
with the rapid development of high-throughput genotyping platforms and the
reduction of sequencing costs researchers changed the view to thousands of single
nucleotide polymorphism (SNP) markers (Jaganathan et al. 2020). SNPs are based
only in a difference one nucleotide in the DNA sequence and are the most extended
polymorphisms in the genome.

Different technologies are nowadays available for high-throughput genotyping
as the diversity array technology (DArT) (Jaccoud et al. 2001), genotyping by
sequencing (GBS) (Li et al. 2015) and SNP arrays (Cabral et al. 2014). Several SNP
arrays has been developed until now for wheat genotyping: the Illumina iSelect SNP
arrays: 9K, 15K, 25K, 55K and 90K; the Axiom® arrays: Wheat Breeders’ 35K,
Wheat 660K, Wheat 820K SNP array; and the Wheat 50K Triticum TraitBreed array
(reviewed in Colasuonno et al. 2021). SNPs have been used for the development of
highly saturated linkage maps and consensus maps (Wang et al. 2014; Colasuonno et
al. 2014), genetic diversity (Marcotuli et al. 2016), and structure analysis (Rufo et al.
2019). Because of the next generation sequencing (NGS) technologies, GBS maps
containing 20 to 450 K loci have already been generated for wheat (Poland et al.
2012; Saintenac et al. 2013).
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To individualise single markers from these arrays, a new technique appears, the
kompetitive allele specific PCR or KASP markers (Ramirez-Gonzalez et al. 2015).
This technique allowed the development of functional markers in wheat for several
traits like plant height, grain weight and length, pre-harvest sprouting, biotic and
abiotic stresses (Chandra et al. 2017).

M ] 2011: Genome selection
1990: RFLP markers GBS
1993: RAPD markers 2013: 9K SNP array
QTL mapping CRISPR/Cas9
1995: SSR markers 2014: 90K SNParray
1998: SSR based geneticmap Genome sequence
AFLP markers
2000 - 2009 ([LaeSeztit) 2015 - 2019
1990 -1999 [ ] 2010 - 2014
2000: PCR and linkage maps 2016: KASP markers
2005: GWAS 2017: Annotation of
IWGSC Genome sequence
2006: DArT markers (IWGSC 2017)
2008: Physical map
2009: SNP assay

Figure 1. Timeline of markers and molecular techniques development in wheat. Adapted from
Alotaibi et al. (2021).

8.2. Mapping quantitative traits

Quantitative traitloci (QTL) mapping is an approach used to determine the genetic
architecture of complex traits, i.e. controlled by multiple genes. QTL mapping has
been performed predominantly in populations derived from two known ancestors
(biparental) with simple structure and different phenotypic performances. The most
used populations in QTL analysis are FF2, recombinant inbreed lines (RIL), double
haploids (DH) and backcrosses (BC). The success in detecting QTL depends on
the marker density, population size, and the heritability of the trait. Unfortunately,
the identification of QQTLs related to complex characters such as heat and drought
is strongly affected by the low proportion of variance explained by most of the
identified QTLs, and that are specific to a particular phenotyping environment
or genetic background (De Vita and Taranto 2019). The genetic resolution of
QTL mapping often remains in a range of 5-10 ¢cM due to the limited number
of recombination events derived from a biparental population and great efforts to
develop new lines are needed to reduce mapping precision.

In order to provide broader allelic coverage and higher mapping resolution a
complementary approach to QTL mapping was developed, the genome-wide
association studies (GWAS) or association mapping (AM), based on linkage
disequilibrium (D). LD is defined as the non-random association of alleles at
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different loci (Flint-Garcia et al. 2003). It is important to differentiate the LD due to
physical linkage from LD due to population structure and genetic relatedness among
genotypes. Thus, prior to carry out a GWAS, a population structure and diversity
analysis must be performed to avoid spurious associations. The main differences
among QTL mapping and GWAS are: 1) the type of germplasm used as GWAS
is based in germplasm collections with many recombination events; 2) no need to
construct a linkage map, as it can be used a consensus or reference map; 3) LD is
not only due to linkage, but also to mutation, selection, inbreeding, genetic drift, and
migration.

In the last year GWAS has been used to identify genomic regions related to
numerous traits in wheat: disease resistance (Tomar et al. 2021; El Hanafi et al.
2021; Alemu et al. 2021), grain yield (Akram et al. 2021; Gao et al. 2021a; Hu et al.
2021), root traits (Rufo et al. 2020; Xu et al. 2021; Fatima et al. 2021), abiotic stress
(Maulana et al. 2020; Abou-Elwafa and Shehzad 2021; Quan et al. 2021), kernel
traits (Muhammad et al. 2020; Gao et al. 2021b), plant architecture (Muhammad et
al. 2021), micronutrient concentration (Liu et al. 2021) and herbicide resistance (Shi
et al. 2020), among others.

8.3. The release of the wheat genome sequence

The establishment of the International Wheat Genome Sequencing Consortium
(IWGSC) took place in 2005 through the efforts to create a reference genome of
wheat for the scientific community. The vision of the IWGSC was to provide a
high-quality genome sequence of bread wheat to accelerate the development of
improved varieties and to empower all aspects of basic and applied wheat research
(https:/ /www.wheatgenome.org). The first version of this sequence was published in
2014 for the cultivar Chinese Spring IWGSC, 2014) and, since 2017, it was available
and in continuous improvement (IWGSC, 2018a and 2018b) (http://wheat-urgi.
versailles.inra.fr/). Nowadays a new sequencing project is ongoing, the 10+Wheat
Genomes Project (http://www.10wheatgenomes.com/). It aims to characterize the
wheat pan genome, developing strategies and resources to compare multiple wheat
genome sequences and to identify genes that can be used for improving wheat
production and quality (Venske et al. 2019).

The annotation of wheat genes opens the possibility for the development other
bioinformatic tools for assisting wheat research, as the open databases of RNAseq
experiments http://wwwwheat-expression.com/ (Ramirez-Gonzilez et al. 2018)
that have made possible to carry out a candidate gene (CG) approach within QTL
intervals without performing new functional studies.
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9. The future of geneticimprovement of bread wheat

The expected effects of climate change and the declining availability of water
will require the release of cultivars with an enhanced genetic capacity to maintain
acceptable yield levels and yield stability under harmful environmental conditions.
The new high-throughput genotyping and phenotyping technologies will facilitate
the characterization and utilization of underexploited germplasm as wild relatives
or landraces (Wang et al. 2017). The success of hybrid wheat breeding depends on
the clustering of suitable germplasm into heterotic groups and on the identification
of a high-yielding heterotic pattern identification (Kempe et al. 2014). Heterotic
groups are sets of genotypes displaying similar hybrid performance when crossed
with individuals from another, genetically distinct germplasm group, and genetic
variation within them improves the heterotic pattern simplifying the identification of
superior single crosses (Zhao et al. 2015).The development of speed breeding has
helped to accelerate the plant improvement, saving time for breeders, reducing the
length of the breeding cycles, and selecting the best genotypes in combination with
MAS. It is based on photoperiod and temperature manipulation in growth chambers
and glasshouses, and as reported by Ghosh et al. (2018) it is possible to achieve up to
six generations per year for spring wheat. Genome or gene editing can accurately
target segments of the genome for modification, either by deletion, insertion or
substitution of nucleotides (Sander and Joung 2014). Despite the complexity of the
wheat genome and the difficulty in genetic transformation, recent progress in plant
genome editing using the CRISPR/Cas9 system has been reported for bread wheat
(Wang et al. 2014).

Another genome-based approach that is taking relevance in the last years is the
genome selection (GS) or prediction. The availability of high-density and low-cost
marker genotyping systems made possible a change in plant breeding, The selection
of genotypes is done using genomic information on a genome-wide scale (Isidro et
al. 2016). The effects of all genes for a trait are estimated simultaneously to predict
the breeding value of the progenies, thus they are selected without phenotyping
costs.

Overall, efforts in the development and implementation of improved strategies
must continue in wheat breeding programmes to face the increasing demand for
food by an ever-growing world population in a constant scenario of climate change.
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Objectives

The main objective of this PhD Thesis was to provide scientific knowledge for
the wheat research community and useful tools for the breeding programs to help the
development of new varieties with enhanced yield to be grown in a Mediterranean
environment in a climate change scenario. To achieve this general objective, specific
aims were defined in this PhD thesis:

1. To explore the existence of genetic, phenotypic and/or geographic structures
in the germplasm collections used, exploring the gene exchange among
subpopulations.

2. To assess the feasibility of using spectral vegetation indices (VIs) from
multispectral images installed on-board unmanned air vehicles and from ground-
based RGB images to evaluate agronomic traits and to estimate grain yield under
rainfed environments.

3. To study the genetic architecture of seminal root traits in the bread wheat
Mediterranean landraces and to identify associated molecular markers for wheat
improvement.

4. To explore the genetic variability of the wheat QTLome among Mediterranean
landraces and modern cultivars for yield related traits and vegetation indices
to identify the genomic regions most involved in trait variation for breeding
purposes.

The plant material used was the MEDO6WHEAT IRTA-panel, consisted of a
germplasm collection of 354 bread wheat genotypes, of which 170 were landraces
from 24 Mediterranean countries and 184 modern varieties cultivated in 19 countries
in the region. This PhD thesis is structured in four chapters written as scientific
articles. Chapter 1 is published in PLoS ONE (2019), Chapter 2 in Agronomy
(2020), Chapter 3 in Remote Sensing (2021) and Chapter 4 in Frontiers in Plant
Science (2021). The multidisciplinary expertise needed to achieve the objective in
Chapter 3 was obtained through a five months’ research stay in the Department of
Agricultural and Food Sciences at Bologna University in Italy.
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Chapter 1

From landraces to improved cultivars: Assessment
of genetic diversity and population structure of
Mediterranean wheat using SNP markers

1. Abstract

Assessment of genetic diversity and population structure in crops is essential for
breeding and germplasm conservation. A collection of 354 bread wheat genotypes,
including Mediterranean landraces and modern cultivars representative of the ones
most widely grown in the Mediterranean Basin, were characterized with 11196
single nucleotide polymorphism (SNP) markers. Total genetic diversity (HT) and
polymorphic information content (PIC) were 0.36 and 0.30 respectively for both
landraces and modern cultivars. Linkage disequilibrium for the modern cultivars
was higher than for the landraces (0.18 and 0.12, respectively). Analysis of the
genetic structure showed a clear geographical pattern for the landraces, which were
clustered into three subpopulations (SPs) representing the western, northern and
eastern Mediterranean, whereas the modern cultivars were structured according
to the breeding programmes that developed them: CIMMYT/ICARDA, France/
Italy, and Balkan/eastern European countries. The modern cultivars showed higher
genetic differentiation (GST) and lower gene flow (0.1673 and 2.49, respectively)
than the landraces (0.1198 and 3.67, respectively), indicating a better distinction
between subpopulations. The maximum gene flow was observed between landraces
from the northern Mediterranean SPs and the modern cultivars released mainly by
French and Italian breeding programmes.

2. Introduction

Wheat is one of the most widely cultivated crops in the world, covering an area
of 219 million ha with a production of neatly 772 million t in 2017 (http://www.
fao.org/faostat). Of the daily intake of humans, wheat provides 19% of the calories
and 21% of the protein (http://www.fao. org/faostat). It is generally accepted that
to match the global population demand wheat production will need to increase by
1.7% per year by 2050 [1]. Additionally, the increasing unpredictability of the weather
conditions imposed by climate change will require the release of cultivars with very
high yield potential that are able to maintain acceptable yield levels and stability
under a broad range of environmental conditions. In the Mediterranean Basin, the
climatic regions vary greatly, including both favourable lands and drylands that are
subject to frequent drought episodes and high temperature stress, particularly during
grain filling [2].
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Wheat is estimated to have originated around 10000 years BP in the Fertile
Crescent. From there it spread to the west of the Mediterranean Basin and reached
the Iberian Peninsula around 7000 years BP [3]. During this migration, domestication
and selection by humans resulted in the development of landraces that were very
well adapted to local environments [4]. From the middle of the 20th century, the
cultivation of local landraces was progressively abandoned, as a consequence of the
Green Revolution, and they were replaced by the improved and more productive
semi-dwarf cultivars. Mediterranean landraces are an important group of genetic
resources because of their documented resilience to abiotic stresses, their resistance
to pests and diseases, and their genetic diversity [4, 5].

Knowledge of genetic diversity provides valuable information for understanding
the relationships between cultivars and facilitates their characterization and
classification, determination of population structure, etc., thus enriching breeding
strategies for crop improvement, for example helping breeders to develop new
cultivars reducing pre-breeding activities. In the last few decades, several markers
have been used for genetic studies [6]. However, the high-density genome coverage
provided atlow costin recent years by new high-throughput genotyping technologies
such as single nucleotide polymorphism (SNP) arrays or genotyping-by-sequencing
(GBS) have made them the procedures of choice for wheat genetic analysis [7—11].

The aim of this study was to explore the existence of genetic and/or geographic
structures and genetic diversity in collections of wheat landraces from the
Mediterranean Basin and modern cultivars representative of the ones most widely
cultivated in the region.

3. Material and methods

3.1. Plant material

With the aim of representing the past and current cultivated variability in the
Mediterranean Basin, the plant material consisted of a germplasm collection of
354 bread wheat (Triticum aestivum 1..) genotypes, the MED6WHEAT IRTA-panel,
of which 170 correspond to landraces from 24 Mediterranean countries and 184
to modern varieties cultivated in 19 countries in the region (S1 File). The landraces
were selected from a larger collection comprising 730 accessions of different origins
on the basis of phenology, spike characteristics and passport data.

Care was taken to include enough genotypes to represent the different climatic
regions existing within the Mediterranean Basin [12]. Landrace populations
were provided by public gene banks from Germany (IPK, Gatersleben), Italy
(ISC, S. Angelo Lodigiano), Romania (Suceava GenBank, Suceava), Russia (VIR,
St. Petersburg), Spain (CRF-INIA, Madrid), the Netherlands (CGN-WUR,
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Wageningen) and the USA (NSGC-USDA, Aberdeen, ID). Modern cultivars were
provided by public institutions (CIMMY'T, ICARDA, INRA and the University of
Belgrade), breeding companies and the germplasm collection of the IRTA breeding
programme. Accessions were bulk-purified during two cropping cycles to select the
dominant type and seed was increased in plots in the same field to ensure a common
origin for all lines.

3.2. Molecular characterization

DNA isolation was performed from lyophilized leaf samples at Trait Genetics
GmbH (Gate- rsleben, Germany). Accessions were genotyped with 13177 SNPs from
the Illumina Infinium 15K Wheat SNP Chip at Trait Genetics GmbH (Gatersleben,
Germany). Markers were ordered according to the SNP map developed by Wang et
al. [13].

3.3. Data analysis

Polymorphic information content (PIC) values were calculated following the
formula described by Botstein et al. [14] using the Cervus software v3.0.7 [15]
(available at http://www. fieldgenetics.com). Genetic diversity was estimated as
total diversity (HT) [16] using POP-GENE v1.32 [17]. The coefficient of genetic
differentiation, i.e. the proportion of total variation that is distributed between
populations (GST), was calculated as GST=DST/HT, where DST is the genetic
diversity between populations. DST was calculated as DST=HT-HS, where HS
is the mean genetic diversity within populations. Gene flow was estimated as
Nm=0.5(1-GST)/GST according to McDonald and McDermott [18].

Linkage disequilibrium (LD) was estimated as the square of marker correlations
(t%) for markers with known map positions using TASSEL 5.0 [19] at a significance
level of P<0.001 with a sliding window of 50 ¢M. The intra-chromosomal r* values
were plotted against the genetic distance and a LOESS curve was fitted to determine
the distance at which the curve intercepts the line of a critical value of t* in order to
estimate how fast the LD decay occurs for each chromosome. The critical value of
> was determined as the mean t* for each genome.

The genetic structure of the collection was estimated using the Bayesian
clustering algorithm implemented in the STRUCTURE software v2.3.4 [20] using
an admixture model with burn-in and Monte Carlo Markov chain for 10000 and
100000 cycles, respectively. A continuous series of K were tested from 1 to 10 in
seven independent runs. The Evanno method [21] was used to calculate the most
likely number of subpopulations with STRUCTURE HARVESTER software [22].
Principal coordinates analysis (PCoA) based on genetic distance was performed
using GenAlEx 6.5 [23].
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Diversity analysis between accessions was determined by simple matching
coefficient [24] implemented in DARwin software v.6 [25]. The un-rooted tree was
calculated using the neighbour-joining clustering method [26]. The tree is divided in:

e Clusters: Main divisions of the tree
e Branches: Division within clustets

* Groups: Genotypes from the same subpopulation within a branch

4. Results

4.1. SNP polymorphism and diversity

A total of 11196 polymorphic markers were located in the map developed by
Wang et al. [13]. In order to reduce the risk of errors in further analyses, markers and
accessions were analysed for the presence of duplicated patterns and missing values.
For the landrace collection, 8 markers with more than 25% of missing values as well
as 730 markers with minor allele frequency (MAF) lower than 5% were excluded from
the analysis, leaving a total of 10458 SNPs (Table 1). For the modern collection, 3
markers with more than 25% of missing values and 487 markers with an MAF lower
than 5% were excluded, leaving 10706 polymorphic markers. The total number of
polymorphic markers was 11074, of which 10090 (91%) were polymorphic in both
collections, 368 only in landraces and 616 only in modern cultivars.

The D genome had the lowest number of markers, whereas the B genome
showed the best coverage (Table 1). Genetic diversity (HT) and PIC were estimated
for each chromosome. For the landraces, HT ranged from 0.39 (1A, 4B) to 0.25
(4D) (mean 0.36) and PIC ranged from 0.33 (1A) to 0.21 (4D) (mean 0.30). For the
modern collection, HT ranged from 0.40 (2D, 6D) to 0.29 (7D) (mean 0.36) and
PIC ranged from 0.33 (1D, 2D) to 0.25 (7D) (mean 0.30)

4.2. Linkage disequilibrium

LD was determined (%) for single chromosomes. In the landraces, LD ranged
from 0.07 in chromosome 7D to 0.34 in chromosome 1D, with a mean among
chromosomes of 0.14. The percentage of locus pairs showing a significant LD at
P<0.001 ranged from 16% to 59% for chromosomes 7D and 2D, respectively, with
a mean of 33% (Table 1). In modern cultivars the mean value of * was 0.18, with
45% of the locus pairs in LD. Chromosome 7D, as reported for landraces, showed
the lowest LD (0.08), with 21% of the locus pairs in LD at P<0.001 (Table 1). The
maximum LD was found in chromosome 1D (0.41), showing 60% of the locus
pairs with a significant LD at P<0.001. However, as reported for the landraces, the
chromosome with the most locus pairs with a significant LD was 2D (68%, t*=0.4).
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The extent of LD was also investigated for the three genomes. The highest t*
was found in the D genome for both landraces and modern cultivars (0.22 and 0.20,
respectively). The D genome had the most markers with significant LD at P<0.001
(39%) in the landraces, whereas in the modern cultivars the B genome had the most,
with 51% of the locus pairs showing a significant LD at P<0.001 (Table 1). The
decay of LD varied for each chromosome. For the A and B genomes, LD decay
ranged from 1 to 9 cM, whereas for the D genome it ranged from 1 to 10 ¢cM (Table
1, S3 File).

4.3. Population structure

The first analysis of the population structure of the 354 accessions was carried out
using 557 common SNPs markers between landraces and modern cultivars evenly
distributed across the genome. The markers were selected according to the distance
of the LD decay for each chromosome in order to avoid the use of markers with a
significant LD. The Bayesian clustering method using the Evanno test [21] to infer
the most likely number of structured subpopulations (AK) revealed the presence
of two distinct subpopulations, one including landraces and the other including
modern cultivars (data not shown). On the basis of this result, a subsequent analysis
of population structure was performed independently for the landraces and modern
cultivars.

The highest value of AK for the landraces was observed for K=2 (2861), followed
by K=3 (1031) (Fig 1A). Population structure for both K=2 and K=3 showed a
geographical pattern. For K=2 the landraces were separated following an east-west
pattern within the Mediterranean Basin, whereas for K=3 landraces mainly from the
Balkan Peninsula were separated either from eastern Mediterranean ones or from
French and Italian ones included in the western Mediterranean. The subpopulations
(SPs) were classified as western (SP1), northern (SP2) and eastern Mediterranean
(SP3) (Fig 1B) according to the geographical region of the countries most
represented in the SP. The inferred population structure for K=3 showed that 45%
of the accessions (77 out of 170) showed a strong membership coefficient (q-value)
to one of the SPs (q>0.7), whereas using a moderate q-value (>0.5) the number of
accessions within an SP increased to 144 (85%), leaving 26 as admixed (S1 File). The
western Mediterranean SP (SP1) included 43 accessions, of which 28 corresponded
to western countries (Spain, Portugal, France, Morocco, Algeria and Tunisia), with
23 of them having a mean g-value greater than 0.8 (Table 2). SP1 also included
10 landraces (23%) from eastern countries and 6 (14%) from northern countries.
The northern Mediterranean SP (SP2) included 59 accessions, with 68%, 24% and
8% corresponding to northern (Albania, Bosnia and Herzegovina, Croatia, France,
Greece, Italy, Macedonia, Romania and Serbia), western and eastern Mediterranean
countries, respectively (Table 2 and Fig 1B and 1C). Finally, the eastern Mediterranean
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Figure 1. Genetic structure of Mediterranean landraces. (A) Estimation of the number of
subpopulations (SPs) according to the Evanno test. (B) Inferred structure of the landrace collection
based on 170 genotypes. Each individual is represented by a coloured bar with length proportional
to the estimated membership to each of the three SPs. (C) Geographic distribution of the wheat
subpopulations within the Mediterranean Basin. Circles indicate the proportion of each SP in the
country. Red, SP1 (western Mediterranean); green, SP2 (northern Mediterranean); blue, SP3 (eastern
Mediterranean); grey, admixture. Map soutce: https://commons.wikimedia.org/wiki/File:Middle_
East_location_map.svg,

SP (SP3) included 42 accessions, of which 86% corresponded to eastern countries
(Cyprus, Egypt, Jordan, Iraq, Lebanon, Libya, Syria and Turkey) and 12% and 2%
to western and northern countries, respectively (Table 2). As shown in Table 2 and
Fig 1, the northern Mediterranean SP included accessions from Balkan countries,
but also French, Italian and Spanish landraces. On the other hand, three accessions
from Israel belonged to the western Mediterranean SP, but their g-values (average
q=0.605) were lower than those of the accessions from western Mediterranean
countries. Also, 40% of the accessions from Tunisia belonged to SP2. Accessions
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from Portugal and Spain were distributed in SP1 and SP2. As shown in Table 2, the
inconsistencies observed for these countries could be related to the low g-values
for the most represented SP. The three Portuguese accessions included in SP2 had
a mean g-value of 0.592, and the Spanish and Greek accessions showed g-values
slightly higher than 0.5 for the two SPs (Table 2), denoting a high level of admixture
in all of them.

Following the Evanno test, as previously reported for landraces, the most likely
number of structured SPs (AK) for modern cultivars was K=2 (728) (Fig 2A). The
first cluster grouped mainly cultivars developed by French and Italian breeding
programmes, and the second one grouped mainly cultivars from North Africa, the
Middle East and Spain, with evident CIMMYT and ICARDA genetic background
(81 File). A set of cultivars mainly from Serbia remained admixed. If the second
highest value for the structured subpopulations was chosen (K=3) (105), a third
SP clustered all Serbian accessions, plus 2 from Macedonia and 1 from Hungary
(Fig 2B and 2C, S1 File). According to the classification into three structured
subpopulations, 79% of the accessions (145 out of 184) showed a q>0.7. The
first SP (SP4) included 73 cultivars from France, 10 from Italy and 1 from Serbia.
The second SP (SP5) included cultivars from eastern Europe, mainly Serbia (21
out of 24). The third SP (SP6) included 33 cultivars from Spain, 15 cultivars from
North African countries, 12 from the Middle East and Central Asia (Afghanistan),
and finally 4 from northern Mediterranean countries (France and Italy). Finally, 12
cultivars remained as admixed.

The relationships between landraces and modern cultivars were also analysed
by PCoA as a complementary way to visualize their clusters. In agreement with
the results shown by STRUCTURE, the first two coordinates of the PCoA cleatly
separated the landraces from the modern cultivars, and within each group accessions
were clustered matching the results of STRUCTURE (Fig 3). Landraces from
the Balkan Peninsula “TRI 1667 and “TRI 1671’ (Albania), ‘Moriborska’ (Bosnia
and Herzegovina), ‘41-11/4-B’ and ‘Legan Bezosja’ (Serbia), and ‘Solonetu Nou’
(Romania) were positioned on the positive side of the PCoAl close to the origin
of the axes, together with the modern Serbian cultivars. Additionally, two landraces
from Italy (“TRI 16900’ and “TRI 16516’) and three from France (‘Mounton a Epi
Rouge’, “TRI 14046’ and “TRI 17938’) were located within the modern cultivars
from SP4 that grouped modern French and Italian cultivars.

The six SPs showed a total genetic diversity (HT) ranging from 0.2651 for
modern cultivars from the Balkans and eastern Europe (SP5) to 0.3690 for northern
Mediterranean landraces (SP2) (Table 3). The genetic diversity among SPs (DST)
was low (0.0700), resulting in a genetic differentiation (GST) among SPs of 0.1838.
This means that only about 18% of the variability observed was due to differences
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Figure 2. Genetic structure of the modern cultivars. (A) Estimation of the number of subpopulations
(SPs) according to the Evanno test. (B) Inferred structure of the collection based on 184 genotypes.
Eachindividualis represented by a coloured bar with length proportional to the estimated membership
to each of the three subpopulations. (C) Proportion of cultivars from the different countries/regions
within each SP. Yellow, SP4; blue, SP5; violet, SP6.

between SPs. The estimation of GST also allowed us to estimate the gene flow (Nm)
among SPs. The value of this estimate (2.22) indicates a high level of gene exchange,
which denotes a low genetic differentiation among the SPs. When analysed by type
of accessions, the landraces showed a GST=0.1198 and an Nm=3.67, whereas
the modern cultivars showed a GST=0.1673 and an Nm=2.49, indicating higher
gene exchange between the landrace SPs (Table 3). When comparisons were made
between two SPs, gene flow ranged from 2.53 between western Mediterranean
landraces (SP1) and modern Balkan cultivars (SP5) to 9.39 between northern
Mediterranean landraces (SP2) and cultivars developed mainly by French and Italian
breeding programmes (SP4) (Table 3).
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Figure 3. Principal coordinates analyses based on genetic distance. A) Landraces: red, SP1; green,
SP2; blue, SP3; dark grey, admixed; light grey, modern cultivars. B) Modern cultivars: yellow, SP4;
dark blue, SP5; violet, SP6; dark grey, admixed; light grey, landraces.

4.4. Cluster analysis

To better detail the kinship among accessions, a neighbour-joining tree was built
using the common SNPs markers between the landraces and modern cultivars. The
dendrogram showed two main clusters with a robust separation between them (Fig
4). Within each of these clusters, accessions were mainly grouped in agreement with
the groups obtained previously by STRUCTURE and PCoA analysis (Fig 4).

The first cluster of modern cultivars (M_Q1) included cultivars from France and
Italy (SP4), in addition to three landraces: ‘Bahatane’ and “TRI17938’ from France and
“TRI16516” from Italy. The second cluster of modern cultivars (M_Q2) represented

mainly the accessions carrying CIMMYT and ICARDA genetic background (SP6),
including cultivars developed in Turkey, Spain, Egypt, Syria, Morocco, Algeria,
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Figure 4. Un-rooted neighbour-joining dendrogram. Colours of branches correspond to the SPs
obtained by STRUCTURE analysis. Landraces (LR): red, SP1; green, SP2; blue, SP3. Modern
cultivars (M): yellow, SP4; dark blue, SP5; violet, SP6.

France, Italy, Afghanistan, Sudan and Tunisia. This cluster also included the French
cultivar ‘Boticelli” classified in SP4 but including 37% of the genetic background
from SP6. Finally, the third cluster of modern cultivars (M_Q3) contained the group
of all elite cultivars from the Balkan Peninsula and eastern Europe (SP5): Serbia
(23), Macedonia (2) and Hungary (1). This cluster also included the Syrian landrace
‘Salamuni-A’, classified as admixed by STRUCTURE.

The clustering of landraces suggested a more complex distribution among the
SPs according to the higher frequency of admixture revealed by STRUCTURE. The
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first cluster (LR_Q1) showed three branches, the first one with landraces mainly from
the western Mediterranean (SP1), with Morocco as the best-represented country of
the branch (45% of the accessions). The second country represented in this branch
was Algeria (14%), and the remaining accessions from Cyprus, Egypt, Greece, Iraq,
Portugal, Spain, Syria, Tunisia and Turkey were represented in a lower frequency
(3%-6%). The second and third branches included mainly eastern Mediterranean
landraces, with 81% of the accessions coming from Egypt, Iraq, Jordan, Syria and
Turkey. The remaining accessions were from western (Algeria, 11% and Tunisia,
4%) and northern (France, 4%) Mediterranean countries.

The second cluster (LR_Q2) was represented by landraces from the three SPs in
two main branches. The first branch included a division between genotypes from
the eastern (SP3) and western (SP1) Mediterranean SPs. The eastern group was
represented mainly by Turkish landraces (46%). An additional 27% was represented
by landraces from Cyprus, Iraq, Jordan and Lebanon, and finally the remaining
cultivars were previously grouped by structure analysis in the northern Mediterranean
SP (SP2). The second group of the branch was composed mainly of landraces from
the eastern Mediterranean countries Cyprus (10%), Israel (50%), Jordan (20%) and
Syria (10%), although the Bayesian clustering determined that their structure was
more similar to that of landraces from the western Mediterranean SP. Only one
landrace from Morocco was included in this group. The second cluster included
landraces from the western and northern Mediterranean SPs. The first branch
included most of the accessions from western Mediterranean countries (Morocco,
Portugal, Spain and Tunisia) and one accession from Libya. In this branch, 50% of
the accessions showed high levels of admixture. The second branch of the cluster
was divided into two groups, the first including mostly landraces classified as western
Mediterranean by STRUCTURE. The group included cultivars from Algeria, Greece,
Italy, Morocco and Turkey. The second group was mainly composed of northern
Mediterranean landraces (71%) from Albania, France, Italy, Macedonia and Serbia.
Although included by structure analysis in this SP, Portugal, Spain and Tunisia from
the western Mediterranean and Lebanon from the eastern Mediterranean were also
included in this group.

Finally, the remaining landraces were included in four branches (LR_Q3) of the
main clusters examined above, with 76% corresponding to northern Mediterranean
countries (Albania, Bulgaria, Bosnia and Herzegovina, France, Greece, Croatia,
Italy, Romania and Serbia). Within these branches, five modern cultivars were also
included: the Spanish cultivars ‘Montcada’ and ‘Montserrat’, the Turkish cultivars
‘Ata 81” and ‘Cumbhuriyet 75°, and the Serbian cultivar ‘KG 100’.
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5. Discussion

5.1. Genetic diversity

Genetic diversity is essential for plant breeding because it provides new knowledge
for improving cultivars. In wheat, the genetic diversity was narrowed down during
the second half of the 20th century as a consequence of the introduction of
high-yielding improved semi-dwarf cultivars. Several studies, reviewed in Lopes
et al. [27], have considered landraces to be a source of lost variability that can
provide favourable genes to improve modern cultivars. However, in a recent study
of the genetic structure of durum wheat Mediterranean landraces, Soriano et al.
[6] reported that the great genetic distance estimated between modern cultivars
and landrace populations denotes a low use of durum landraces by durum wheat
breeding programmes. The knowledge of the genetic diversity within landrace
populations will be of special interest for designing new crosses with commercial
varieties in order to widening the variability of the new genotypes. As itis reported in
Lopes et al. [27] the monitoring of the genetic diversity of landraces is an approach
to increase the frequency of rare alleles in breeding programs to find new allelic
variation of genes of interest.

Among the 11196 polymorphic markers in the MEDOWHEAT panel with a
known genetic position according to the map of Wang et al. [13], the B genome
had the highest number of SNPs and the D genome the lowest, as reported by
Alipour et al. [7] and Eltaher et al. [11]. The collection of Mediterranean landraces
showed the lowest PIC and gene diversity values for the D genome, according to the
findings of Lopes et al. [28]. Alipour et al. [7] and Eltaher et al. [11] related the low
polymorphism in the D genome to the recent evolutionary history of this genome
in comparison with the A and B genomes [29]. However, when the collection of
modern cultivars was analysed, we found no differences between PIC values for the
three genomes, while the D genome showed a slightly high gene diversity. Trethowan
and Mujeeb-Kazi [30] and Jia et al. [31] concluded that higher diversity in the D
genome may provide new elite and desirable alleles controlling important traits for
dealing with climate change.

The average PIC value for both the landraces and the modern cultivars was
0.30. This value is in agreement with previous studies using bi-allelic markers such
as SNP or DArT in either common or durum wheat. In common wheat, Lopes
et al. [28] found a PIC value of 0.24 for the WAMI population genotyped with
the 9K SNP array. Novoselovi¢ et al. [32] characterized a Croatian collection with
1229 DArT markers with an average PIC value among the populations of 0.30.
Alipour et al. [7] genotyped a diversity panel of 369 Iranian landraces using 16506
GBS-based SNPs, reporting an average PIC of 0.172. El-Esawi et al. [33], using
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Austrian and Belgian wheats, found PIC values of 0.33 and 0.29, respectively, with
1052 DAfT markers. Finally, Eltaher et al. [11], in an F3:6 Nebraska winter wheat
population genotyped with 25566 SNPs generated by GBS, found a PIC value of
0.25. In durum wheat, similar PIC values have been reported (Baloch et al. [8], 0.26
and 0.30 using DArTseq and SNPs, respectively; Kabbaj et al. [10], 0.32). The SNP
markers in our panel were moderately informative according to the classification
of average PIC values into the three categories proposed by Botstein et al. [14]:
highly informative (PIC>0.5), moderately informative (0.25<PIC<0.5) and slightly
informative (PIC<0.25). Previous studies using SSR markers revealed higher levels
of polymorphism. In a previous study of our group, Soriano et al. [6], using a panel
of 192 durum wheat genotypes (mainly Mediterranean landraces) genotyped with
44 SSR markers, found an expected heterozygosity of 0.71. Similar results with SSRs
have been reported in durum wheat [34, 35] and bread wheat [36—38]. The lower
PIC value obtained with SNPs or DAfTs than with SSR markers may be explained
by their bi-allelic nature, which means that the maximum attainable PIC is 0.5 when
the two alleles have the same frequency [11, 39].

5.2. Linkage disequilibrium and population structure

Linkage disequilibrium is defined as the non-random association of alleles at
different loci and decays rapidly with genetic distance. Thus, determining the LD
decay over physical and genetic distance within a panel of genotypes is an important
step for determining the resolution and marker density required for association
studies. Moreover, LD is influenced by population structure due to stratification
and unequal distribution of alleles within groups of genotypes, which can result in
false associations [20].

In the current study, the mean t* calculated for intra-chromosomal loci was 0.12
and 0.18 with 32% and 46% of the locus pairs in L.LD for landraces and modern
cultivars, respectively. It is well known that crops gradually lose their genetic
variability through domestication and breeding, resulting in more uniform cultivars,
reducing the recombination rate and affecting LD [40, 41]. The D genome showed
the highest 12 for both landraces and modern cultivars. Similar results were reported
by Chao et al. [42] and Lopes et al. [28], who explained that higher LD in the D
genome was linked to recent introgressions and population bottlenecks in the origin
of hexaploid wheat.

The first attempt to dissect the genetic structure of the MEDOWHEAT panel
showedaclear separationbased on historical breeding periods, i.e.landraces vs modern
cultivars. Thus, for subsequentanalysis of population structure,independent analyses
were carried out for the two groups of germplasm. According to a Bayesian-based
analysis, without a priori assighment of accessions to populations, the landraces
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showed a geographic structure according to the east- ern and northern zones of the
Mediterranean Basin, whereas accessions classified as western Mediterranean showed
a high level of admixture. This classification denoted a migration from the centre
of wheat domestication in the Fertile Crescent to the west of the Mediterranean
Basin, as reported by Moragues et al. [43] and Soriano et al. [6] in durum wheat.
The higher admixture found in western Mediterranean landraces may be due to the
incorporation and fixation of favourable alleles from eastern and northern genetic
pools during the migration process. By contrast, for modern cultivars the separation
was mainly based on the pedigree of the accessions: CIMMYT/ICARDA, cultivars
obtained mainly by French breeding programmes, and accessions from the Balkan
Peninsula. These groups may have originated through the sharing of germplasm
from different breeding programmes with similar growing conditions, particularly
from the shuttle breeding carried out by international centres. For the landrace
collection, only 45% of the accessions showed a strong g-value (>0.7), suggesting
high levels of admixture among SPs, whereas for the modern cultivars 79% of the
accessions showed a strong g-value. Oliveira et al. [44] suggested that admixture is
the result of the incorporation of alleles from more than one gene pool because
of the spread of wheat from different ancestral populations. Moragues et al. [43]
proposed as a possible cause of admixture the exchange of germplasm between
different Mediterranean regions during the expansion of the Arabian Empire. The
low level of admixture between modern cultivars could be due to the development by
breeding programmes of cultivars with specific adaptation to the local environments
and the use of different genetic resources.

Based on the defined SPs, the results of PCoA and neighbour-joining were in
agreement with those reported by STRUCTURE, showing first a robust separation
between the landraces and modern cultivars, and within these main clusters a
separation into three genetic SPs.

The origin of the axes in the PCoA showed a mixture between landraces and
modern cultivars, as also reported by Oliveira et al. [45]. Landraces from the
Balkan Peninsula co-localized with modern cultivars from the same region, and two
landraces from Italy and three from France were located close to modern cultivars
from those countries. A possible cause of this mixture could be the presence
of these landraces in the pedigree of the modern cultivars, as reported for the
French landrace ‘Mounton a Epi Rouge’, which according to Bonjean [40] played
an important role in the pedigrees of improved French cultivars between 1965 and
1975.

According to the admixture revealed by STRUCTURE analysis, the modern
cultivars showed well-defined clusters with differentiation among SPs in the
neighbour-joining tree, whereas for the landraces the branches included accessions
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from different SPs. Only four genotypes from a given SP were misclassified within
the clusters of modern cultivars. Within M_Q1, formed mainly by French and Italian
cultivars, two French and one Italian landraces were also included. Cluster M_Q?2,
which grouped most cultivars carrying CIMMY'T and ICARDA genetic background,
also included the French cultivar ‘Boticell’, which, although belonging to SP4,
has an important genetic background (37%) from SP6. Cluster M_Q?3 included a
landrace from Syria, classified as admixed, with 30% of its genetic background from
the northern Europe SP. The presence of landraces within modern cultivars was
reported in a global durum wheat panel by Kabbaj et al. [10], who concluded that
the simplest explanation was that they were not true landraces, but old tall cultivars
wrongly labelled during the collecting mission by the gene banks. This seems a
plausible explanation, considering that the first breeding attempts made by pioneer
breeders or entrepreneurial Mediterranean agriculturalists consisted in identifying
and isolating the best lines already existing within original wheat landraces [47].
Alternatively, the grouping within elite cultivars was probably due to the fact that
they were used in breeding programmes to enlarge the genetic diversity, as reported
for grain legumes by Sharma et al. [48].

When landraces were analysed by hierarchical clustering, a higher level of admixed
genotypes was found on the basis of the STRUCTURE classification. Although the
main groups within the clusters were formed mostly by members of specific SPs,
a discrepancy between the classifying methods was observed among groups of the
same cluster. As reported for clusters LR_Q1 and LR_Q2, some of the landraces
misclassified by STRUCTURE according to their country of origin or with a high
level of admixture were grouped by neighbour-joining into clusters containing
accessions from the same geographical region. In LR_Q3, five modern cultivars
were also grouped with landraces, probably due to the presence in their pedigree
of genetic background from landraces or closely related accessions. However, the
closed pedigree of most commercial cultivars did not allow us to clarify this.

These results highlight the importance of using different approaches to determine
the genetic structure of a germplasm collection. Although the different methods are
coincident for the genotypes with strong genetic membership to a given group, they
are useful to complement the information provided when accessions show large
admixture or gene flow among different geographical regions, as in the case of
Mediterranean landraces.

5.3. Gene flow

Genetic differentiation and gene flow provide information about population
differentiation. Gene flow homogenizes populations by genetically decreasing
variance among populations and increasing variance within populations. In our study,
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the analysis of genetic differentiation and gene flow indicated that the majority of
the genetic variation was explained by differences among cultivars within genetic
SPs. Differentiation of modern cultivar SPs was higher than that of landrace SPs,
indicating a lower level of gene exchange among cultivars from different origins.
These results are in agreement with population structure and neighbour-joining
clustering, in which a higher level of admixture was found for landraces from different
geographical regions. Accordingly, it has also been suggested that the low genetic
differentiation among SPs is due to seed exchange by farmers, mainly influenced
by geographic distances [49, 50]. When two SPs were compared, in general gene
flow between landrace SPs was also higher than between modern cultivars. Within
landraces, the highest gene flow was found between the northern Mediterranean
SP and the western and eastern Mediterranean SPs. The value was lower for the
exchange between the western and eastern Mediterranean SPs, supporting the
hypothesis of geographic distance. When the modern cultivars were analysed, gene
flow showed a higher value between SP4 (France and Italy accessions) and SP5
(Balkan accessions). Cultivars with a CIMMY'T/ICARDA origin (SP6) had lower
values of gene exchange with the other SPs, probably because of the delivery of
improved inbred lines to be released by local programmes through the nurseries
that these international centres distribute globally. In the case of modern cultivars,
the SPs reflected similarities between the genetic pools managed by the breeding
programmes conducted in each specific country. The highest gene flow value was
reported between SPs from different periods, i.e. between landraces from the
northern Mediterranean (SP2) and modern cultivars released by French and Italian
breeding programmes (SP4), suggesting the presence of the genetic background of
landraces or old cultivars in the improved modern varieties.

6. Concluding remarks

The current study aimed to explore the presence of genetic and geographic
structures in a collection of bread wheat landraces and modern cultivars representing
the variability existing for the species in the Mediterranean Basin. The results
demonstrated the usefulness of the methodologies employed for achieving this
goal. The structure for landraces showed a geographical pattern with different levels
of admixture, mainly justified by physical distances between the territories where
they were collected, whereas the structure for modern cultivars reflected differences
and similarities between the genetic pools managed by the breeding programmes
operating in the region.

The results reported in the current study may be of special interest for driving
the development of new cultivars with desirable traits for the climatic conditions
of the Mediterranean Basin, and for identifying useful molecular markers through
genome-wide association studies to assist breeding programmes.
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Chapter 2

Exploring the Genetic Architecture of Root-Related
Traits in Mediterranean Bread Wheat Landraces by
Genome-Wide Association Analysis

1. Abstract

Background: Roots are essential for drought adaptation because of their
involvement in water and nutrient uptake. As the study of the root system
architecture (RSA) is costly and time-consuming, it is not generally considered in
breeding programs. Thus, the identification of molecular markers linked to RSA
traits is of special interest to the breeding community. The reported correlation
between the RSA of seedlings and adult plants simplifies its assessment. Methods:
In this study, a panel of 170 bread wheat landraces from 24 Mediterranean countries
was used to identify molecular markers associated with the seminal RSA and related
traits: seminal root angle, total root number, root dry weight, seed weight and shoot
length, and grain yield (GY). Results: A genome-wide association study identified
135 marker-trait associations explaining 6% to 15% of the phenotypic variances
for root related traits and 112 for GY. Fifteen QTL hotspots were identified as the
most important for controlling root trait variation and were shown to include 31
candidate genes related to RSA traits, seed size, root development, and abiotic stress
tolerance (mainly drought). Co-location for root related traits and GY was found
in 17 genome regions. In addition, only four out of the fifteen QTL hotspots were
reported previously. Conclusions: The variability found in the Mediterranean wheat
landraces is a valuable source of root traits to introgress into adapted phenotypes
through marker-assisted breeding, The study reveals new loci affecting root
development in wheat.

Keywords: drought stress; association mapping; root system architecture; QTL
hotspot; seminal root

2. Introduction

Wheat is the most widely cultivated crop in the world, covering around 219
million ha (Faostat 2017, http://www.fao.org/faostat/). It is a staple food for
humans, as it provides 18% of daily human intake of calories and 20% of protein
(http:/ /www.fao.org/faostat/). Global wheat demand is estimated to increase by
60% by the year 2050 [1], so wheat production will need to rise by 1.7% per year
until then. Achieving this objective is a great challenge under the current climate
change scenario, as the prediction models estimate a precipitation decrease of 25%
to 30% and a temperature increase of 4°C to 5°C for the Mediterranean region
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[2]. It is well known that wheat production is greatly affected by environmental
stresses such as drought and heat [3] that negatively affect yield and grain quality
[4]. Drought is considered the greatest environmental constraint to yield and yield
stability in rainfed production systems [5]. Environmental effects on yield in the
Mediterranean Basin have been estimated at 60% for bread wheat [6] and 98%
for durum wheat [7]. The expected effects of climate change and the declining
availability of water and chemical fertilizers will require the release of cultivars with
an enhanced genetic capacity to maintain acceptable yield levels and yield stability
under harmful environmental conditions [8,9]. To cope with the challenges of
climate change, breeders are particularly challenged to stretch the adaptability and
performance stability of new cultivars, so many improvement programs are focusing
on breeding for adaptation [10].

Plants respond and adapt to water deficit using various strategies that have
evolved at several levels of function and are components of the conceptual
framework developed by Reynolds et al. [11], which defines drought resistance in
terms of dehydration escape, tolerance, and avoidance. Traits defining root system
architecture (RSA) are critical for wheat adaptation to drought environments and
non-optimal nutritional supply conditions [12]. Besides, water-use efficiency (WUE)
can be significantly increased by optimizing the anatomy and growth features of
roots [13]. Root traits are critical for drought tolerance due to its role in plant
performance and the acquisition of nutrients and water from dry soils [14]. The
wheat plant includes two types of roots: seminal (embryonal) and nodal (crown or
adventitious or adult root system). The seminal roots are the first to penetrate the
soil and remain functional during the whole plant cycle [9,15]. A correlation between
seminal and adult roots in terms of size, dry-weight, or even specific architectural
features have been reported [9,13]. Since the evaluation of RSA features in the field
is very difficult, expensive, and time-consuming when a large number of genotypes
need to be phenotyped, several studies have been carried out at early growth stages to
allow an optimal screening of RSA traits [8,12,16—18]. Maccaferri et al. [9] observed
that among RSA traits, those involving the root structure and related to the uptake
of nutrients and water are root length, surface area and volume, and the number of
roots, while root diameter is significantly associated with drought tolerance. Another
RSA trait of interest in wheat is the seminal root angle (SRA), whose features suggest
that narrow angles could lead to deeper root growth to obtain water from deeper
soil layers and hence maintain higher yields [5,13].

Identifying quantitative trait loci (QTLs) and applying marker-assisted selection is
of particularinterest for RSA because the traitis important but difficult to phenotype.
In the last few years, genome-wide association studies (GWAS) have become very
popular because of their use of germplasm collections with wider variability than
the classical bi-parental crosses. These collections allow many recombination
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events to be detected, making the association between genotype and phenotype
more accurate. Collections of landraces are an ideal subject of GWAS [19] since
they are genetically diverse repositories of unique traits that have evolved in local
environments characterized by a wide range of biotic and abiotic conditions. Several
studies have shown that Mediterranean wheat landraces possess a wide genetic
background for root architecture, yield formation, stress tolerance, and quality traits
[17-22]. In the current study, a GWAS for three RSA traits and two related traits was
performed on a panel of 170 bread wheat (T7iticum aestivum 1..) landraces from 24
Mediterranean countries with the following goals: (1) to detect differences in RSA
among genetic subpopulations previously distinguished in the panel, (2) to identify
correlations among RSA and grain yield under rainfed conditions, and (3) to identify
molecular markers and candidate genes linked to root-related traits and candidate
gene models for the associations.

3. Materials and Methods
3.1. Plant Material

A germplasm collection of 170 bread wheat (T7iticum aestivum 1..) genotypes from
the MED6WHEAT IRTA panel described by Rufo et al. [23] was used in this study.
The panel was genotyped and characterized using the Illumina Infinium 15K Wheat
SNP Chip at Trait Genetics GmbH (Gatersleben, Germany), and markers were
ordered according to the SNP map developed by Wang et al. [24]. The collection was
previously structured into three subpopulations (SPs) matching their geographical
origin [23]: western (SP1, WM), northern (SP2, NM), and eastern Mediterranean
(SP3, EM) (Supplementary Materials, Table S1). Additionally, the cultivars ‘Arthur
Nick’, ‘Anza’, ‘Soissons’, and ‘Chinese Spring” were included as checks.

3.2. Root Morphology and Statistical Analysis

Root analysis was performed following the protocol described by Cane¢ et al. [8],
which was slightly modified in the current study (Figure 1). Ten representative seeds
were randomly chosen from each genotype, weighed, sterilized in a 10% sodium
hypochlorite solution for 5—10 min, washed thoroughly in distilled water and placed
on hydrated filter paper in a 140 mm Petri dish at 28°C for 24 h. Subsequently,
five seedlings were selected on the basis of a normal seminal root emergence and
were spaced 8 cm from each other on a filter paper sheet placed on a vertical black
rectangular polycarbonate plate (42.5 X 38.5 cm). Finally, each plate was covered
with another wet sheet of filter paper. Distilled water was used for the plantlets’
growth. The plantlets were grown in a growth chamber for 14 days at 22°C under
a 16-h light photoperiod. In addition to the ten seed weight (SW), four other traits
were scored for each genotype: total root number (TRN), shoot length (SL) from
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the seed to the tip of the longest leaf and SRA, obtained using a digital camera
following the methodology described in Cane et al. [8]. The images were processed
with Image] software [25]. The angle between the two external roots of each plantlet
was measured at a distance of 3.5 cm from the tip of the seed. Finally, the roots were
desiccated at 70°C for 24 h to obtain the root dry weight (RDW).

The experimental design followed a randomized complete block with two
replications in time. Means of five observational units for each genotype were used
for TRN, RDW, and SL, while only three observational units were used for SRA
because the two external ones were considered as border plantlets for root angle.

4 Results
File Edit Font Results

Figure 1. Experimental setup for the analysis of seminal root traits. Seeds were placed 8 cm apart on
moist filter paper (A) and kept in a box with distilled water in a growth chamber for 14 days at 22 °C
under a 16-h light photoperiod (B). (C) Example of seminal root angle measurement, using Image]
software.

3.3. Grain Yield

Field experiments were carried out in 2016, 2017, and 2018 harvesting seasons
in Gimenells, Lleida, north-east Spain (41°38’ N and 022’ E, 260 m a.s.l) under
rainfed conditions. The experiments followed a non-replicated augmented design
with two replicated checks (the cultivars ‘Anza’ and ‘Soissons’) and plots of 3.6 m*
The experimental design is shown in Supplementary Materials, Figure S1. Sowing
density was adjusted to 250 germinable seeds m* Weeds and diseases were controlled
following standard practices at the site. The anthesis date was determined in each
plot. Grain yield (GY, t ha™') was determined by mechanically harvesting the plots at
maturity and expressed on a 12% moisture level.

3.4. Statistical Analysis

Phenotypic data for GY was fitted to a linear mixed model with the check cultivars
as fixed effects and the row number, column number and cultivar as random effects
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following the SAS PROC MIXED procedure:
y=XB+Zy+e 1)

where {3 is an unknown vector of fixed-effects parameters with known design
matrix X, y is an unknown vector of random-effects parameters with known design
matrix Z, and e is an unknown random error vector whose elements are no longer
required to be independent and homogeneous.

Restricted maximum likelihood was used to estimate the variance components
and to produce the best linear unbiased predictors (BLUPs) for the traits of each
cultivar and year with the SAS-STAT statistical package (SAS Institute Inc, Cary,
NC, USA).

Analyses of variance (ANOVA) were performed for the root traits, considering
the genotypes and the replication as random effects in the model. Additionally, for a
subset of 55 of the 141 structured landraces, selected as having an SP membership
q>0.8 (WM, 17; NM, 15; EM, 23), the sum of squares of the cultivar effect in the
ANOVAs was partitioned into differences between SPs and differences within them.
ANOVA for grain yield was performed for the complete collection, considering
genotype, year, and the combination of genotype and year the sources of variation.
Least squares means were calculated and compared using the Tukey HSD test
at P<0.05. Pearson correlation coefficients among root traits were computed.
Repeatability (H) was calculated on a mean basis across two replications following
the formula described by Harper [26] =B — W)/B +((n —1)W)), where n is the
number of genotypes and B and W the two variances from the ANOVA table:
between (B) and within (W). Frequency distributions, ANOVAs, the Tukey test, and
the Pearson correlation coefficients were calculated using the JMP v13.1.0 statistical
package (SAS Institute Inc, Cary, NC, USA).

3.5. Genome-Wide Association Analysis

A GWAS was performed for the mean of measured root traits and from the
BLUPs for GY per year and across years with TASSEL 5.0 software [27]. A mixed
linear model (MLLM) was conducted using the information of the genetic structure
reported in Rufo etal. [23] as the fixed effect and a kinship (K) matrix, calculated using
Haploview [28], as the random effect (Q+K model) at the optimum compression
level. In addition, the anthesis date was incorporated as a cofactor in the analysis.
As reported in other studies [29-32], an adjusted —log10 P>3 was established as a
threshold for considering a marker-trait association (MTA) statistically significant.
A moderate threshold at —log10 P>2.5 was also established for GY. Confidence
intervals (CI) for MTAs were calculated for each chromosome according to the
linkage disequilibrium (LD) decay reported by Rufo et al. [23]. In order to simplify
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the MTA information, the associations were grouped into QTL hotspots when at
least two M'TAs belonging to different traits overlapped their Cls. Circular Manhattan
plots were performed using the R package “CMplot” (http://www.t-project.org).

3.6. Gene Annotation

Gene annotation within the Cls of the QTL hotspots was performed using the
gene models for high-confidence genes reported for the wheat genome sequence
[33], available at https://wheat-urgi. versailles.inra.fr/Seq-Repository/Assemblies.
Markers flanking the ClIs were used to estimate physical distances from genetic
distances.

4, Results

4.1. Phenotypic Data of Root Traits

A summary of the genetic variation of the root traits is shown in Table 1. The
genotypes showed a low coefficient of variation (CV) with a narrow range of
variation among traits, from 10.4 for SW to 18.8 for RDW and repeatability (H)
ranging from 48.5% for RDW to 75.4% for SW.

Table 1. Statistics of the seminal root traits.

Table TRN(N) RDW(mg) SRA() SW (g) SL (cm)
Min 32 43 53.1 0.27 149
Max 5.4 205 125.9 0.63 302

Mean 44 11.7 98.6 0.48 22.0

SD 05 22 133 0.05 2.8

CV (%) 10.9 18.8 135 10.4 12.7

H (%) 52.0 485 70.0 75.4 50.0

SD, standard deviation; CV, coefficient of variation; H, repeatability; TRN, total root number; RDW;
root dry weight; SRA, seminal root angle; SW, seed weight; SL, seed length.

The ANOVA (Table 2) for cultivars with a high membership coefficient (q>0.8)
showed that for all traits the total variability was mainly explained by the genotype
effect, in a range from 63.5% for SL to 88.8% for SW. When the sum of squares of
the genotype effect was partitioned into differences between and within SPs, the
results revealed that the genetic variability was mainly explained by differences
within SPs in a range from 47.8% for TRN to 71.8% for SRA (Table 2). Differences
between SPs were statistically significant for SRA, TRN, SW, and SL, in a range from
0.0% of the genotype effect for SL to 25.3% for TRN (Table 2). The sum of squares
within SPs was partitioned into western (WM), northern (NM), and eastern (EM)
effects, being statistically significant for SRA (40.8%), TRN (28.3%), SW (38.3%),
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and SL (26.8%) in the western SP, SRA (34.4%) in the northern SP and RDW
(53.6%) and SW (55.4%) in the eastern SP.

Table 2. Percentage of the sum of squares of the ANOVA in a set of 55 bread wheat landraces
structured into three genetic subpopulations with membership coefficient q>0.8.

Source of variation df TRN RDW SRA SW SL
Replicate 1 0.1 0.7 0.0 0.1 0.3
Genotype 54 7317 64.8" 821" 88.8" 63.5

Between SPs 2 253" 0.6 10.3™ 18.9™ 6.0°

Within SPs 52 478 64.2" 718" 69.9” 57.5

WM 16 283" 316 408" 383" 268

NM 14 16.1 14.8 344" 6.3 252

EM 22 55.6 53.6 24.8 554" 48.0

Replicate x Genotype 54 26.8 34.5 17.9 11.1 36.2
Total 108

WM, western Mediterranean; NM, northern Mediterranean; EM, eastern Mediterranean; TRN, total
root number; RDW, root dry weight; SRA, seminal root angle; SW, seed weight; SL, seed length.
*P<0.05, *+P<0.001.

The ANOVA for grain yield revealed that the genotype effect was the most
important in the phenotypic expression of traits, accounting for 59% of the total
phenotypic variation, whereas the year effect accounted only for 5%. The interaction
accounted for almost 36% of the phenotypic variation although it was not significant

(Table 3).

Table 3. Percentage of the sum of squares for grain yield of the ANOVA in the collection of 170
bread wheat landraces.

Source of variation daf Grain yield p
Genotype 169 59.2 <0.001
Year 2 5.1 <0.001
Genotype x Year 338 35.7 No significant
Total 509

The landraces from northern Mediterranean countries showed the highest
number of seminal roots with a root angle not statistically different from the western
Mediterranean ones. On the other hand, eastern Mediterranean landraces showed
the lowest number of roots but the widest angle. These landraces reported the
lowest SW and the longest shoots. No differences were reported for RDW among
the three SPs (Table 4).

Correlation coefficients between root traits were calculated, showing highly
significant correlation coefficients between RDW and SW and RDW and SL (r=0.47
and 0.45 respectively; P<0.0001). Moderate significant correlations were reported
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Table 4. Means comparison of seminal root traits measured in a set of 55 Mediterranean wheat
landraces structured into three genetic subpopulations [23] with g>0.8. Means within columns with
different letters are significantly different at P<0.05 following a Tukey test.

TRN (N) RDW (mg) SRA (°) SW (g) SL (cm)
Northern Mediterranean 4.7 a 0.011 a 98.5b 0.50 a 20.8b
Western Mediterranean 43b 0.011a 96.2 b 049 a 21.4 ab
Eastern Mediterranean 40c 0.011 a 106.5 a 0.45b 22.5a

TRN, total root number; RDW, root dry weight; SRA, seminal root angle; SW, seed weight; SL, seed
length.

for TRN with RDW, SW and SRA (r=0.20, 0.28 and 0.28, respectively), and for SW
with SL (r=0.27). Finally, a negative correlation coefficient (r=—0.12) was found
between SRA and SW (Figure 2). GY showed a moderate significant correlation
with TRN and SW (r=0.28 and 0.29, respectively; P<0.0005).

4.2. Marker-Trait Associations

Atfter filtering for duplicated patterns, missing values, and minor frequency alleles,

SL 045 0.27 -0.05 0.06 -0.10

t RDW 047 020 -0.09 0.12

:* # sw 028 012 029

Figure 2. Correlations between seminal root traits and grain yield. On the right side are shown the
values of the correlation coefficients (r). SL, seed length; RDW; root dry weight; SW] seed weight;
TRN, total root number; SRA, seminal root angle; GY, grain yield.
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a total of 10,458 SNPs were used to genotype the panel of 170 wheat landraces [23].

The results of the GWAS for root related traits are reported in Figure 3 and
Supplementary Materials, Table S2. Using a common threshold of —log10 P>3, as
reported by other authors [29-32], a total of 135 MTAs were identified for the
analyzed traits. Of these, 50 MTAs corresponded to SW, 39 to RDW, 18 to SL,, 17 to
SRA, and 11 to TRN. The A and B genomes harbored 46% and 48% of MTAs,
respectively, whereas the D genome harbored only 6% of MTAs. The number of
MTAs per chromosome ranged from 1 in chromosomes 4D, 5D, and 6D to 14 in
chromosome 1B, with a mean of 7 MTAs per chromosome. Most of the MTAs
(88%) showed a phenotypic variance explained (PVE) by each MTA in a range of
5% to 10%, and only 2% showed a PVE higher than 15%. Among traits, the PVE
mean was stable in a range of 7% (SL) to 9% (RDW).

Figure 3. GWAS for root related traits (left circle) and grain yield for 3 years and across years (right
circle). From the inside out, root traits correspond to RDW, SW, TRN, SRA, and SL, whereas for GY
corresponds to 2016, 2017, 2018 harvesting seasons and the mean across yeats.

In order to identify and summarize the genomic regions most involved in trait
variation, QTL hotspots were defined when two or more MTAs from different traits
were grouped together within the same LD block. LD was previously estimated for
locus pairs in each chromosome, and its decay was set to 1 to 10 cM depending on
the chromosome [23]. Using this approach, 15 QTL hotspots grouping 43 MTAs
were identified (Table 5), while 92 MTAs remained as singletons.

The results of the GWAS for GY are reported in Figure 3 and Supplementary
Materials, Table S3. A common threshold of —logl0 P>3, detected a total of 40
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MTAs, thus a moderate threshold at —logl0 P>2.5 was applied, increasing the
number of significant associations to 112. Of these, 32 MTAs corresponded to
the year 2016, 30 to 2017, 18 to 2018, and 32 across years. The A and B genomes
harbored 43% and 38% of MTAs, respectively, whereas the D genome harbored
only 18% of MTAs. The number of MTAs per chromosome ranged from 1 in
chromosomes 3D and 6B to 16 in chromosome 1D. Chromosomes 1A, 4D, 5D,
and 7D did not show any association. All of MTAs showed a phenotypic variance
explained (PVE) by each MTA in a range from 5% to 11%. Most of the MTAs with
a PVE>8% were located on chromosome 1D (76%, 13 out of 17), whereas the
percentage increased to 80% among MTAs with a PVE>10% (4 out of 5).

In order to identify and summarize the genomic regions with a pleiotropic effect
for root traits and grain yield, QTL hotspots were defined as previously but including
the MTAs for GY. Using this approach, 17 QTL hotspots grouping 81 MTAs were
identified (Table 6). From them, five were in common with those reported only with
root traits (rootQTL1B.3, rootQTL2A.2, rootQTL3B.2, rootQTLG6A.1, and
rootQTLO6A.2). GY shared 8 genomic regions with SW and 9 with RDW; 4 with SL,
and 3 with SRA, whereas no regions were in common with TRN. In 59% of these
genomic regions, GY co-localize with only one root trait, whereas the other 41%
co-localize with two different root traits.

Table 5. Root QTL hotspots. Positions are indicated in cm.

QTL hotspot MTAs Trait Chromosome Peak CIleft CIright
root QTL1B.1 2 RDW, SW 1B 70.6 69.6 71.6
root QTL1B.2 2 RDW, TRN 1B 775 75.9 79.1
root QTL1B.3 2 RDW, SL 1B 83.0 81.4 84.6
root QTL2A.1 2 RDW, SW 2A 47.8 46.7 489
root QTL2A.2 2 RDW, SW 2A 104.1 103.6 104.6
root QTL2A.3 2 SW, SL 2A 177.5 176.9 178.2
root QTL2B.1 2 SW, SL 2B 109.5 109.0 110.0
root QTL3B.1 3 RDW, SW, TRN 3B 62.3 61.4 63.2
root QTL3B.2 2 SRA, SW 3B 80.6 79.6 81.5
root QTL5A.1 2 RDW, SL 5A 56.5 56.0 57.0
root QTL5B.1 2 RDW, SL 5B 95.7 94.5 96.9
root QTL6A.1 2 RDW, SL 6A 45.8 40.0 51.6
root QTL6A.2 2 RDW, TRN 6A 76.7 70.7 82.6
root QTL6A.3 2 RDW, SW 6A 138.4 132.3 144.6
root QTL7A.1 3 RDW, SRA, TRN 7A 216.6 215.3 218.0

TRN, total root number; RDW, root dry weight; SRA, seminal root angle; SW, seed weight; SL, seed
length.

In order to identify the most useful markers for selecting for the root traits,
extreme phenotypes were identified in the upper and lower 10th percentile of
genotypes within the collection for each trait (Figure 4). Among the most significant
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Table 6. QTL hotspots including grain yield. Positions are indicated in cm.

QTL hotspot MTAs Trait Chromosome Peak CIleft CIright
QTL yield/root_1B.1 3 GY, SRA 1B 8.4 7.4 9.4
QTL yield/root_1B.2 3 GY, SW 1B 43.9 429 44.9
QTL yield/root_1B.3 3 GY, SW 1B 63.5 61.5 65.5
QTL yield/root_1B.4 8 GY, RDW, SL 1B 83.3 82.3 84.3
QTL yield/root_2A.1 8 GY, RDW, SW 2A 104.1 103.6 104.6
QTL yield/root_2A2 3 GY, SRA 2A 151.3 150.8 151.9
QTL yield/root_3A.1 8 GY, RDW, SL 3A 84.3 81.9 86.7
QTL yield/root_3B.1 5 GY, SW 3B 72.8 70.8 74.8
QTL yield/root_3B.2 3 GY, SRA, SW 3B 80.5 79.6 81.5
QTL yield/root_4B.1 4 GY, SW 4B 76.6 74.1 79.2
QTL yield/root_5B.1 3 GY, SL 5B 57.8 56.8 58.9
QTL yield/root_5B.2 7 GY, RDW 5B 77.3 759 78.8
QTL yield/root_5B.3 2 GY, RDW 5B 176.2 175.2 177.2
QTL yield/root_6A.1 5 GY, RDW, SL 6A 45.6 39.6 51.6
QTL yield/root_6A.2 10 GY, RDW, SW 6A 76.6 70.7 82.6
QTL yield/root_7A.1 3 GY, RDW, SW 7A 135 133.2 136.8
QTL yield/root_7B.1 3 GY, RDW 7B 70.0 67.8 72.3

TRN, total root number; RDW, root dry weight; SRA, seminal root angle; SW, seed weight; SL, seed

length; GY, grain yield.

MTASs for each trait, markers with different alleles between extreme genotypes were
identified (Table 7, Figure 5). The frequency of the most common allele among
genotypes from the upper 10th percentile ranged from 78% for RDW to 88% for
SW, while for the lower 10th percentile it ranged from 65% for TRN and SRA to

92% for RDW (Figure 5).

Seminal Root Angle

Mean = 53,05

Mean = 125,88

Total Root Number

Mean =3,2

Mean =5,4

Figure 4. Extreme phenotypes for SRA and TRN. The means correspond for 3 observational units
of the genotype for SRA and 5 observational units of the genotype for TRN.

4.3. Gene Annotation

As reported in Supplementary Materials, Table S4, a total of 1489 gene models
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Figure 5. Marker allele frequency means from landraces within the upper and lower 10th percentile
for the analyzed traits. All significant markers shown in Table 5 are included. TRN, total root number;
RDW; root dry weight; SRA, seminal root angle; SW, seed weight; SL, seed length.

were identified within the 15 QTL hotspots using the high-confidence gene
annotation from the wheat genome sequence [33]. Genetic distances were converted
into physical distances using the position of common flanking markers on the
genetic map [24] and the genome sequence. The number of gene models ranged
from 224 in rootQTL_2A.2 to 9 in rootQTL_5B.1. Based on the high number of
gene models, a selection was made according to gene families involved in root traits,
growth and development, and abiotic stress resistance (Table 8). Thus, 31 gene
families with a total of 96 gene models remained for subsequent analysis. Among
them, F-box and zinc finger family proteins were identified in 12 of the 15 QTL
hotspots, whereas 10 gene families were present in only one QTL hotspot. Among
chromosomes with QTL hotspots, chromosome 2A had the highest number of
gene models (22), whereas chromosomes 5A and 5B had the lowest number (4).

5. Discussion

Breeding for drought adaptation is one of the main challenges to be addressed in
the coming years in order to increase wheat production and ensure sufficient food
supply in the current scenario of climate change. Roots are crucial in this adaptation,
as they are responsible for water and nutrient uptake. The wide morphological
plasticity of the root system to different soil conditions and the role of root traits
in drought environments are well known [34,35]. Wheat roots reduce their growth
in water-limited conditions but increase the water uptake rate, extracting the water
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Table 8. Selected gene model families

Description N QTL hotspots Function
F-box family protein 12 Salt and drought stress responses
RING/FYVE/PHD zinc finger protein
MYB-related transcription factor

Jay
L)

Salt and drought stress responses
Salt and drought stress responses
NAC domain-containing proteins Induced by biotic and abiotic stresses
Cytochrome P450 family protein Involved in seed size
BZIP transcription factor Regulated by abiotic stress

Ethylene-responsive transcription factor Induced by biotic and abiotic stresses

Calmodulin Heat shock transduction pathway
Peroxidase Root growth
ABC transporter Control root development

Nucleoside triphosphate hydrolase Associated with drought stress

E3 ubiquitin-protein ligase Associated with drought stress
Glycine-rich protein Enhance drought stress tolerance
Xyloglucan endotransglucosylase/hydrolase Response dehydration, salinity, cold
Aquaporin Drought stress tolerance
Expansin protein

Trihelix transcription factor

Drought tolerance in wheat
Stomatal development, drought
VQ motif family protein Involved in seed size
Heat shock family protein Induced by abiotic stress
Protein root UVB sensitive 6 Early seedling morphogenesis
Maintain growth during abiotic stress

Tolerance to abiotic stresses

SAUR-like auxin-responsive family protein
Bax inhibitor-1 family protein
Formin-like protein Structure organization in drought stressed plants
Late embryogenesis abundant protein Participate in drought response
Cell wall invertase Downregulated by drought
Senescence regulator
Plastid-lipid associated protein PAP/fibrillin
Protein STAY-GREEN LIKE, chloroplastic

PI-PLC X domain-containing protein

Related to drought stress
Induced by drought
Improves drought resistance
Induced by abiotic stresses

Histidine-containing phosphotransfer protein Enhance tolerance to drought stress

=R R R R R R R R R NN NNDN W QR R R R Ul Ul 0

Phospholipase D Enhance drought stress tolerance

from deep soil layers [36]. The shape and spatial arrangement of the RSA can
provide a growth advantage and increasing yield performance during periods of
water scarcity [37]. Thus, it is necessary to increase the knowledge of the genetics
of root architecture in order to improve wheat yield stability under stress conditions
by introgressing favorable alleles through breeding programs.

The current study evaluated root-related traits in a collection of Mediterranean
bread wheat landraces representative of the variability existing for the species in
the Mediterranean Basin [23] with the aim of providing QTL information for these
traits regarding seminal roots. Seminal roots are important for early vigor and crop
establishment in dryland areas because they explore the soil for nutrients and water
[38]. Moreover, it has been reported that under drought stress, seminal roots activity
is more important than that of nodal roots [39]. Additionally, field phenotyping of
hundreds of genotypes is a complex and expensive task. As the root geometry of
adult plants is strongly related to the SRA [5], it may be assumed that genotypes that
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differ in root architecture at an early developmental stage would also differ in the
field at later growth stages, when nutrient and/or water capture become critical for
yield performance [8].

The range of variation for the traits analyzed in the present study (from 10.9%
for TRN to 18.8% for RDW) is in agreement with those reported for elite durum
wheat cultivars by Cane et al. [8], who explained this variability as an adaptive value
for the environmental conditions of the region of origin of the cultivars. Moreover,
the high repeatability found for the traits supports the approach followed to analyze
the seminal roots under controlled conditions.

Landraces from the eastern Mediterranean Basin showed the widest SRA, the
lowest SW, the longest SL, and the lowest number of roots. According to previous
studies in durum wheat [18,40],landraces from southeastern Mediterranean countries
corresponding to the warmest and driest areas of the Mediterranean Basin, reported
more grains per unit area and lighter grains than those developed in cooler and
wetter zones of the region. Although it has been reported that in water-limited
environments a vigorous root system could have benefits at the beginning of the
growing season because it offers a more efficient water capture [41], no significant
differences were observed for RDW among the SPs in the current study. Moreover,
our results for SRA are in agreement with those reported by Rosell6 et al. [18], who
found that durum wheat landraces from the eastern Mediterranean have the widest
root angle, which probably allows them to cover a larger soil area and be more
efficient in water uptake than landraces that originated in wetter areas.

Although not significant, probably due to the very early stage when the root
traits were measured, the correlation between SRA and SW was negative. The same
result was also reported by Cane et al. [8], who suggested that it could be due to
the influence of the root angle on the distribution of the roots on soil layers and,
therefore, the water uptake from deeper layers. On the other hand, the correlation
between RDW and SW was positive, in agreement with the findings of Fang et al.
[42], thus indicating the effectiveness of greater root mass for obtaining more soil
water for plant growth and grain filling in drought. Seedling growth has also been
related to SW in wheat [43]. The vertical distribution of the root system can have a
strong effect on yield [44], so mass root concentrated in upper layers can be more
effective for resource capture, while roots in deeper layers have more access to deep
watet.

The complexity of the genetic control of root traits was confirmed with 135
marker-trait associations identified in the current study. Their distribution across
genomes was similar in the A and B genomes (46% and 48%, respectively), leaving
only 6% of MTAs in the D genome. These results agree with the lower genetic
diversity and higher LD found in the D genome, as reported previously [23].
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According to Chao et al. [45], the different levels of diversity in wheat genomes
could be due to different rates of gene flow from the ancestors of wheat, since
polyploidy bottleneck resulting from speciation reduced diversity and increased the
levels of LD in the D genome in comparison with the A and B genomes.

In order to simplify and to integrate closely linked MTAs in a consensus region,
QTL hotspots were identified based on the results of LD decay reported in
[23]. LD decay was used to define the Cls for the QTL hotspots. Following this
approach, 43 MTAs were grouped in 15 QTL hotspots. The genomic position of
QTL hotspots was compared with previous studies reporting meta-QTLs for root
traits [46] and MTAs from GWAS studies in order to detect previously identified
regions controlling root traits. Among the 15 QTL hotspots, only rootQTL6A.3 was
located in the same region of a previously mapped meta-QTL, RootMQTL74 [46].
When compared with MTA-QTLs reported by [18] in durum wheat Mediterranean
landraces, the QTL hotspot rootQTL6A.3 corresponded to the MTA-QTLs
mtag-6A.3 and mtaq-6A.6. This hotspot was also in the same region of a major
SRA QTL identified by Alahmad et al. [47] and by a QTL controlling root growth
angle identified by Maccaferri et al. [9], who also found a QTL for grain weight
that is located in a common region with the hotspot rootQTL2A.2, which includes
an MTA for SW. rootQTL3B.1 shared a common position with an MTA reported
by Ayalew et al. [48] on chromosome 3B under stress conditions. tootQTL7A.1,
including an MTA for RDW] was located in a similar position as MLM-RDWB-10
reported by Li et al. [49] and associated with RDW at the booting stage. Finally, no
genomic regions were shared with the study carried out by Beyer et al. [50]. Only
four of the 15 QTL hotspots identified in this work had been detected previously,
suggesting the importance of wheat Mediterranean landraces for the identification
of new loci controlling root-related traits.

As reported in previous studies, at early developmental stages [8,18] the co-location
of MTAs for grain yield and root related traits within the same QTL hotspot suggests
their pleiotropic effect, however, deeper analyses should be necessary to confirm
it. In durum wheat elite cultivars, Can¢ et al. [8] found that 30% of the QTLs
affecting root system architecture were included within QTLs for agronomic traits.
More recently, Rosell6 et al. [18] using a collection of Mediterranean durum wheat
landraces found that 45% of QTL hotspots for root related traits were mapped in
similar regions to yield-related traits reported for the same collection of landraces.

From a breeding standpoint, exploiting genetic diversity from local landraces
is a valuable approach for recovering and broadening allelic variation for traits of
interest [19]. Therefore, identifying the genotypes showing the extreme phenotypes
within the pool of Mediterranean landraces and the associated markers provide
the opportunity for introgressing suitable traits in elite cultivars by marker-assisted
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breeding using the most recent technologies to speed the process.

The availability of a high-quality reference wheat genome sequence [33] enabled
us to quickly identify gene models corresponding to QTLs. Thus, the genetic
position of the Cls of the QTL hotspots was projected into physical distances on
the reference sequence to search for putative candidate gene models. To narrow the
number of candidates, only gene models involved in the development and abiotic
stress according to the literature were taken into consideration. Therefore, of 1489
gene models identified within the 15 QTL hotspots, only 31 gene families were
selected.

F-box and zinc finger family proteins were the most represented, each one
appearing in 12 hotspots. F-box proteins play important roles in plant development
and abiotic stress responses via the ubiquitin pathway [51] and the ABA signaling
pathway [52]. In wheat, the F-box protein TaFBAT1 is involved in plant hormone
signaling and response to abiotic stresses and is expressed in all plant organs,
including roots [53]. The overexpression of TaFBA1 in transgenic tobacco reported
by Li et al. [54] to improve heat tolerance resulted in increased root length in the
transgenic plants. Zinc finger proteins are involved in several processes, such as
regulation of plant growth and development, and response to abiotic stresses [46].
In Arabidopsis and rice, they play a role in tolerance to drought and salt stresses [55],
while in wheat the overexpression of TaZFP34 enhances root-to-shoot ratio during
plant adaptation to drying soil [56].

Other kinds of gene models found in a high number of QTL hotspots were
MYB transcription factors and NAC domain-containing proteins, each of them
presents in 8 hotspots. MYB domain-containing transcription factors are involved
in salt and drought stress adaptation in wheat. Some examples in wheat are the
genes TaMyb1, TaMYBsdul, and TaMYB33. The expression of TaMybl in roots
is strongly related to responses to abiotic stresses [57]. The gene TaMYBsdul was
found to be upregulated in leaves and roots of wheat under long-term drought
stress [58]. Finally, the overexpression of TaMYB33 in Arabidopsis enhances
tolerance to drought and salt stresses [59]. NAC domain-containing proteins have
been described to play many important roles in abiotic stress adaptation [46]. Xie et
al. [60] reported that NAC1 promoted the development of lateral roots. Similarly,
He et al. [61] found that the expression of AtNAC2 in response to salt stress led to
an increase in the development of lateral roots. Xia et al. [62] demonstrated that the
gene TaNAC4 is a transcriptional activator involved in wheat’s response to biotic
and abiotic stresses.

Proteins belonging to the cytochrome P450 family and bZIP transcription
factors were present in five QTL hotspots. The first class of proteins belongs to
one of the largest families of plant proteins, with genes affecting important traits
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for crop improvement such as TaCYP78A3, which is involved in the control of
seed size [63]. bZIP transcription factors are involved in abiotic stress response
[64]. In Arabidopsis, it has been observed that the overexpression of TabZIP14-B,
involved in salt and freezing tolerance, hindered root growth in transgenic plants in
comparison with the control plants [65].

Other proteins involved in root growth and development are the peroxidases and
ABC transporters that were identified in four QTL hotspots. Extracellular peroxidases
are involved in plant defense reactions against biotic and abiotic stresses through the
generation of reactive oxygen species in wounded root cells [66]. In Arabidopsis, the
ABC transporter AtPGP4 is expressed mainly during early root development, and
its loss of function enhances lateral root initiation and root hair development [67].
Gaedeke et al. [68] reported a new member of the ABC transporter superfamily
of Arabidopsis thaliana, AtMRP5. Using reverse genetics, these authors found that
the recessive allele mrp5 exhibited decreased root growth and increased lateral root
formation. In addition to peroxidases and ABC transporters, other proteins identified
in four QTLs were the ethylene-responsive transcription factors (ERFs), found to
be involved in the response to abiotic stresses. In wheat, the ERF TaERFL1a is
induced in wheat seedlings in response to salt, cold, and water deficiency [69].

Other family proteins involved in drought stress, seed size, or early development
were represented in a lower number of QTL hotspots. Among them, aquaporins are
known to affect drought tolerance influencing the capacity of roots to take up the
soil water [70]. The expansins were suggested to be involved in root development, as
the overexpression of the wheat expansin TaEXPB23 improved drought tolerance
by stimulating the growth of the root system in tobacco [71].

6. Conclusions

The exploitation of unexplored genetic variation present in local landraces can
potentially contribute to breeding programs aimed at enhancing drought tolerance
in wheat. Roots are crucial for adaptation to drought stress because they are the
plant organ responsible for water and nutrient uptake and interaction with soil
microbes. Thus, designing and developing novel root system ideotypes could be one
of the targets of wheat breeding for the coming years. The variability found in the
Mediterranean wheat landraces together with the newly identified QTL hotspots
shows landraces as a valuable source of favorable root traits to introgress into
adapted phenotypes through marker-assisted breeding. Among the different marker
trait associations, those reported in extreme genotypes could result as a starting
point to develop new mapping populations to fine map the corresponding traits.

Supplementary Materials: Supplementary materials can be found at http://www.
mdpi.com/2073-4395/10/5/613/s1. Figure S1: Field scheme of the experimental
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design for grain yield, Table S1: List of accessions, Table S2: Significant GWAS
results for root related traits, Table S3: Significant GWAS results for grain yield,
Table S4: Gene models identified within the 15 root QTL hotspots.
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Using Unmanned Aerial Vehicle and Ground-Based
RGB Indices to Assess Agronomic Performance of
Wheat Landraces and Cultivars in a Mediterranean-
Type Environment

1. Abstract

The adaptability and stability of new bread wheat cultivars that can be successfully
grown in rainfed conditions are of paramount importance. Plant improvement can
be boosted using effective high-throughput phenotyping tools in dry areas of the
Mediterranean basin, where drought and heat stress are expected to increase yield
instability. Remote sensing has been of growing interest in breeding programs since
it is a cost-effective technology useful for assessing the canopy structure as well as
the physiological traits of large genotype collections. The purpose of this study
was to evaluate the use of a 4-band multispectral camera on-board an unmanned
aerial vehicle (UAV) and ground-based RGB imagery to predict agronomic traits as
well as quantify the best estimation of leaf area index (LLAI) in rainfed conditions.
A collection of 365 bread wheat genotypes, including 181 Mediterranean landraces
and 184 modern cultivars, was evaluated during two consecutive growing seasons.
Several vegetation indices (VI) derived from multispectral UAV and ground-based
RGB images were calculated at different image acquisition dates of the crop cycle.
The modified triangular vegetation index (MTVI2) proved to have a good accuracy
to estimate LAI (R*=0.61). Although the stepwise multiple regression analysis
showed that grain yield and number of grains per square meter (NGm?) were the
agronomic traits most suitable to be predicted, the R* were low due to field trials were
conducted under rainfed conditions. Moreover, the prediction of agronomic traits
was slightly better with ground-based RGB VI rather than with UAV multispectral
VIs. NDVI and GNDVI, from multispectral images, were present in most of the
prediction equations. Repeated measurements confirmed that the ability of VIs to
predict yield depends on the range of phenotypic data. The current study highlights
the potential use of VI and RGB images as an efficient tool for high-throughput
phenotyping under rainfed Mediterranean conditions.

Keywords: high-throughput phenotyping; drought stress; UAV  imagery;
ground-based RGB image; vegetation indices; phenology; grain yield; biomass
2. Introduction

Wheat is the main crop around the world and provides 18% of the global human
intake of calories and 20% of protein (http://www.fao.org/faostat/accessed on
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14 December 2020). Since global wheat demand is predicted to increase by 60%
by the year 2050, there is an urgent need to raise wheat production by 1.7% per
year until then [1]. Therefore, the rate of genetic improvement required in the next
decades is higher than that achieved so far [2]. Given the limitations imposed by the
soil availability for agricultural uses, most increases rely on the release of improved
cultivars with enhanced yield potential and stability under variable environmental
conditions. Drought stress during the grain filling period, originating from a
combination of water deficit and high temperatures, is the main constraint on wheat
yield in semi-arid environments, such as the Mediterranean Basin [3], which has
been identified as one of the regions most sensitive to the effects of climate change.
A reduction of 20% in yeatly precipitation and a mean temperature increase of
4°C have been predicted for this area by climate change models (http://www.ipcc.
ch/ accessed on 14 December 2020) [4]. For this reason, breeding programs are
focusing on the adaptability and stability of new cultivars that can be successfully
grown in dry areas [5]. There is a general agreement that phenotyping is currently
the bottleneck for further yield increases in breeding programs [6]. The availability
of cost-effective technologies able to phenotype large number of plots in a rapid,
cost-effective, and high spatial resolution way is essential for genetic progress [7].
In recent years, high-throughput phenotyping (HTP) has been increasingly used
in plant breeding to estimate traits such as yield, green biomass, plant height, and
leaf area index (LLAI) [8—10]. Among the different approaches used for field HTP,
remote sensing permits nonintrusive, nondestructive, high-throughput monitoring
of agronomic, physiological, and architectural plant traits [11]. In HTP, this approach
is mostly through spectral vegetation indices (VI), which are obtained from the
formulation of different wavelengths mostly located at the visible, red-edge, and
near-infrared [12]. Usually, these indices are calculated from multispectral cameras
installed on-board an unmanned aerial vehicle (UAV), with the main advantage
being the capacity for screening hundreds of plots in a short period of time [13,14].
Various authors have stressed the suitability of using VI measured early in the season
for grain yield forecasting [15], although anthesis and milk grain development have
been shown to be more useful for yield appraisal in wheat [16,17]. Some of them
have shown a root mean squate error (RMSE) ranging from 0.57 to 0.97 t/ha for
predicting yield in wheat [18,19]. Other methodologies also use machine-learning
regressions, chemometrics, radiative transfer models, photogrammetry, or hybrid
approaches to estimate vegetation traits [20—22]. On the other hand, far-infrared
(thermal) radiation and LIDAR sensors have been respectively used to estimate
plant water status [23] and to characterize the architectural features [24].

Red-green-blue (RGB) imagery, obtained from conventional digital cameras, has
also been reported to be a suitable method to calculate vegetation indices for wheat
breeding in water-limited environments [25]. Conventional digital cameras are more
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affordable, portable, and easy to use, being a cost-effective way to obtain images
of a large number of samples with minimum effort [26]. Moreover, their use has
also been proposed in breeding programs for assessing plant traits such as green
biomass since the calculation of vegetation indices is based on simple methods that
can obtain data automatically from a high number of images [25]. Some studies
have demonstrated that vegetation indices derived from RGB cameras are also able
to give the same or better results as those obtained from multispectral images [9,27].
Kefauver et al. [27] compared UAV and field-based high- throughput phenotyping
using RGB cameras for assessing nitrogen use efficiency (NUE) in barley. It was found
that the regression models explained 77.8% and 71.6% of the variance in yield from
UAV and ground data, respectively, while combining the datasets led to an increase
in the explanation of variance to 82.7%. Gracia-Romero et al. [9] compared the
performance of RGB images acquired from ground and aerial cameras to estimate
yield in maize under different levels of phosphorus fertilization. The authors found
that, in general, ground-based RGB indices correlated in a comparable way with
grain yield.

Most studies comparing the performance of RGB and multispectral images for
the assessment of wheat traits have been conducted on sets of semidwarf cultivars
grown in well-irrigated fields, where the expression of the yield potential and the
range of phenotypic values are maximized, or under different irrigation treatments
[28]. However, information is lacking regarding the suitability of remote sensing
images to predict agronomic traits of wheats with contrasting canopy architectures
under rainfed conditions. The current study examines the performance of VIs
obtained at different dates from a 4-band multispectral camera (Parrot Sequoia)
on-board UAV and those obtained from ground-based RGB images to assess
agronomic traits of large panels of bread wheat landraces and modern cultivars
adapted to Mediterranean conditions.

3. Materials and Methods

3.1. Experimental Field Setup and Agronomic Data Recording

A collection of 365 bread wheat (T7iticum aestivum 1..) genotypes from the
MEDGOWHEAT IRTA-panel [29] was used in this study. The collection consisted
of 181 landraces and 184 modern cultivars from 24 and 19 Mediterranean counttries,
respectively (Table S1). Field experiments were conducted at Gimenells, Lleida
(41°38' N and 022" E, 260 m a.s.l) under rainfed conditions for two consecutive
growing seasons, 2016-2017 and 2017-2018. Experiments followed a nonreplicated
augmented design with two replicated checks (cv. ‘Anza’ and ‘Soissons’) and plots of
3.6 m* (1.2 m wide x 3 m long) with eight rows spaced 0.15 m apart. The seed rate
was adjusted to 250 germinable seeds per m2 and the plots were kept free of weeds
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and diseases. The sowing dates were 21 November 2016 and 15 November 2017.

Phenology was assessed based on the scale of Zadoks et al. [30]. A growth stage
(GS) was considered to have been achieved when at least 50% of the plants reached
it. The following six GS were determined at each plot: stem elongation or when the
first node was detectable (S, GS31); booting, determined when boots swollen (B,
GS45); heading (H, GS55); anthesis (A, GS65); medium milk-grain development
(M, GS75); and hard-dough grain development (D, GS87). Meteorological data were
recorded from a weather station placed in the experimental field.

The following agronomic traits were measured: yield, biomass, number of
spikes per square meter (NSm?), number of grains per square meter (NGm?), and
thousand kernel weight (TKW). The NSm? NGm?, and TKW were obtained from
samples collected at maturity one week before harvest from 1-m-long central row
of each plot. After harvesting, plants were stored in a glasshouse in paper sacks
at room temperature during five months until processing. Subsequently, samples
were processed as dry matter after drying them at 70°C for 24 h to determine the
aboveground biomass (t/ha). The plots were mechanically harvested at maturity,
and the grain yield (GY, t/ha) is expressed on a 12% moisture basis. The fraction of
intercepted photosynthetically active radiation (fiPAR) was measured from 13:00 to
15:00 (local time) at each image acquisition date in 64 different plots of each landrace
and modern set of genotypes using a portable ceptometer (AccuPAR model LP-80,
decagon devices Inc., Pullman, WA, USA). Measurements were collected in clear sky
conditions. Two measurements per plot were recorded by placing the ceptometer in
a horizontal position at ground level. A fixed tripod connected to the sensor allowed
us to collect the incident radiation above the plants. These measurements were also
used to obtain the leaf area index (LAI) using the Norman-Jarvis model [31], and
assuming a leaf area distribution parameter for wheat as 0.96.

3.2. Remote Sensing Images Acquisition

During the first growing season, both ground-based RGB and multispectral UAV
images were acquired on the following three dates: 28 March (128 days after sowing,
DAS); 21 April (151 DAS), and 19 May (179 DAS). Figure 1 shows the color of the
different genotypes in the field at the three image acquisition dates. The adverse
meteorological conditions during the spring of the second year hindered image
capturing at the early growth stages. Therefore, images were collected on April 17
(153 DAS) and May 18 (184 DAS), to match the main growth stages of the crop.
Table 1 summarizes the growth stages of the genotypes included in the panel at each
image acquisition occasion.
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Landraces

Modern cultivars

DAS 128 DAS 151
Figure 1. Field view of both collection sets, landraces and modern cultivars, at each image acquisition
date of the growing season 2016-2017. DAS, days after sowing.

3.2.1. Ground-Based RGB Vegetation Indices

Ground-based RGB images were collected in clear-sky conditions from 12:00
to 14:00 (local time) over the two years at the same day as UAV multispectral image
acquisition. Ground-based RGB images were taken following the methodology
reported by Casadests mand Villegas [26]. A digital camera (Sony Alpha A5000,
TYO, JPN) was used, with an objective Sony 1650 mm at the minimum focal
length, 19.8 megapixels of resolution, fixed aperture of F3.5, shutter speed of
1/250, without flash, and the aperture in automatic. When the plants were shorter
than 120 cm, pictures were taken by holding the camera at 150 cm, approximately
50 cm from the border of the plot and oriented downwards. Once the average plot
height exceeded 120 cm (which was the case with some landraces), it was necessary
to use a camera stick at 170—190 cm. Three pictures were obtained per plot without
stopping, covering the central rows of each plot in a zenithal plane. All the images
were 1152 768 pixels, saved in JPEG format and processed with open-source
BreedPix v0.2 software [25]. RGB indices were calculated based on properties of
color related to the “greenness” of the canopy. Ten vegetation indices (VIs) were
calculated following the protocol described in Casadesus et al. [25] (Table 2). As
described in Kefauver et al. [27], hue, intensity, and saturation are the components of
the HIS (hue—intensity—saturation) color space. Similar to intensity is the parameter
lightness in both CIE-Lab and CIE-Luv color spaces, defined by the Commission
Internationale de I'Eclairage (CIE), where a* and u* represent a color in an axis
from green to red and b* and v* from yellow to blue according to the human visual
system.
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Table 1. Number and percentage of genotypes showing each growth stage at each image acquisition

occasion.
Landraces 2016-2017
Date Days after Sowing Growth Stage Number of Genotypes (%)
28 March 2017 128 Stem elongation 181 100
21 April 2017 151 Booting 95 53
Heading 53 29
Anthesis 29 16
Milk development 4 2
19 May 2017 179 Milk development 52 29
Dough development 129 71
Modern 2016-2017
28 March 2017 128 Stem elongation 169 92
Booting 15 8
21 April 2017 151 Booting 8 4
Heading 72 39
Anthesis 45 25
Milk development 59 32
19 May 2017 179 Dough development 184 100
Landraces 2017-2018
17 April 2018 153 Stem elongation 97 53
Booting 83 46
Heading 1 1
18 May 2018 184 Milk development 109 60
Dough development 72 40
Modern 2017-2018
17 April 2018 153 Stem elongation 26 14
Booting 126 69
Heading 32 17
18 May 2018 184 Milk development 66 36
Dough development 118 64

Table 2. Red-green-blue (RGB) vegetation indices, based on different color properties, used in the

study.
Parameter Definition Reference
Intensity Brightness of the image from black to white
Hue Color tint
Saturation Amount of tint
Lightness Overall albedo from the HIS color space [32]
*
i* Red-green spectrum of chromaticity
b*
. Yellow-blue color spectrum
\%
GA Green area
[25]
GGA Greener area

a* and u* represent a color in an axis from green to red and b* and v* from yellow to blue according

to the human visual system.

3.2.2. Multispectral Images Acquired with the UAV

The UAV used for the multispectral image acquisition was the DJI S800 EVO
hexacopter (Nanshan, CHN) (Figure 2a). Flight altitude was 40 m above ground
level (AGL). The multispectral camera used was a Parrot Sequoia (Parrot, Paris,
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France) with a 1.2 mega-pixel sensor yielding a resolution of 1280 x 960 pixels.
Horizontal, vertical, and diagonal field of view (HFOV, VFOV, and DFOV) provided
by the optical focal length were 61.9°, 48.5°, and 73.7°, respectively. The camera
included four individual image sensors with filters centered at the wavelengths and
full-width half-max bandwidths (FWHM) of 550%40 (green), 660£40 (red), 735+10
(red edge) and 790£40 nm (near infrared), respectively. The Parrot Sequoia camera
includes a separate sunshine sensor that measures solar irradiance in the same
spectral bands as the four image sensors. Flight plans were designed for 80% image
overlap along flight paths. In addition to the radiometric corrections made by the
internal solar irradiance sensor, corrections were conducted through in situ spectral
measurements with black-and-white ground calibration targets, bare soil, and wheat
plots using the JAZ-3 Ocean Optics STS VIS spectrometer (Ocean Optics, Inc,,
Dunedin, FL, USA) with a wavelength response from 350 to 800 nm (Figure 2b,
Table S2). In 2017, data from white calibration targets was not used due to saturation
problems (Table S2). The calibration of the spectrometer measurements was taken
using a reference panel (white color Spectralon and dark) laid on the ground as
targets before and after the flights. Image orthorectification was completed using
ground control points (GCP). The position of the center of each GCP was acquired
with a handheld GPS (Global Positioning System) (Geo7x, Trimble GeoExplorer
series, Sunnyvale, CA, USA). All images were mosaicked using the Agisoft Photoscan
Professional software (Agisoft LLC., St. Petersburg, Russia) and pixel-based
georectification was done with the software QGIS version 3.2.0 (USA, http://www.
qgis.org). The collected multispectral images were used to calculate several vegetation
indices (VI), which were carefully selected based on the relationship to certain
specific features of plant physiology [33] (Table 3).

@ (b)

Figure 2. (a) Unmanned aerial vehicle (UAV) Hexacopter DJI S800 EVO used to collect the
multispectral images of the experimental plots; (b) reference targets used for the geometric and
radiometric calibrations.
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Table 3. Vegetation spectral indices evaluated in this study.

Vegetation Index Equation Reference
NDVI (R700 — Rego)/ (R700 + Rego) [33]
RDVI (R790 — Re60)/ v/R790 + Reso [34]

MSAVI 3 12Ryo0 +1- \/(2 Ry90 + 1)*-8 (R700 — Reeo)] [35]
[1.5 (1.2 (Ryeo — Rsso) — 2.5 (Reso — Rss0))] [36]
MTVI2 \/ (2 Ryso+1)>~(6 Rysn—5 v/Rego ) —0.5
3 [(Ry35 — Rego) —0.2 (Rz35 — Rss0) (Rz35/ R 37
TCARI/OSAVI wRor Rt 02 R BowioRonifer [571
(1+0.16) (o e 7016
GNDVI (R790 — Rs50)/ (R790 + Rs50) [38]

3.3. Statistical Analysis

Restricted maximum likelihood (REML) was used to estimate the variance compo-
nents and produce the best linear unbiased predictors (BLUPs) for agronomical
traits, VIs, and RGB indices, following the MIXED procedure of the SAS-STAT
statistical package (SAS Institute, Inc., Cary, NC, USA). To assess differences
between genotypes, years, and flight occasions, one-way ANOVAs were conducted
separately for the 181 landraces and the 184 modern cultivars. LAl measurements
were regressed with all the VIs described previously using aggregated data of the
two growing seasons for landrace (N=320) and modern (N=320) panels separately
and joining both panels (N=0640). Stepwise linear regression models were fit to the
relationships between genotypic means for agronomic traits as dependent variables
and UAV or RGB vegetation indices calculated at each flight occasion as independent
ones. Since 12 landrace cultivars were considered outliers for its VI values, stepwise
linear regression was conducted on 169 landraces and 184 modern cultivars. To assess
the relationship between agronomic traits (yield, biomass, NSm* NGm?, and TKW)
and VlIs, both the landrace and modern sets were randomly and equally divided into
two independent groups: one for training purposes called training dataset and the
other as an evaluation group for the prediction accuracy called test dataset. All the
statistical analyses and randomly splitting data for predictive modelling were carried
out using the JMP v13.1.0 statistical package (SAS Institute, Inc.), considering a
significance level of p<0.05.

4, Results

4.1. Environmental Conditions

The experimental site is representative of the Mediterranean climate, characterized
by an uneven distribution of rainfall during the season, low temperatures in winter
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that rise sharply in spring, and high temperatures continuing until the end of the
crop cycle (Figure 3). The first growing season had less rainfall (105 mm) than the
second one (269 mm) during the growth cycle from sowing (December) to maturity
(June). Moreover, water scarcity was significantly higher in the 2016-2017 growing
season than in the 2017-2018 growing season, mostly during the grain-filling
periods, which received 5 mm and 147 mm of rainfall, respectively.

80 35
rainfall 2016-2017 rainfall 2017-2018
70 = = =Tmax 20162017 = = =Tmax 2017-2018 — 30
L
———Tmin 2016-2017 ———Tmin 2017-2018 8 2 >
60
25
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= » @
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E 40 g
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& 30 é

10
20
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Month

Figure 3. Monthly rainfall (mm), and minimum (Tmin) and maximum (Tmax) temperatures during
the growth cycle of each growing season.

4.2. Agronomic Performance

The number of genotypes, minimum, maximum, mean, and standard deviation
(SD) values for each dataset, trait, and growing season are shown in Table 4. The
analysis of variance (ANOVA) for the agronomic traits was performed separately for
landraces and modern genotypes (Table 5). Given that the year effect was significant
for all traits in the two types of germplasm (except for biomass in the landrace set),
the results are presented independently for each growing season. The percentage of
variability for all traits explained by genotype was much higher than that explained
by the year or by the year x genotype interaction. The contribution to total variation
by the year effect was lower than that of the year x genotype interaction for all
traits, except for NGm? in both landrace and modern genotypes and for TKW
in modern genotypes. F-values showed that all agronomic traits, except biomass,
differed significantly between landraces and modern genotypes. All the evaluated
traits, except thousand kernel weight (TKW), were higher in 2018 than in 2017 in
the whole collection. Grain yield, NGm? TKW, and biomass were also higher in
modern cultivars than in landraces in both years. The evaluated traits had a higher
coefficient of variability (CV) in both years.
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Table 4. Main desctiptive statistics for yield (t/ha), biomass at tipening (t/ha), number of spikes
per square meter (NSm?), number of grains per square meter (NGm?), and thousand kernel weight
(TKW; g) for the sample datasets used in the models. N, number of genotypes; Min, minimum values;
Max, maximum values; SD, standard deviation.

Training Test
Set Agronomic Traits - -

Min Max Mean SD N Min Max Mean SD

Yield (t/ha) 30 83 50 09 32 85 52 09

] Biomass (t/ha) 86 245 155 35 65 245 159 34
2&)‘;’2;}‘1&’7 NSm2 84 38 761 544 73 85 381 686 542 63
NGm? 7438 20154 12764 2481 8180 23,003 13082 2742

TKW (g) 270 516 389 52 283 57 398 51

Yield (t/ha) 36 72 55 07 41 90 58 09

Biomass (t/ha) 71 299 161 47 67 339 169 52

Landrace NSm2 84 372 824 580 94 85 345 889 583 95
2017-2018 NGm? 13,035 22207 16357 1645 12917 24836 17,130 2650
TKW (g) 199 493 339 63 179 490 346 75

Yield (t/ha) 71 118 95 09 65 117 94 11

Biomass (t/ha) 85 229 164 29 102 29 163 30

Modern 2016~ NSm? 92 253 820 486 117 92 280 813 471 108
2017 NGm? 14276 31452 22,630 3628 1250 33852 22170 4251
TKW (g) 313 588 428 52 326 581 433 51

Yield (t/ha) 69 120 100 10 73 124 100 10

Biomass (t(ha) 104 39.0 19.2 4.6 6.2 29.4 19.6 3.9

zh/{odgrlll NSm2 o 200 973 583 149 92 20 90 58 142
017-2018 NGm?2 17,002 34191 26,848 3706 17752 41,629 26718 4082
TKW (g) 27 511 377 42 244 513 381 46

4.3. LAI Prediction through Vegetation Indices

Estimates of LAI were carried out with aggregated data of the two growing
seasons for landraces and modern sets separately. Although LAI measurements
were regressed with all the VIs reported in Tables 2 and 3, only the NDVI, GNDVI,
modified triangular vegetation index (MTVI2), GA, GGA, Hue, a*, and u* showed
significant relationships (p<0.001) (Table 6). Despite the lower R* values for
landraces, LAI predictions for both panels showed similar slopes for the relation
between observed LLAI and estimated LLAL. Thus, LAl was assessed for the whole
collection, joining data from landraces and modern genotypes of the two growing
seasons. The highest R* for LAI estimates using UAV multispectral images was
obtained with the MTVI2 (R*=0.61), which showed a RMSE of 1.17. On the other
hand, Hue was the ground-based RGB index with the highest R* (R*=0.45) and a
RMSE of 1.40.

Then, the LAI of all plots was estimated through MTVI2, considering the growth
stage of each genotype at each flight occasion. LAI varied significantly between
the set of genotypes and years (p<<0.001) at each flight occasion and growth stage.
Figure 4 shows that LAI was higher in 2018 than in 2017 for both landraces and
modern cultivars. In the first growing season (2016-2017), landraces had LLAI values
significantly higher than those of modern cultivars at 128 DAS and 151-153 DAS,
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but similar at 178-184 DAS (Figure 4a). Maximum LAI values for landraces and
modern cultivars in 2017 were obtained at the booting and stem elongation stages,
respectively (Figure 4b). The LLAI of landraces in 2017 was significantly higher than
modern cultivars until anthesis, when it decreased significantly until the values were
lower than those estimated in the modern panel. Therefore, the LAI of modern
cultivars started declining later than in landraces. In 2018, the ILAI of landraces
and modern cultivars had a similar pattern throughout the growing season without
significant differences between them, except at the hard dough-grain stage, where
the LAI of landraces was slightly lower than that of modern cultivars (Figure 4b).

=

W

—&— Modern 2017-2018
—— Landrace 2017-2018
—&— Modern 2016-2017 <
—— Landrace 2016-2017

LAI estimated (m?/m?)
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—
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Days after sowing (DAS) Growth stage
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Figure 4. Mean values in 2017 and 2018 of leaf area index estimated through MTVI2 for landraces
and modern cultivars at: (a) each date of image acquisition expressed in days after sowing (DAS),
and (b) each growth stage. S, stem elongation; B, booting; H, heading; A, anthesis; M, milk-grain
development; D, hard dough-grain development. Different letters at each date or growth stage
indicate significant differences at p<0.01 using Tukey’s honest significant difference test.

4.4. Performance of Stepwise Regression Models

Table 7 shows the main statistics of the models built to estimate the different
agronomic traits with UAV multispectral and RGB VIs for each year and germplasm
set. Scatter plots for the relation between estimated and observed agronomic traits
on the test dataset based on Table 7 equations are shown in Figures S1 and S2. The
results indicate that the training models developed from multispectral images were
significant for all traits, germplasm sets, and years, with the exception of NSm?
for the landraces set in 2018. Grain yield and NGm? were the traits showing the
highest R?* in both germplasm collections. Most of the equations developed with
multispectral VI had in common the NDVI and GNDVI indices, although in some
cases MTVI and MSAVI also appeared. The models constructed with RGB-VI
were also statistically significant in all cases except for biomass and NSm? for the
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landraces set in 2018. Yield was also one of the most predictive traits.

Test models obtained with the corresponding dataset also showed the highest R
for yield and NGm?, using either multispectral or RGB VIs. However, R? tended to
be slightly lower for the latter. For multispectral VI, the maximum R? obtained to
predict yield in landraces and modern cultivars was 0.36 and 0.43, respectively, which
corresponded to an RMSE of 0.28 t/ha and 0.39 t/ha. In addition, the maximum
R? for NGm? predictions through multispectral VIs was 0.19 and 0.38 for landraces
and modern genotypes, respec- tively, corresponding with RMSE values of 768
and 1835 grains/m?* (Table 7). Considering training and test model values together,
the highest R* for yield was obtained in modern genotypes, being higher for the
growing season 2016-2017 (R*=0.43 and R*=0.37 through UAV and RGB imagery,
respectively) than in the next growing season (R*=0.29 and R*=0.45 through UAV
and RGB imagery, respectively).

Table 8 shows the training and test statistics for the five agronomic traits obtained
with aggregated datasets of the two growing seasons for landraces and modern
cultivars. Scatter plots for the relation between estimated and observed agronomic
traits on the test dataset based on Table 8 equations are shown in Figures S3 and S4.
In general, the models fitted better for modern cultivars. The test models for most
agronomic traits were not significant in the set of landraces. In general, both test and
training models improved when the data from two growing seasons were analyzed
together. Grain yield and NGm?® were again the traits that showed the highest R*
using either UAV multispectral and RGB VIs (Table 8). For these two traits, despite
the R? of training models being higher in modern cultivars, the RMSE tended to be
lower in landraces. For the models built with multispectral VI, the RMSE in yield
predictions ranged from 0.26 to 0.32 t/ha and from 0.34 to 0.38 t/ha, for landraces
and modern cultivars, respectively. The models built with ground-based RGB VIs
had RMSE values ranging from 0.28-0.50 t/ha and 0.39-0.54 t/ha for landraces
and modern cultivars, respectively. The highest R* for yield training models of
landraces were obtained with ground-based RGB VI, testing data with the dataset
corresponding to 2018 (R*=0.30). In contrast, training model of yield in modern
genotypes had the highest R* using UAV multispectral VI, testing data in the dataset
of 2017 (R*=0.51).

5. Discussion

The current study evaluates the suitability of using a 4-band multispectral
camera (Parrot Sequoia) on-board UAV and ground-based RGB images to predict
yield in wheat under a rainfed Mediterranean-type environment. Despite remote
sensing methods being nondestructive and cost-efficient approaches based on the
information provided by visible and near-infrared (VIS-NIR) radiation reflection

114



Chapter 3

el «¥0°0 « P10 T80 — S8°LS Eions « 010 « G100 TIAANDVOTE — ¥T'T8 MIL
eraco « 120 * CE0 €4N66'861C — € 10€' LV — L6VFE <e8l * 8€°0 * 670 TIAANDIPE6S + € TAVSINIT6FE + 028 TE— ZUON 81074102
6TLE «900 «90°0 _ N\*:MN.vwll L8765 — v6'CL « 800 * CC0 N\H>DZM¢%N + € TIALINES6'FT — 01401 ZWUSN wapojy
78’1 su « CL'0 C PNHES'0 + € 199°6S — 89'1C— 8Tl su «x 20°0 T IAVSINSL'ZLL + 8L°EF1— ssewrorq
S0 «#»CC0 T6 =GP0 TENHAL'0+ € VOL0'6+ T VOEL9L — $0'T— 6 8€0 «¥C0 T6 =600 € TAANSTST + €1— [ PIPIA
LU'S 1o 9€'0 £ «4650 €T 110 L1°0 T IAANDF 64T — 96'T6T MIL

*x *x *x *x

+THRLLTHTI08'€9L + T VO89'9T + FT 11—
0841 « G700 « G700 THREL G801 — 17118666 — € VODIL0F8S + £80F'E €981 « €0 + €€°0 T IAANDTE8TLT + 889'1TT— ZWUON
T IAANDSIEST

’ xx 8T wx 1T THRCO Y - 1TIPEEE - P s *x 9L *x CC - y L 41029102
€8'6S 810 1o 17x899FF - 1 1FCEE - F1916 6199 910 wo + TTAVSO/RIVOLIIS0'TT + S85T— ZWUSN opon
¥t * CC0 « ¥CT0 TeNHOT'0 + 820 STl « LT'0 « 8C0 T IALINOTT0T + € TAVSIN9S'IT + €T°€9— sseworg
6¥°0 « LE0 T6 = ¥E0 17-0LT0 — €42C1°0 — €6'F 6 6€°0 « €70 T6 « 8T0 TIALINS9'6L + € TAANG0'S + €T6— 6 PIPIA
6T « LT0 * 620 THTLT — T SLV'60T — €TT8 weT su 10 TIAQYTL LS+ L6'TT— ML
068 « 910 « 010 €7%PEGESY — TI19S°ST — £L0°61 894 * 610 «»¥C0 € TAANDSIOTL + T IAANDIFE TEIT + ¥TL L1 T— ZUON 8102-£10T
su su su su su su su su ZWSN seoerpue]
su su su su el su « 010 T IAVSINOL'9Y + ¥T'9T— sseworg
€0 »GCT0 98  wEE0 €+B81°0 - T ONHB0'0 + €57 — 8 820 «»9€0 S8  x8L0 € TAANDIOZ + 9000 8 PPPA
90T su L1°0 €71€5901 - TISTFI9 + FT 11— 98'L su »S1°0 € IAANDOL'0F + T TAANDILELL - £8°TLL ML
£98 su * CL0 T106'7FS — 9€8°FE vocL + 800 430 T TAANDO0Z626 + € TAAN06'6506 + LE6EL— ZUON £102-910C
S0°Lg « 010 «» FT0 THR09F9 — €716¥'8S — £7169°T908 + €£'1EL— wie su *SL°0 T IAANDSE'8S6T + 8TLITT— ZWUSN seovIpuL]
70l su « LT0 17 VOO0 + 9941 — Wi su + 810 T IAANDVS SEL + T IAVSING0'6T + LT0ET— sseworg
990 «»*8C0 S8 « G0 THAST°0 — 171160 — € SLLTL + € VOITT + SH0F 8 s¥o 810 S8 « 810 € IAANS6'S + T TAAND68'IE + 69°9C— 8 PIPIA
ASIN A N A uonenbg N dsWd A N A uonenby N
syrely 198
1591 Sururerp 1S9 Sururerp
49y paseg-punor) [enpadsnnN AV

SVA $81-6L1 ¢ *SVA €S1-1S1 T ‘SVA 8T ‘1 :UOISEIIO 1YS([y oY) SULIW [A ¥ J91J¥ JqUINN] ‘VOBTINES ‘G ‘ssouy3I| |
‘Arsunu T () 1ySrom [puIy puesnoyl X\ T, “Farow axenbs 1od sured jo roqunu woN e3ow drenbs 1od sovids jo soquinu € wgN ‘(ey /3) PRTX
‘JOTIO PIEPUEIS ULIW 1003 “FSIAY USDIFI0d uoneurwraop Y sodf1ouas jo soqunu N '10'0>dx '60°0>dy "voseas Sumors pue 10s wsedwrog
oea 10J STA gOY pue [endadsnnw AV YSNOIyl $1ex d[WOUOISe JO SUONBWNSY 9U) JOJ S[OPOW 9U3 JO SOMSHEIS 1S9} pue SUTUTET], /. I[qL],

115



Chapter 3

LET *x 9€°0 el w LT°0 P 80 «9€0 THF0T + T XPEY0 + T VOSS'6E + 8LFT ML

1cce * G0 FiAcran * 6L°0 pietl « S0 wx SF°0 TLP0E'ELE — € PNHLOEVT + €7 1116°4E - 889'1C ZWUON
9908 *x 9C°0 L8°0E +60°0 yeoe + 0C°0 *x 610 THPIF'81 — €8'8€T ZUUSN 810T~L10T+L10T—910C
60T «0C°0 - su 06'T + 6070 w70 T ONHOT0 + 8T0— sseworg UIPpoN
. . . . . . . £€.NTT0 o1
<0 «x 0€°0 P81 6€0 « ¥T0 6 150 *x LT0 6 #x 80 e ONH/0'0 + €189/ — £VOL6F — $90T 81 PP
. . . . . . € ONHEL'0
86'C «x GL°0 0ST 00 6’1 su *x 8T0 FTAA90F + THAS6E - T VOOLT LT — LETE ML
. . . _ . €7NT0'9TF + € VOS00'TT ur
091 *x 6€°0 €9708 P10 Su #0570 + TI6LT6T - TI6ELFE — T VODR0'SL99 + 690°ST ZUON
1eve +x 60°0 - su - su #x 600 € VODLETFS — TP el — SITIF ZWUSN 810T-£10T+4102-910C
- su - su - su su su sseworq saderpue]
. y y . . y . £561°6 o1
wo *x 8C°0 041 820 «x 0€°0 <8 050 = LT0 <8 w980 ETONHEC0'0 + T+aFT'0 — T+0L0 — T1L00 — 16°€ 891 PIPIA
493 peseq-punoin
(444 *x €0 L91 « 0L°0 €'l * 6L°0 *1€°0 € TAANDIT9T — T TAANDSE LE — S0°T6 ML
- N . . . T TAAND00E99 w
160T *x €670 L¥'850T *x CE0 6171 * 670 VS0 + € IAANES0'TZ + T TAANOFE 0T + 8£269— ZUON
. . . . . . . € TAANDI0 LY
88°09 *x 6C°0 ¥6'sS « 010 Fiaid 0 wx LT0 + TIAQNDPESITL + T TAANFOZFOL + 659061 — ZWUSN 810T—L102+£102-910T
€LLL «x 0C°0 8€T 100 it « L0 *x 80 € TAVSIN9S8'IT + T TIALINOTTOL + €T€9— sseworg UIPPON
€ TIALN9T'9
. . y . . . . _ Al of
8€0 «x 970 P81 8€0 *x €€°0 6 €0 « 1670 6 #x 0€°0 - € TAQNEYET + T IAANDLF 6 + 61°6— P81 PIPIA
0Te * FL°0 - su 660 su * 910 TIAANDSY'601 + T TAQULY 6T + 10°08— ML
9Lel *x V0 €086 *x L1°0 Bz su VPO € TAANDLEIIT + 1TELL— ZUON _
- su - su - su su su ZWUSN 810C MWMMM%MMMl@SN
- b - su - su w LT°0 T TAANDOE'8E + T TUALINET'SE + €0°0S— sseworg
w©€0 *x 8C°0 041 920 *x LT0 <8 £T0 * L1°0 <8 *x ST0 € CUALNLL'S — € TAANIT'IL +0€°0 891 PP
HSINY 22 N HSINA 2 N HSINA 2 N zd uoyenbg N
Sjed], 195
810T—£10T+L10T-910C 3s2L 810C—L10T ¥saL L10T910C 1L Suurexy,
[endadsymN AVN
SVA v81-6L1

‘CEQVA €ST-T1ST T SV 82T ‘T :UOISEdd0 JYSIJ oY) SULIW [A OB F9IJ JOQUINN] "UONEINIES ‘G $soUIy3I[ T “A3rsuoiur ‘T £(3) 1ySom [9uIoy puesnoy)
NSLL, “Forow oxenbs 1od suresd jo roqunu woN 10w orenbs 19d soyids jo Joquinu WQN ((ey/3) PRI FOIIO PIEPULIS TLIW 1003 “HSIATY
9UIITF0d ToRrUIWIANAP Y $9df10ua8 Jo soqunu N "10'0>dyx 'S0'0>dx STEAD[ND UIOPOW PUE SIIBIPUE[ JOF SUOSEIS SUIMOIS 0M dU} JO BITp
o Sunedaidde sTA gOY put [eRdadsnmw AY() YSNoIys siferl SIouoise JO SUONBWNSS 39U} JOF S[OPOW U3 JO SONSHEIS IS, put JUTuTei], °g 9[qE],

116



Chapter 3

[39], care should be taken to standardize measurements across different plant
architectures and sun elevation [6]. The light intensity, temperature, cloud cover, wind
speed, and timing of measurements can also affect the accuracy of the estimation
of traits evaluated in the field [40]. Digital photography is also a promising approach
due to the use of conventional cameras as a low-cost sensor to get the image and
open-source software to process the data from it [25].

The large year effect for the assessed traits found in the current study may be
attributed to the contrasting water availability in the two years of the experimental
fields, which doubled in 2018 compared to the preceding year. The largest
differences were observed in April and beyond, coinciding with the grain-filling
period, which likely was the main cause of the lower yield, spike number, and grain
number recorded in 2017 compared with 2018. It is well known that water scarcity
after anthesis has significant effects on yield and yield components [12,33,41].
The heaviest kernels observed in 2017 were most probably a consequence of the
compensation between yield components, since a lower NGm?* was observed in
2017. It has been shown that the value of each component strongly depends on the
values of the components defined previously, and NGm? is defined before TIKW
[42]. The number of grains and their weight are established sequentially during
plant development, with the potential number of grains being determined before
anthesis, and the grain weight being fixed after it [42,43]. This is in accordance with
the heaviest grains being obtained in the current study in 2017, the year with the
lowest grain number. The high yields achieved in the two years are in agreement with
those reported in previous studies at the same experimental site [44], where the high
yields could be attributed to the high soil fertility (about 3% organic matter) and
the superficial subsoil water layer at this site [45]. The CVs obtained in the current
study for the analyzed traits are within the normal ranges reported for water-limited
environments [10]. Moreover, the largest variability of agronomic traits found in
landraces when compared with modern varieties is in agreement with the results of
previous studies conducted in durum wheat [41,46].

The remotely sensed estimates of LAI in both landraces and modern cultivars
were higher in 2018 (Figure 3), as well as grain yield, which may be mostly explained
by the higher rainfall received during the grain-filling period in that year. As reported
by Villegas et al. [47], drought severely affects the total above-ground biomass due
to a decrease in the rate of growth. Although water stress affects the growth of
wheat, the effects are less harmful at the early stages of the crop cycle than during
the grain-filling period [48]. In 2018, the LAI of the landrace was slightly lower
than that of the modern cultivar only at the end of the growing season (the dough
development stage), suggesting that, under well-watered conditions, the vegetative
growth capacity of the latter is higher or senescence of the former starts earlier.
Villegas et al. [42] and Royo et al. [49] reported similar conclusions. In 2017, however,
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the LAI of landraces was significantly higher than that of modern genotypes until
anthesis, which could be due to the higher resistance to water stress of landraces
[42,50], their superior water use efficiency before flowering [51], and their large root
system [52], which is able to exploit deeper soil layers. Figure 3 shows that, despite
the LAI of landraces in 2017 being higher than that of modern genotypes until
anthesis, it started declining earlier than the latter. This anticipated decrease of LLAI
in the landrace genotypes could be partially explained by a higher water demand
of landraces, a consequence of their larger canopy, which could not be fulfilled at
the end of the growing season, leading to the anticipated senescence. Moreover, it
could be partially attributed to the greater potential of modern cultivars, compared
with the landraces, to use water during grain filling to achieve yield increases [51].
It is also important to mention that differences in remotely sensed estimates of
LAI between phenological stages could also be influenced by differences in the
chlorophyll content. It is well known that chlorophyll content decreases during
senescence and as a consequence, also those VIs that uses bands mostly placed in
the NIR and green regions [53]. Therefore, it may happen that plants with the same
LALI at different growing stages had different value of a VI due to differences in the
chlorophyll content. Despite of this, Din et al. [54] reported that the MTVI2 was
one of the most consistent VIs to change through phenological stages. However, it
is possible that the estimates of the low LAI values at the end of the growing season
could also be affected by a low chlorophyll content due to senescence, as previously
mentioned.

A number of studies have estimated agronomic traits such as grain yield or
biomass through UAV multispectral and RGB imagery in wheat and other cereals,
but the majority of them have been conducted in irrigated environments [9,16,55]
or under a wide range of phenotypic variability resulting from varying growing
conditions [9,56,57]. A proper assessment of agronomic traits through remote
sensing is expected when phenotypic variability is present. This usually occurs in
experiments conducted under irrigated conditions, where genotypes are allowed
to express their full potential, thus, maximizing differences between them [17],
or when a wide range of phenotypic values results from treatments varying the
agronomic management [9,56,57]. However, studies conducted in wheat under
rainfed conditions are scarce and the precision of the assessments obtained on them
is lower. A study by Kyratzis et al. [12], conducted on durum wheat, obtained R?
values of 0.43 for the relationships between NDVI and yield at different growth
stages, which are comparable to the values reported here.

In this study, MTVI2 was the best VI to estimate LAI through multispectral
imagery (R*=0.61). On the other hand, estimates of LAI through RGB VIs
showed slightly lower R?, with Hue being the best predictor (R*=0.45). It is widely
known that some vegetation indices, such as NDVI, show saturation when LAI
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reports high values [12,36,56]. Furthermore, estimating green LAI through the
NDVI has several limitations since it is affected, for instance, by factors such as
soil background, canopy shadows, atmospheric conditions, and variations in leaf
chlorophyll concentration [58]. Haboudane et al. [30] stated that improved VIs such
as MTVI were more sensitive to chlorophyll variations and, therefore, responded
better to LAI changes. In addition, it has been reported that MTVI2 is better than
other VIs mitigating this saturation effect in wheat with LAI values ranging from 2
to 8 [54,56,59]. Despite LAI was obtained through destructive measurements, results
from our study had similar ILAI values and the regression with the MTVI2 showed
a RMSE of 1.17. This RMSE agrees with values obtained by Xing et al. [59], who
reported RMSE values ranging from 1.1 to 1.6 when using different VIs calculated
with a spectrometer and Sentinel 2 imagery. In particular, the RMSE of MTVI2
obtained by these authors was 1.26 and 1.16 using the spectrometer and Sentinel 2
imagery, respectively, which agreed with the RMSE obtained in our study. Hassan et
al. [60] also exhibited a strong relationship between VIs and LAI measured with an
AccuPAR LP-80 ceptometer with values ranging from 2 to 5.5.

The current study demonstrated that predictions of yield could be properly
obtained using both multispectral and RGB VI, with the R* of the latter tending
to be higher. Although models differed depending on the type of germplasm and
the trait to be assessed, NDVI and GNDVI were the VIs mostly entered in all
of the prediction equations obtained through UAV multispectral imagery, thus,
confirming the feasibility of using such structural VIs to assess different agronomic
traits in wheat [14,17,39,61]. On the other hand, as mentioned above, ground-based
RGB imagery showed better estimations than UAV multispectral imagery for the
prediction set. RGB indices such as GA, GGA, a*, and u* have been proven to
be more suitable for predicting higher yield due to their capacity to calculate a
combination of physiological components related to biomass [25,20]. Kefauver et
al. [27] and Gracia-Romero et al. [9] reported the feasibility of using RGB VI to
estimate different agronomic traits. In this study, a positive and negative contribution
of GA and a*, respectively, at the last image acquisition date (DAS 179-184) were
present in most of the algorithms for predicting yield. This confirms that the
indices that performed better in assessing differences in yield were the ones related
to canopy greenness and, thus, to vegetation cover [62]. GA quantifies the green
pixels of the total pixels in the image, and, thus, is reliable to use for estimating the
fraction of vegetation cover [63]. As most of the carbohydrates for grain filling are
formed after heading, a larger leaf area or vegetation cover is positively correlated
with grain yield, determining the future number of grains and their weight [14,25].
Accordingly, a* and u* measurements are also related to ‘greenness’, where the
values go from high negative (green) to low negative or even positive values (lack
of green). Furthermore, Rezzouk et al. [64] observed that ground-based RGB
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imagery presented a higher resolution than aerial images, since they found that the
number of pixels per plot decreased drastically when acquiring images aerially. In
our case, this was probably not the case since the pixel resolution of RGB and
UAV multispectral imagery were <1 cm and 5 cm, respectively. In addition, the use
of relatively low-cost RGB sensors could be a feasible alternative to multispectral
cameras from UAV measurements for plant phenotyping [57].

The lower R? observed between VI and yield in landraces than in modern cultivars
when the data of each year were analyzed separately could be partially due to the
different size and structure of the canopy of both types of germplasm, as landraces
were much taller and had a different canopy architecture, which probably saturated
the VI at high LAT values. However, in all cases the R* values were 0.22. GNDVI and
NDVI were the VIs entered into the equations to estimate yield, showing in all cases
positive relationships with it. This is in agreement with previous studies showing
positive correlations between yield and VI in different environments [65,66], as
negative relationships are more frequent under severe water stress conditions [67,68].
Yield predictions in modern genotypes through UAV multispectral VIs varied
between the training and test datasets, mostly for the growing season 2016-2017.
The R? of the later was slightly higher, suggesting that the model is able to improve
yield predictions on dry years. This could be explained because during years with
water scarcity, the variability between genotypes in traits related to leaf biochemical
properties or canopy structural attributes, which can explain a part of the yield, could
be higher. Biomass and the number of spikes per unit area could not be assessed
in landraces in a reliable way as, although some models were statistically significant,
they accounted for a small fraction of the observed variability. However, in modern
cultivars predictions of biomass were year-dependent as models accounted from
11% to 28% of the observed variation in 2017 but 12% in 2018. This could be due
to the saturation of VI when LAI>5, which was the case in the two germplasm
sets in 2018 and in the landraces in 2017, as shown in Figure 3b. Despite this, the
significant predictions of biomass were always obtained through the MSAVI index,
which seeks to address some of the limitations of NDVI when applied to areas
with a high degree of exposed soil surface. It was not surprising that the number of
spikes per unit area could not be properly estimated through VI, as the reflectance
of the spikes probably caused some distortion in measurements made in the visible
and near-infrared ranges, as demonstrated in previous studies [69]. Estimations of
NSm* with RGB indices were not propetly assessed. The number of grains per
unit area was better estimated in modern cultivars than in landraces, with both VI
and RGB indices. This was not surprising given the strong relationship between the
number of grains per unit area and yield in semidwarf cultivars [70,71]. Again, the
relationships between VI and RGB indices with grain weight were more consistent
in modern cultivars than in landraces. The negative correlations between grain
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weight and GNDVI revealed by some prediction models suggest that the plants
with higher biomass produced lighter grains, likely as a consequence of competition
between plants for allocating photosynthates in vegetative and productive structures
during grain filling,

Repeated measurements of the whole collection acquired on different dates
throughout the growing season are necessary to improve the prediction of
agronomic traits [61]. According to this, in our study, predictions of agronomic traits
improved when information from different flights was analyzed together (Table
8). The highest R? for grain yield predictions (R*=0.51) was obtained for modern
genotypes in 2017 using combined data from flights acquired on DAS 151 (heading,
anthesis, and milk development) and 179 (dough development). Despite R* being
slightly lower in 2018, in all cases the RMSE varied between 0.26 and 0.38 t/ha,
which demonstrates the suitability of the models developed. It has been proven in
several studies [9,33,72] that higher variability within a population can increase the
determination coefficient and, therefore, the predictive ability of the model.

5.1. Conclusions

The efficiency of breeding programs and the agronomic research will increase
considerably depending on the reliability of models for HTP. This study demonstrated
the potential of a 4-band multispectral camera (Parrot Sequoia) and RGB images for
assessing agronomic traits—particularly yield and grain number per unit area—in
bread wheat grown in a Mediterranean-type environment. However, the suitability
of the models proved to be specific, as their consistency depended on the canopy
structure, leaf dimensions and orientation, and the environmental conditions during
vegetative growth, which poses a difficulty for their general use in a random crop
season. Thus, uniformity in the crop cycle among cultivars seems to be essential
to improve prediction models minimizing environmental effects. The results of
the current study demonstrate that the predictive value of the models developed
for semidwarf varieties increased when the data of more than one crop season
were aggregated to build them. For future studies, the assessment of biophysical
parameters earlier during the growing season will improve the accuracy of LAI
estimates, particularly when values are low, but not because of a reduction in the
chlorophyll content caused by the senescence. This leads to the conclusion that
more research is needed to generate series of data from multiple years and growing
stages in order to improve the reliability of the predictions obtained with the models
developed from the UAV 4-band multispectral (Parrot Sequoia) and RGB cameras.
In addition, the use of machine learning techniques should be addressed.

Supplementary Materials: The following are available online at https://www.
mdpi.com/2072-4 292/13/6/1187/s1, Table S1: List of accessions. Figures

121



Chapter 3

S1-84: ANOVA and Scatterplots for the agronomic traits. Table S2: Spectrometer
calibration.
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Chapter 4

Identification of Quantitative Trait Loci Hotspots
Affecting Agronomic Traits and High-Throughput
Vegetation Indices in Rainfed Wheat

1. Abstract

Understanding the genetic basis of agronomic traits is essential for wheat breeding
programmes to develop new cultivars with enhanced grain yield under climate change
conditions. The use of high-throughput phenotyping (HTP) technologies for the
assessment of agronomic performance through drought-adaptive traits opens new
possibilities in plant breeding, HTP together with a genome-wide association study
(GWAS) mapping approach can become a useful method to dissect the genetic
control of complex traits in wheat to enhance grain yield under drought stress. This
study aimed to identify molecular markers associated with agronomic and remotely
sensed vegetation index (VI)-related traits under rainfed conditions in bread wheat
and to use an z sifico candidate gene (CG) approach to search for upregulated
CGs under abiotic stress. The plant material consisted of 170 landraces and 184
modern cultivars from the Mediterranean basin. The collection was phenotyped
for agronomic and VI traits derived from multispectral images over 3 and 2 years,
respectively. GWAS identified 2579 marker—trait associations (MTAs). The QTL
overview index statistic detected 11 QTL hotspots involving more than one trait
in at least 2 years. A candidate gene analysis detected 12 CGs upregulated under
abiotic stress in six QTL hotspots and 46 downregulated CGs in 10 QTL hotspots.
The current study highlights the utility of VI to identify chromosome regions that
contribute to yield and drought tolerance under rainfed Mediterranean conditions.

Keywords: Wheat, yield components, vegetation indices, marker trait association,
candidate genes

2. Introduction

Wheat (Triticum aestivum 1..) is the most common cultivated crop worldwide. It is
grown on 216 million hectares of land, and its global production of 765 million tons
of grain provides 19% of the calories and 21% of the protein in the human diet
(Faostat 2019, http:/ /www.fao.org/faostat). To cover the expected food demand of
a world population that will increase up to 60% by 2050, wheat production needs
to increase by 1.7% per year (Leegood et al., 2010). Achieving this objective will not
be easy considering the expected negative effects of climate change on wheat yield,
particularly in areas such as the Mediterranean basin, where a rise in temperatures by
3-5°C and a decrease in annual rainfall by 25-30% have been predicted (Giorgi and
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Lionello 2008). An increasing frequency and severity of terminal drought stress will
reduce grain weight, grain quality, and wheat yield (Araus et al., 2002; Slafer et al.,
2005; Kulkarni et al., 2017). Therefore, there is a need to improve the identification
of genotypes able to maintain acceptable levels of yield and yield stability in semiarid
environments, which have been identified as the most sensitive to the effects of
climate change (Rufo et al., 2021). The release of improved cultivars with enhanced
drought adaptation will be critical for breeding programmes focusing on wheat
adaptability and stability under rainfed conditions (Graziani et al., 2014; Bhatta et
al., 2018).

The recent progress in high-throughput phenotyping (HTP) based on the
use of multispectral images acquired from unmanned aerial vehicles (UAVs) has
increasingly improved the assessment of agronomic traits (Gracia-Romero et
al., 2017; Xie and Yang 2020; Gomez-Candon et al., 2021; Rufo et al., 2021) on
large germplasm collections in a rapid, cost-effective, and high spatial resolution
way (Duan et al., 2017), as it allows the estimation of various plant traits using
nonintrusive and nondestructive technology (White et al., 2012; Rufo et al., 2021).
Remote sensing has attracted growing interest in breeding programmes since it
can deliver detailed information about biophysical crop traits in many situations to
cope with the current phenotyping bottleneck (Araus and Cairns 2014; Juliana et al.,
2019; Bellvert et al., 2021). Some studies have demonstrated the use of vegetation
indices (VI) to indirectly detect wheat plants under water stress due to a decrease
in vegetative growth (Condorelli et al., 2018). Others have demonstrated the use of
energy balance models to estimate the actual water status (Gomez-Candon et al.,
2021). When VIs are derived from multispectral cameras, they are obtained from
the combination of wavelengths located at the visible, red-edge and near-infrared
(NIR) regions of the light spectrum (Kyratzis et al., 2017). These wavelengths allow
discerning differences in vegetative greenness, rate of senescence, photosynthetic
efficiency and stay green duration (Stenberg et al., 2004; Babar et al., 2006; Lopes
and Reynolds 2012). It has been stated that anthesis and milk grain are the most
suitable growth stages for the assessment of agronomic traits on a plot-by-plot
basis (Aparicio et al., 2002; Royo et al., 2003). The use of HTP as a suitable and
accurate predictor of agronomic traits such as phenology, grain filling duration,
biomass and yield will provide unique opportunities to increase the power of QTL
discovery by increasing the number of genotypes included in the analysis (Juliana
et al., 2019). This method will increase the frequency of rare alleles of potential
interest to improve wheat adaptation to various environmental conditions.

The dissection of the genetic and molecular basis of complex traits such as yield
and drought stress tolerance through complementary approaches such as QTL
mapping and genome-wide association studies (GWAS) or association mapping
(AM) is essential in breeding programmes. GWAS is based on linkage disequilibrium
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(LD) (Flint-Garcia et al., 2003), and it is a powerful approach that provides high
mapping resolution due to the higher recombination events analysed in comparison
with biparental mapping (Soriano et al., 2017; Qaseem et al., 2019). AM has been
used to identify genomic regions related to drought and heat tolerance in durum
and bread wheat (Maccaferri et al., 2016; Valluru et al., 2017). Several studies have
been conducted to investigate the genetic basis of grain yield and yield-related traits
in bread wheat under water stress conditions using association mapping (Edae et
al., 2014; Gizaw et al., 2018; Qaseem et al., 2019; Mérida-Garcia et al., 2020). The
release of genome sequences for emmer wheat (Avni et al., 2017), bread wheat
(IWGSC 2018) and durum wheat (Maccaferri et al., 2019) and the availability of
open databases of RNA-seq experiments (Ramirez-Gonzalez et al.,, 2018) have
made it possible to use a candidate gene (CG) approach to find targets within QTL
intervals without performing new functional studies.

The aim of the current study was to identify molecular markers linked to
important agronomic traits, VIs and plant features related to drought resistance
assessed by HTP, to define the most important QTL hotspots for such traits and to
perform zn silico detection of the underlying CG in those genomic regions.

3. Materials and methods

3.1. Plant material and field trials

A germplasm collection of 354 bread wheat (T7iticum aestivum 1..) genotypes
from the MEDOWHEAT IRTA panel described in Rufo et al, (2019) was
used in this study, of which 170 corresponded to landraces and 184 to modern
varieties collected and adapted to 24 and 19 Mediterranean countries, respectively
(Supplementary Table S1). The panel is structured into 6 genetic subpopulations
(SP) and 38 genotypes that remained admixed (Rufo et al., 2019). SP1: west
Mediterranean landraces (43 accessions); SP2: north Mediterranean landraces (59
accessions); SP3: east Mediterranean landraces (42 accessions); SP4: France-Italy
modern germplasm (82 accessions); SP5: Balkan modern varieties (24 accessions);
and SP6: CIMMYT-ICARDA derived varieties (62 accessions).

The field trials were conducted at Gimenells, Lleida (41°38” N and 0°22’ E, 260
m.a.s.l), northeastern Spain, under rainfed conditions for three consecutive seasons:
2016, 2017 and 2018. Average minimum and maximum monthly temperatures and
rainfall were calculated from daily data recorded for a weather station close to the
experimental fields. Climatic data (rainfall and temperature) for the last 15 years
corresponding to the weather station in Gimenells, Lleida (Spain) were downloaded
from https://ruralcat.gencat.cat/web/guest/agrometeo.estacions. Experiments
followed a non-replicated augmented design with two replicated checks (cv. ‘Anza’
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and ‘Soissons’) at a ratio of 1:4 between checks and tested genotypes and in 3.6 m?
plots with eight rows spaced 0.15 m apart. The sowing density was adjusted to 250
germinable seeds m?, and the sowing dates were 02 December 2015, 21 November
2016, and 15 November 2017, whereas harvesting dates 07 July 2016, 05 July 2017,
and 05 July 2018. Weeds and diseases were controlled following standard practices
at the site.

3.2. Agronomic data

The following traits were measured across the three years (2016, 2017 and 2018)
according to the protocol described in Rufo et al., (2021): grain yield (GY, t ha'),
number of spikes per m® (NSm?), number of grains per m* (NGm?), thousand
kernel weight (TKW] g), aboveground biomass at physiological maturity (biomass, t
DM ha''), harvest index (HI), plant height (PH, cm) and eatly vigour (estimated as
green area, GA). The HI was calculated as the ratio between grain and plant weights
in a 1-m long row sample. PH was measured at maturity for three main stems per
plot and was measured from the soil to the top of the spike, excluding the awns.
Early vigour was calculated by integrating the green area (GA) values obtained by
ground-based RGB images taken every fourteen days as described in (Casadesus
and Villegas 2014) from emergence until the detection of the first node. Finally,
days from sowing to anthesis (DSA, GS65) and grain filling duration (GFD, GS87)
were measured on each plot based on the growth stage (GS) scale of Zadoks et al.,
(1974). Growth stages were achieved when at least 50% of the plants in each plot
reached them.

3.3. Image acquisition

Image acquisition was conducted with a multispectral camera (Parrot Sequoia)
(Parrot, Paris, France) installed onboard an UAV (DJI S800 EVO hexacopter,
Nanshan, CHN). Images were acquired during two years, on 21 April and 19 May
2017 and 17 April and 18 May 2018. Flights were always conducted at approximately
12:00 solar time under sunny conditions and with a wind speed below 12 m/s. The
UAV flew at a height of 40 m agl (above ground level) and with a flight plan of 80/60
frontal and side overlap. The multispectral camera has four spectral bands located at
wavelengths of 550 £ 40 nm (green), 660 £ 40 nm (red), 735 £ 10 nm (red edge),
and 790 * 40 (near infrared). The camera yields a resolution of 1280 x 960 pixels.
All images were radiometrically corrected through an external incident light sensor
that measured the irradiance levels of light at the same bands as the sensor, as well
as with in situ spectral measurements in ground calibration targets (black, white, soil
and grass). Spectral measurements were conducted with a Jaz spectrometer (Ocean
Optics, Inc., Dunedin, FL, USA). Jaz has a wavelength response from 200 to 1100
nm and an optical resolution of 0.3 to 10.0 nm. The calibration of the spectrometer
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measurements was taken using a reference panel (white colour SpectralonTM).
Geometrical correction was conducted by using ground control points (GCPs) and
measuring the position in each with a handheld global positioning system (GPS)
(Geo7x, Trimble GeoExplorer series, Sunnyvale, CA, USA). All images were
mosaicked using Agisoft Photoscan Professional version 1.6.2 (Agisoft LLC., St.
Petersburg, Russia) software and geometrically and radiometrically corrected with
QGIS 3.2.0 (USA, http://www.qgis.org). Then, six spectral vegetation indices
(VIs) were carefully selected based on their significance in relation to certain plant
physiology features in wheat (Table 1). In addition, the leaf area index (LAI) was
measured using a portable ceptometer (AccuPAR model LP-80, decagon devices
Inc., Pullman, WA, USA) from 13:00 to 15:00 (local time) on each image acquisition
date in 64 different plots of each set of landrace and modern set. Then, the LLAI
was estimated for each plot in the whole collection through the MTVI2, following
the methodology described by Rufo et al., (2021) and Gomez-Candon et al., (2021).
All VIs were assessed in 2017 and 2018 through UAV multispectral images at two
growth stages: (1) when all the plots reached anthesis (A) (VI_A) and (2) post
anthesis (PA) at the milk and dough developmental stages (VI_PA).

Table 1. Spectral vegetation indices assessed in this study.

Vegetation index Band centre (nm) Spectral band References
Structural indices

Normalized Difference Vegetation Index (NDVI) 790, 660 NIR, Red Rouse et al. 1974
Renormalized Difference Vegetation Index (RDVT) 790, 660 NIR, Red Roujean and Breon 1995
Improved Soil Adjusted Vegetation Index (MSAVI) 790, 660 NIR, Red Qi etal. 1994

Modified Triangular Vegetation Index (MTVI2) 790, 660, 550 NIR, Red, Green Haboudane et al. 2004
Green Normalized Difference Vegetation Index (GNDVI) 790, 550 NIR, Green Gitelson et al. 1996
Chlorophyll indices

Transformed CARI/Optimized Soil adjusted Vegetation

790, 735, 660, 550 NIR, Red Edge, Red, G: Haboud: t al. 2002
Index (TCARI/OSAVD , 735, 660, , Re ge, Red, Green Haboudane et al

3.4. Genotyping

The panel was genotyped with 13177 SNP markers using the Illumina Infinium
15K Wheat SNP Array at Trait Genetics GmbH (Gatersleben, Germany), and
11196 markers were ordered according to the SNP map developed by Wang et al.,
(2014). To reduce the risk of errors in further analyses, markers and accessions were
analysed for the presence of duplicated patterns and missing values. After excluding
markers with more than 25% missing values and with a minor allele frequency
(MAF) lower than 5%, a total of 10090 SNPs were used for mapping purposes.

3.5. Statistical analyses

Phenotypic data were fitted to a linear mixed model considering the check
cultivars as the fixed effect, and the row and column number and accessions as
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random in the model for each environment following the MIXED procedure of the
SAS-STAT statistical package (SAS Institute Inc., Cary, NC, USA)

y=xB+zy+e

where {3 is an unknown vector of fixed-effects parameters with known design
matrix X, y is an unknown vector of random-effects parameters with known design
matrix Z, and e is an unknown random error vector whose elements are no longer
required to be independent and homogeneous. Restricted maximum likelihood
(REML) was used to estimate the variance components and to produce the best
linear unbiased predictors (BLUPs) for agronomic traits and VIs (Supplementary
Table S2).

To assess differences between years and genetic subpopulations, one-way
ANOVAs were conducted for the whole collection. The broad sensed heritability
(H?) was estimated following Knapp et al. (1985):

2 o
H =—5—— )
O+ 0 +0GE

where &° _ is the genotypic variance, o°, is the variance due to the environmental
(year) effect, and o° ,, is the is the variance for the interaction of genotype with
environment.

Least squares means were calculated and compared using the Tukey HSD test.
Pearson correlation coefficients were calculated among the evaluated traits. Mean
phenotypic values across the three years were used to perform a hierarchical cluster
analysis by the Ward method (Ward 1963). Analyses of variance and mean differences
were carried out using the JMP v14.2.0 statistical package (SAS Institute, Inc., Cary,
NC, USA), considering a significance level of alpha = 0.05.

3.6. Marker trait associations

A GWAS with 10090 SNP markers was conducted on the whole germplasm
collection using Tassel 5.0 software (Bradbury et al., 2007) for all agronomic and VI
traits per year and across the three growing seasons. A mixed linear model (MLM)
was fitted using a principal component analysis (PCA) matrix with 6 principal
components as the fixed effect and a kinship (k) matrix as the random effect (PCA
+ K model) at the optimum compression level based on the groups defined by the
kinship matrix. Compression levels range from “no compression” (compression
= 1) when each genotype belongs to its own group, to “maximum compression”
(compression = 7) when all genotypes belong to the same group. In addition, the
anthesis date was incorporated as a cofactor in the analysis, as reported in previous
studies (Crowell et al., 2016; Condorelli et al., 2018; Soriano et al., 2021). Manhattan
plots were generated using the R script CMplot (https://github.com/YinLiLin/
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CMplot). A false discovery rate (FDR) threshold (Benjamini and Hochberg 1995)
was established at —log, p > 4.8 (p < 0.05), using 3696 markers according to the
results of the LD decay (Rufo et al. 2019). Besides, a frequently used threshold was
established at —log, P > 3, as previously reported in the literature (Wang et al., 2014,
2020; Mangini et al., 2018; Sukumaran etal., 2018; Condorelli et al., 2018). Confidence
intervals (Cls) for MTAs were estimated for each chromosome according to the LD
decay reported by Rufo et al., (2019) using the formula reported in Chardon et al.,

(2004):
g ( CI ]3
302,
where CI corresponded with the LD decay for each chromosome. To simplify the
MTA information, the associations were grouped into QTL hotspots. To define a
hotspot, the density of MTAs along the chromosome was calculated as the QTL
overview index (Chardon et al., 2004) for each ¢cM of the genetic map reported by
Wang et al., (2014):
nbOTL
u ﬁ]"—

~ Total length of map

where nbQTL is the number of QTLs and nbE the total number of experiments.

3.7. Gene annotation and in silico gene expression analysis

Gene annotation for the target region of QTL hotspots was performed using the
gene models for high-confidence genes reported for the wheat genome sequence
(IWGSC 2018), available at https://wheat-urgi.versailles.inra.fr/Seq-Repository/
Annotations. Physical distances were estimated using the genetic distances from the
markers flanking the Cls of each QTL hotspot.

In silico expression analysis and the identification of upregulated gene models
were catried out using the RNA-seq data available at http://www.wheat-expression.
com/ (Ramirez-Gonzalez et al., 2018) for the following studies: 1) drought and heat
stress time-course in seedlings, 2) spikes with water stress, and 3) seedlings with
PEG to simulate drought.

Gene Ontology (GO) data were retrieved from the high-confidence gene
annotation at https://wheat-urgi.versailles.inra.fr/Seq-Repository/ Annotations.

4, Results

4.1. Environmental conditions

The experimental site has a typical Mediterranean climate characterized by an
irregular pattern of yearly rainfall distribution, low temperatures in winter that
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rise sharply in spring and high temperatures continuing until the end of the crop
cycle. Figure 1 represents a graphical summary of the rainfall and maximum and
minimum temperatures during the crop cycle across the three years of field trials.
All the weather variables were representative of long-term data from the region
for each growing season, although 2017 was considered exceptionally dry due
to the low rainfall received. The last year (2018) was characterized as the wettest
from December (sowing) to June (physiological maturity) with 269 mm of rainfall,
whereas the first and second growing seasons with 207 mm and 105 mm of rainfall
were rather dry, respectively, suffering severe water scarcity during the grain filling
period with only 5 mm of precipitation.
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Figure 1. Monthly rainfall (mm) and minimum (Tmin) and maximum (Tmax) temperatures during the
growth cycle of each growing season.

4.2. Phenotypic analyses

A summary of the genetic variation is shown in Table 2 and supplementary table
S3 for agronomic and Vls-related traits. Agronomic traits showed coefficients of
variation (CV) ranging from 36.6% for grain yield to 6.3% for days to anthesis. VIs
showed higher CVs during post anthesis with values at anthesis ranging from 17.4%
for LAI to 2.1% for NDVI, and post anthesis ranging from 54.0% for LAI to 15.3%
for GNDVI. Agronomic traits showed higher values for heritability than VI for
most of the traits. For the agronomic traits heritability ranged from 0.9 for yield to
0.1 for GA, whereas for VIs heritability ranged between 0.41 to 0.05 for TCARI/
OSAVI and RDVI respectively at anthesis, and between 0.46 to 0.03 for TCARI/
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OSAVI and MTVI2 respectively during post anthesis.

Table 2. Summary statistics of the agronomic traits, leaf area index (LAI), and VIs.

Yield HI Biomass NSm* NGm* TKW PH GA GS65 GFD
Min 0.5 0.1 4.2 200 1122 12.7 70.2 16.2 132 18
Max 14.4 0.9 339 973.3 51548 58.8 163.7 56.6 180 71
Mean 7.7 0.4 17.2 541.9 20199 38.7 105.2 35.8 158.2 34
SD 2.8 0.1 3.9 115.4 7087 6.6 18 9 10 5.3
CV (%) 36.6 222 22.7 213 35.1 171 171 25 6.3 15.7
h? 0.9 0.8 0.4 0.5 0.8 0.6 0.8 0.1 0.3 0.5
LAI NDVI RDVI MSAVI MTVI2 TCARI/OSAVI GNDVI
Anthesis
Min 0.1 0.8 0.55 0.61 0.67 -7.26 0.77
Max 7.67 1 0.87 0.95 1 0.22 0.94
Mean 5.53 0.94 0.69 0.8 0.88 -0.23 0.87
SD 0.96 0.02 0.09 0.11 0.12 0.02 0.03
CV (%) 17.4 21 13 13.7 13.6 8.7 3.4
b’ 0.18 0.4 0.05 0.05 0.13 0.41 0.13
Postanthesis
Min 0.72 0.48 0.29 0.28 0.24 -3.89 0.5
Max 6.62 0.95 0.76 0.86 0.86 0.44 0.92
Mean 3.26 0.77 0.54 0.61 0.6 -0.03 0.72
SD 1.76 0.13 0.13 0.18 0.21 0.01 0.11
CV (%) 54 16.9 241 29.5 35 40 153
h’ 0.04 0.08 0.06 0.04 0.03 0.46 0.09

SD, standard deviation; CV, coefficient of variability; h% heritability; GS65, number of days from
sowing to anthesis (A); GFD, grain filling duration; HI, harvest index; NSm?, number of spikes per
square meter; NGm?, number of grains per square meter; TKW, thousand kernel weight; PH, plant
height; GA, green area.

The results of the analyses of variance (ANOVAs) for the agronomic traits
measured during the three growing seasons are shown in Table 3. The percentage
of variability explained by year was the highest for GA (81.6%) and GS65 (67.9%),
while the sum of squates of SP was the highest for yield (76.5%), NGm? (65.0%), HI
(62.6%), PH (61.4%) and GS87 (59.0%). Finally, the highest percentage explained
by the interaction between year and SP was found for biomass, NSm? and TKW,
reaching 86.2%, 84.9% and 71.0%, respectively. Significant differences were found
between SPs for all traits. The year and the year x SP interaction was also significant
for all traits, except for HI.

Table 4 shows the results of the ANOVA for the VIs and LAI estimated through
the MTVI2 at the anthesis and PA stages during 2017 and 2018. Differences
between subpopulations and between years, as well as the year x SP interaction,
were statistically significant for all traits in both years. The sum of squares for year
accounted for 1.3% (NDVI) to 92.9% (RDVI) of the variation at anthesis, whereas
at PA, the percentages ranged from 10.0% (TCARI/OSAVI) to 92.3% (LAI).
The percentages of the total variation explained by SP ranged from 2.3% (RDVI)
to 11.0% (TCARI/OSAVI) at anthesis, while they ranged from 1.0% (MTVI2)
to 11.2% (TCARI/OSAVI) PA. Year was the most important for explaining the
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Table 3. Analysis of variance for grain yield, harvest index (HI), biomass, number of spikes per
squate metre (NSm?), number of grains per square metre (NGm?), thousand kernel weight (TKW),
plant height (PH), green area (GA), number of days from sowing to anthesis (A) (GS65), and grain
filling duration (GFD, GS87) for the three years of field trials.

SS (%) Yield HI  Biomass NSm’> NGm’ TKW  PH GA  GS65 GFD
Year 13 0.1 5.2%% B.OFx  5Px 1050 2.6%  BLGRK (7.0 g
SP 76.5%F 6267 8.6%* TARE 6500k 1850%  GlARE 2k 304k 50 (e
Yearx SP 22.2%% 373 862%x  84.9%  285%k 710 36.0%F 1620k 7Rk 323k

SS, sum of squares; SP, subpopulation. *p < 0.01; **p < 0.001.

Table 4. Analyses of variance for the LAI estimated through MTVI2 and all the VIs calculated at the
anthesis (A) and postanthesis (PA) stages in 2017 and 2018.

SS (%) LAI NDVI RDVI MSAVI MTVI2 TCARI/OSAVI GNDVI
Anthesis

Year 62.6%* 1.3* 92,9 88.6%* 711 15.6%* 67.7+*
SP 8.9%% 8.8%¢ 2.3%% 2.7%% 8.9%x 11.0%* 8.0%¢
Year x SP 28.5%* 89.9%* 4.8+ 8.7 20%* 73.4%¢ 24.3%%

Post anthesis

Year 92.3%% 85.3%* 88.2%* 90.8** 91.8%* 10.0%* 83.4%
SP 1.1%* 2.9%* 2.2%¢ 1.4%* 1.0%* 11.2%% 4.8%*
Year x SP 0.6%* 11.8%* 9.6%* 7.8%* 7.2%% 78.8%* 11.8%*

SS, sum of squares; SP, subpopulation. *p < 0.01; **p < 0.001.

variations in LAI, RDVI, MSAVI, MTVI2 and GNDVI in the two growth stages.
SP explained the least percent of variation at both growth stages for all traits. The
year x SP interaction accounted for 4.8% (RDVI) to 89.9% (NDVI) of the model
variance at anthesis, with the highest values for NDVI and TCARI/OSAVI. The
variance explained by the year x SP interaction at PA ranged from 6.6% (LAI) to
78.8% (TCARI/OSAVI).

The mean values of phenotypic traits for each year and SP are shown in Table
5. Yearly means showed that the highest yield was in 2016, a year in which the yield
components NSm?* NGm?* and TKW reached intermediate values between those
obtained in the two subsequent years. The shortest duration of the preanthesis
period and the longest GFD were also observed in 2016. On the other hand, the
lowest yield, NSm? and NGm?, the heaviest grains and the shortest GFD were
observed in 2017. GA reached the highest value in 2016, which was characterized
as the wettest year during the period from January-March, i.e., the stem elongation
stage, when the trait was measured. In contrast, 2017 was the driest year in the same
period, which showed the lowest value for GA. In 2017, PH showed maximum
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Table 5. Mean values of grain yield, harvest index (HI), biomass, number of spikes per square metre
(NSm?), number of grains pet square metre (NGm?), thousand kernel weight (TKW), plant height
(PH), green area (GA), number of days from sowing to anthesis (A) (GS65), and grain filling duration
(GFD, GS87) in a set of 170 landraces and 184 modern cultivars of bread wheat for each growing
season and genetic subpopulation.

Yield (t/ha) HI  Biomass (t/ha) NSm*> NGm? TKW(g) PH (cm) GA  GS65 GFD

2016 8.0° 0.35" 17.5" 532" 20836" 38.6° 105.8" 46.7" 150° 36"
2017 7.4 0.36" 16.1° 509" 17877 413" 108.4* 26.6° 155" 32¢
2018 7.9 0.36" 18.1° 583" 21966" 36.2° 101.6° 35.8" 169" 34
SP1 5.2° 0.29" 16.6° 556" 14065% 382" 120.4° 375" 159" 33¢
SP2 5.9 0.30" 16.7° 534" 15354¢ 39.2° 121.9° 359" 163" 31°¢
SP3 44" 0.29" 14.9° 569" 13613° 32,6 1149 335 159" 33¢
SP4 10.8" 0.44" 18.5" 568" 28045" 393 87.19 35.7° 158" 35"
SP5 9.2 0.43" 18.0"* 475¢ 21872" 43.2° 92.1% 37.9" 160" 35"
SP6 9.7 0.42" 18.0" 493¢ 23877" 42.0° 95.7¢ 38.1" 152° 37"
AD 6.7° 0.31 17.1™ 550" 18414° 36.9° 111.4° 368"  157° 35°

Data for each subpopulation represent the mean values across the 3 years. Different letters at each
growing season or subpopulation indicate significant differences at p < 0.01 using Tukey’s honest
significant difference test.

SP1, West Mediterranean landraces; SP2, North Mediterranean landraces; SP3, East Mediterranean
landraces; SP4, Modern cultivars from France and Italy; SP5, Modern cultivars from Balkans; SP6,
Modern cultivars from CIMMYT and ICARDA; AD, admixed genotypes.

values but biomass showed the lowest values at maturity. Finally, in 2018, biomass,
the number of spikes and grains per unit area showed high values, and the cycle until
anthesis was the longest.

Significant differences in agronomic traits between subpopulations highlighted
the division of the whole set into landraces and modern cultivars (Table 5). Modern
SPs (SP4, SP5 and SP6) showed higher values of grain yield and yield components,
HI, and biomass than landrace SPs. The highest value for grain yield was observed
for SP4, in agreement with its higher number of spikes and grains per unit area.
SP4 showed the lowest grain weight among modern SPs but was not significantly
different from the heaviest grains observed in landraces (SP1 and SP2). As expected,
landraces were taller than modern cultivars. SP3 showed the lowest value for GA.
For phenology, SP2 took the longest time to reach the anthesis stage, whereas SP6
took the shortest time. In contrast, the GFD was the shortest for SP2 and the
longest for SP6. Modern SPs showed a longer GFD than landraces.

The mean values of the VIs and LAI (estimated by MTVI2) at anthesis and at PA
for 2017 and 2018 and the different SPs are shown in Table 6. All traits had higher
values at anthesis, except for TCARI/OSAVI. For all traits, differences between years
were statistically significant at the two stages. The LAI, RDVI and MSAVI showed
the highest mean values in 2018. The mean values for TCARI/OSAVI were the
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Table 6. Mean values of the LAT estimated by MTVI2 and all the VIs at anthesis (A) and postanthesis
(PA) in 2017 and 2018 as well as for each genetic subpopulationand the group of admixed genotypes
from a set of 170 landraces and 184 modern bread wheat cultivars.

LAI NDVI RDVI MSAVI MTVI2 TCARI/OSAVI GNDVI

Anthesis

2017 4.77° 0.95" 0.59" 0.70° 0.78" 0.03 0.9"

2018 6.29" 0.94" 0.78" 0.91° 0.98" 051" 0.84"
SP1 5.88" 0.96 0.71° 0.83" 0.92" -0.08" 0.87°
SP2 5.86" 0.96" 0.71° 0.83™ 0,92 0.08" 0.87"
SP3 5.75 0.95" 0.69° 0.81° 0.91™ 0.02° 0.87°
SP4 527" 0.94™ 0.67° 0.78 0.85° 0.63 0.89°
SP5 5.24 0.93° 0.67° 0.78 0.84° 0.21° 0.87™
SP6 5.20 0.94° 0.67° 0.78 0.84° 0.21° 0.86°
AD 5.70° 0.95 0.69° 0.81™ 0.90° -0.09° 0.87°
Post anthesis

2017 1.56° 0.65° 0.42° 0.43 0.39" 0.07* 0.62°
2018 4.95" 0.89" 0.67" 0.79" 0.8 0.13 0.82°
SP1 3.21% 0.76" 0.56™ 0.62" 0.61™ 0.06™ 0.70
SP2 3.32° 0.80° 0.57" 0.64° 0.64° -0.08° 0.73
SP3 2,91 0.74% 0.54° 0.60° 0.59™ 0.14 0.68°
SP4 3.50" 0.79* 0.55" 0.62" 0.60 0.20¢ 0.75"
SP5 3.36™ 0.77" 0.53¢ 0.60° 0.59" 20.01™ 0.73°
SP6 3.13° 0.744 0.514 0.57° 0.57° 0.03"™* 0.70°
AD 3.20™ 0.76™ 0.54° 0.60° 0.59" 0.01" 0.71°

Years followed by different letters indicate significant differences at p < 0.01 using Tukey’s honest
significant difference test.

SP1, West Mediterranean landraces; SP2, North Mediterranean landraces; SP3, East Mediterranean
landraces; SP4, Modern cultivars from France and Italy; SP5, Modern cultivars from Balkans; SP6,
Modern cultivars from CIMMYT and ICARDA; AD, admixed genotypes.

highest in 2017. The year 2017 showed the highest values of MTVI2 and GNDVI
at anthesis, but these VIs and NDVI were minimal at PA the same year. Due to
saturation of the reflectance, NDVI became insensitive at high LAI values (LAI >
3) in both years at anthesis. LA, NDVI, RDVI, MSAVI and MTVI2 significantly
differed between landrace and modern cultivar SPs at anthesis, with higher values
being recorded in the landraces. However, no pattern was found for VI traits among
SPs PA. SP2 and SP4 had higher mean values for all traits PA, with the exception of
TCARI/OSAVL

Correlation coefficients between agronomic traits, VIs and LAI were calculated
(Figure 2), showing highly significant coefficients among agronomic traits as yield
with NGm? (r = 0.90) and PH (r = -0.71). Interestingly, when analysed VIs related
traits against agronomic traits, highly significant coefficients (r > 0.61) were found
between GS65 and RDVI, MTVI2, GNDVI, LAI, NDVI_PA and MSAVI_PA, and
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between GA and MSAVI, GNDVI, LAI, MTVI2 and RDVI_A. In addition, NGm?
and PH showed a moderate significant correlation with GNDVI_PA and NDVI_A,
respectively (r = 0.46).

Y":’l Correlation
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Figure 2. Pearson correlations between agronomic traits, vegetation indices (VIs) and LAI GS65,
number of days from sowing to A; GFS, grain filling duration; HI, harvest index; NSm2, number of
spikes per square meter; NGm2, number of grains per square meter; TKW, thousand kernel weight;
LAIL leaf area index; PH, plant height; GA, green area; A, anthesis; PA, postanthesis. Significant
correlatoins at P < 0.0001 were established for r > 0.45 and r < -0.45.

To quantify the relation between trait variation and population structure, multiple
linear regressions were carried out between population structure (g) coefficients
(Rufo et al. 2019) (Table 7) and phenotypic performance for landrace and modern
sets separately and both sets combined. The landrace R* values ranged from 0.10
for MSAVI_A to 0.39 for GA, while the modern R* values ranged from 0.10 for
MTVI2_A to 0.64 for GNDVI_A. When the regressions were conducted on the
combined data set, the R* values ranged from 0.11 for biomass to 0.60 for NGm?.
The traits yield and GNDVI_PA showed high R? values (> 0.35) for each set
separately and for the combined set. The highest R? values were found in modern
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Table 7. Relationship between trait variation and population structure (g-values) for landrace and
modern sets separately and the combined set.

Trait R?LR vs. MOD R?’LR R*MOD
N = 354 N =170 N =184

GS65 - - 0.47
GFD - - 0.16
Yield 0.59 0.37 0.43
HI 0.47 - -
Biomass 0.11 - -
NSm?2 - 0.12 0.18
NGm® 0.58 - 0.42
TKW - 0.34 0.11
LAIL_A 0.20 - -
NDVI_A . . .
RDVIL_A 0.20 - -
MSAVI_A 0.22 0.10 -
MTVI2_A 0.29 - 0.10
TCARI/OSAVI_A 0.19 - 0.13
GNDVI_A 0.39 - 0.64
LAI_PA 0.20 - 0.39
NDVI_PA 0.14 0.23 0.50
RDVL_PA . 0.11 0.40
MSAVI_PA . 0.13 0.44
MTVI2_PA - 0.11 0.39
TCARI/OSAVI_PA 0.20 0.17 0.17
GNDVI_PA 0.51 0.39 0.60
PH 0.48 - 0.33
GA - 0.39 -

GS65, number of days from sowing to anthesis; GFD, grain filling duration; HI, harvestindex; NSm?,
number of spikes per square meter; NGm?, number of grains per square meter; TKW, thousand
kernel weight; PH, plant height; GA, green area; A, anthesis; PA, postanthesis, LR, landrace, MOD,
modern; N, number of genotypes.

set regressions for GNDVI_A, GNDVI_PA, NDVI_PA and GS65. Among the
components of yield, TKW showed the highest R* values in landrace set regressions,
while in modern set regressions, NGm? showed the highest R* values.

The bidimensional clustering shown in Figure 3 represents the relationships
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among accessions and their mean phenotypic performances (3 years for agronomic
traits and 2 years for VIs). The horizontal cluster grouped accessions according
to their phenotypic similarity based on the traits in the vertical cluster. Horizontal
clustering separated two main clusters: cluster A was composed only of landraces,
and cluster B included modern cultivars and two landraces: cv “TRI 11548 from
Iraq and cv “1170” from Turkey. Cluster A was characterized by lower yield and yield
components, except NSm?, lower biomass, a shorter GFD but longer GS65, and
taller plants than cluster B, but cluster A had higher values for VIs at anthesis, except
for GNDVI_A.

Each of these two clusters was separated into two subclusters, A1 and A2 for
landraces and B1 and B2 for modern cultivars. Subcluster A1 was represented mainly
by south Mediterranean landraces (77%), including those from east and west regions,
whereas subcluster A2 contained most of the north Mediterranean landraces (62%).
East Mediterranean landraces were in a single cluster within Al, whereas west
Mediterranean landraces were distributed in other clusters within Al. Differences
among subclusters Al and A2 were due to higher NSm2 and TCARIOSAVI_PA in
Al and longer cycles until anthesis in A2, along with higher values for GA and VIs at
PA. Regarding modern cultivars, subcluster B1 was composed mainly of genotypes
carrying the CIMMYT/ICARDA genetic background (SP6) (62%) and included
the two landraces allocated to cluster B mentioned above. Moteover, subcluster B2
included 91% of the cultivars from SP4 (French and Italian modern cultivars). Most
of the modern Balkan cultivars (SP5) were grouped in subcluster B1. Subcluster B1
was characterized by higher TCARIOSAVI_PA and GA, whereas subcluster B2 was
characterized by higher NSm?*, GNDVI_A and the rest of the VIs assessed in PA.

4.3. Marker-trait associations

A summary of the results of the GWAS for all traits per year and for the mean
values across years is reported in Figure 4. Due to the low number of marker trait
associations (MTA) showing significance above a FDR threshold at of -log, P > 4.8,
a common threshold of -log P > 3, as reported in the literature (Wang et al., 2017,
2020; Mangini et al., 2018; Sukumaran et al., 2018; Condorelli et al., 2018), reported
a total of 2579 MTAs (Supplementary Table S4). Manhattan plots for each of the
traits and year are represented in supplementary figure S1. The year 2017 presented
the highest number of MTAs, 74% of the total number of MTAs, whereas 2018
and the mean across years presented the lowest number of MTAs, 3% and 4%,
respectively (Figure 4A). During 2016, only MTAs related to agronomic traits were
reported, accounting for 19% of the total MTAs across years, as no multispectral
images were captured during that year.

The number of MTAs per chromosome for all years and for the mean values
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TCARIOSAVI_A
TCARIOSAVI_PA

Figure 3. Bidimensional clustering showing the phenotypic relationships between the 354 bread
wheat genotypes based on the analysed traits indicated in the vertical cluster at bottom. Red and
green colours in the columns indicate high and low values, respectively. Dark, higher values; light,
lower values; white, intermediate values.

across years ranged from 9 on chromosome 4D to 354 on chromosome 1B (Figure
4B). Genome B accounted for 48% of the total MTAs, followed by genomes A and
D with 41% and 11%, respectively. The percentage of MTAs with a phenotypic
variance explained (PVE) lower than 0.10 was 97.5%, which agreed with the highly
quantitative nature of the analysed traits (Figure 4C).
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% MTASs per year and trait
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Figure 4. Summary of MTAs. (A) Percentage of MTAs per year and trait. (B) Number of MTAs
per chromosome. (C) Phenotypic variance explained (PVE). MTAs, marker-trait associations; HI,
harvest index; LAI leaf area index estimated by MTVI2; NSm?, number of spikes per squate metre;
NGm? number of grains per square metre; TKW, thousand kernel weight (g); PH, plant height; GA,

green area from emergence until the first node; A, anthesis stage; PA, post anthesis.

A total of 815 MTAs were identified for seven agronomic traits (Supplementary
Table S5). Yield showed the highest number of MTAs (368), most of them (268)
from 2016, whereas only one association was found for NSm?* with the mean across
years. MTAs for TKW were found mainly during 2016 (96%), and those for PH
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were found mainly during 2017 (68%).

A total of 1764 MTAs over -log P > 3 were identified for 15 VI traits
(Supplementary Table S5). Among them, 1718 were detected at or before anthesis
(GA), and only 46 MTAs were identified PA. Ninety-six percent of the MTAs were
identified during 2017, which was the year characterized by the lowest rainfall.
TCARIOSAVI_A was the trait with the highest number of MTAs (1243), followed
by MTVI2_A with 350.

To identify the genomic regions most involved in trait variation, QTL hotspots
were identified using the QTL overview index defined by Chardon et al., (2004) for
each cM of the genetic map reported by Wang et al., (2014). Confidence intervals
were calculated using the LD decay for each chromosome reported by Rufo et al,,
(2019).

A total of 209 peaks were identified using the mean of the overview index across
the 21 chromosomes (0.7) as the threshold, whereas using a high threshold (3.5), a
total of 41 peaks were detected (Figure 5). These 41 peaks were reduced to 28 QTL
hotspots (Supplementary Table S6), 12 in genomes A and B and 4 in genome D. To
simplify the search for candidate genes, QTL hotspots were excluded when 1) the
centromere was included within the hotspot or the CI was higher than 35 Mb and 2)
MTAs corresponded only to one year of field experiments. Eleven QTL hotspots
grouping 295 MTAs remained for subsequent analysis (Table 8). As shown in Figure
5, hotspots defined by the QTL overview index correspond to genome regions with
a higher number of MTAs.

4.4. In silico analysis of candidate genes

A search for CGs to study the relative gene expression levels under abiotic stress
conditions and different tissues and developmental stages was performed within the
QTL hotspot regions reported in Table 8 using the positions of flanking markers
in the ‘Chinese Spring’ reference genome (IWGSC 2018) at https://wheat-urgi.
versailles.inra.fr/Tools/JBrowse. A total of 1342 gene models were detected, and
to classify this information, Gene Ontology (GO) for 1025 of the gene models
(76%) was downloaded from https://wheat-urgi.versailles.inra.fr/Seq-Repository/
Annotations (Figure 6, Supplementary Table S7). Seven hundred ninety-one CG
were classified according to molecular function (MF), 183 according to biological
process (BP) and 51 according to cellular component (CC). The most represented
CGs according to molecular function were ‘protein binding’ (31%), ‘protein kinase
activity’ (13%) and ‘nucleic acid binding’ (11%). According to BP, 30% of the CGs
were involved in ‘defence response’ and 19% in ‘transport’. Finally, according to
cellular component, 27% of the product of CGs were in the nucleus, 22% in the
membrane and 14% in the cytoplasm and cell wall.
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Figure 5. QTL overview index. The index values are represented along chromosomes as a blue
line. Yellow and red dashed lines represent the thresholds for average (0.7) and higher values (3.5),
respectively. Green bars below the QTL overview index represent the number of significant MTAs
per 10 cM (-log, P > 3). QTI, quantitative trait loci; MT/As, marker-trait associations.

Subsequently, a search for differentially expressed genes (DEGs) under three
abiotic stress conditions as reported in http://www.wheat-expression.com was
carried out. These conditions included 1) drought and heat stress time-course in
seedlings, 2) spikes with water stress, and 3) seedlings treated with PEG to simulate
drought, and DEGs were analysed in four tissues (roots, shoots/leaves, spikes and
grains) during different developmental phases (seedling, vegetative and reproductive).
A total of 12 CGs that were upregulated under abiotic stress were found in 6 QTL
hotspots and 46 downregulated in 10 QTL hotspots (Figure 7).

Among the different upregulated DEGs, a defensin in hotspot QTL1A.1 showed
the highest expression under abiotic stress conditions and was expressed in most of
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Figure 6. Gene Ontology (GO) classification of gene models within QTL hotspots. (A) GO hierarchy.
(B) Molecular function. (C) Biological process. (D) Cellular component.

the tissues and all the developmental phases; it also showed the highest expression
levels for each of the phases. All DEGs reported expression in the spikes with a
range from 0.02 tpm for cytochrome b in QTL1B.2 to 3.48 tpm for defensin in
QTL1A.1. Only four DEGs were expressed in the roots and five in the leaves/shoots
and grain. Only zinc finger protein-like 1 in QTL2A.2 was expressed in all four plant
tissues, showing the highest expression in roots. Regarding the developmental phase,
no expression was reported in any stage for two DEGs, cytochrome b in QTL1B.2
and enoyl-[acyl-carrier-protein] reductase in QTL3D.1. The reproductive phase had
the highest number of DEGs (9 out of 10 showing expression), whereas 6 were
expressed in the seedlings and only 4 were expressed during the vegetative phase.

Among the downregulated DEGs, the hotspot QTL1B.2 showed the highest
number of downregulated DEGS (16), whereas QTL2A.2 did not show any of
them. Three DEGs showed expression in all tissues, whereas any of them were
downregulated in all of tissues. Six DEGs were expressed only in roots under non
stressed conditions, 3 in leaves/shoots, 7 in spikes and 9 in grains. Whereas DEGs
non expressed under abiotic stress in only one tissue corresponded to 1 in roots
and 6 in grains. According to the developmental phase, 12 DEGs were expressed in
all of them, whereas any DEG was downregulated in all of them. One DEG was
expressed only in the seedling stage at normal conditions, whereas 2 were expressed
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only in the vegetative and 22 in the reproductive stages.

5. Discussion

The current study was conducted under typical Mediterranean environmental
conditions, with a pattern of increasing temperatures during the spring and an
irregular distribution of rainfall across years. A GWAS panel of 354 bread wheat
genotypes, including Mediterranean landraces and modern cultivars, was grown for
three years under these conditions in northeastern Spain. Given that the decrease in
the genetic diversity of wheat occurred during the second half of the 20th century,
associated with the introduction of high-yielding semidwarf cultivars (Autrique et
al., 1996), landraces are considered a natural reservoir of genetic variation within
the species and an invaluable source of new alleles to widen the genetic variability
in breeding populations, particularly for traits regulating adaptation to suboptimal
environments (Lopes et al., 2015). Recent studies have demonstrated the scarce use
of wheat landraces in breeding programmes in the past, as suggested by the high
genetic diversity and defined population structure among landrace and modern
cultivar subpopulations (Soriano et al., 2016; Rufo et al., 2019).

5.1. Phenotypic performance

The high heritability reported for the agronomic traits, reaching 0.9 for yield and
0.8 for HI, NGm?* and PH indicated that genetic differentiation among landraces
and modern cultivars played a predominant role in determining the variation for
these traits.

The ANOVAs showed a large effect of SP on the phenotypic expression of the
agronomic traits, whereas year showed the largest effect for most of the VIs, followed
by the year x SP interaction, with the SP effect being the lowest. The variability in
agronomic traits was mostly caused by the different agronomic performances of
wheat landraces and modern cultivars, as reported in previous studies (Soriano et al.,
2016; Royo et al., 2020). On the other hand, the high year effect on VIs was likely
due to the contrasting water availabilities during the two years in which images were
acquired by UAV in the experimental fields. This was not an unexpected result given
that the decrease in the rate of growth of wheat caused by drought stress results in
a severe reduction in total aboveground biomass (Royo et al., 2004; Villegas et al.,
2014).

Yearly variation in weather conditions, particularly water input, resulted in a yield
range from 7.4 t/ha in 2017, the driest year, to 7.9 and 8.0 t/ha during the years with
higher rainfall. Even with the low water input, the average experimental yields were
higher than expected in a severe drought environment. The numbers of spikes and
grains per unit area were the highest in 2018, the wettest year, but were the lowest
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in 2017. Grain weight showed the opposite pattern, suggesting that under drier and
hotter conditions, cultivars filled their grains at a higher rate (1.29 g/day in 2017 and
1.06 g/day in 2016 and 2018), thus showing a shorter GFD in 2017. The high yields
recorded, considering the rainfed conditions of the field trials, could be attributed
to the high soil fertility (approximately 3% of organic matter) and the superficial
subsoil water layer at this site (Royo et al., 2021).

From a genetic viewpoint, a clear separation was observed between landraces
and modern cultivars for most of the agronomic traits, which can be attributed to
the improvement achieved by breeding. As expected, yield was negatively correlated
to PH as reported previously by Royo et al., (2020). Among landraces, those
from northern Mediterranean countries characterized by high rainfall and lower
temperatures (Royo etal., 2014) showed higher yields due to an increase in the number
of grains per unit area and grain weight. These genotypes showed longer cycles until
anthesis and a shorter grain filling duration, although this last trait was not statistically
significant. Landraces from eastern Mediterranean countries showed lower yields, a
lower number of grains and lighter grains but an increase in the number of spikes
per unit area compared with landraces from northern Mediterranean countries.
Similar results for east Mediterranean landraces were previously reported in durum
wheat by Soriano et al., (2018) and Rosell6 et al., (2019), suggesting an adaptation of
landraces from this area to warmer environments, which has been associated with
the allelic constitution of vernalization and photoperiod genes (Royo et al., 2020).
The results of the current study are in agreement with previous research reporting
a tendency for wheat to increase the number of ear-bearing tillers as an adaptation
strategy under heat stress (Hutsch et al., 2019) and to increase the number of spikes
per unit area in genotypes adapted to dry and warm areas compared with genotypes
adapted to wetter and colder areas (Royo etal., 2014, 2020). Among modern cultivars,
significant differences were mainly found between SP4 (cultivars from France and
Italy) and the other two SPs (Balkans and CIMMYT-ICARDA-derived germplasm).
These results suggest that breeding in France and Italy was in the direction of
increasing yield through increasing the number of spikes and grains per unit area,
whereas the other SPs showed higher TKW. In addition, the regression results of the
modern set suggested a high impact of genetic population structure on the number
of grains per unit area. Cultivars derived from CIMMYT and ICARDA germplasms
reached anthesis earlier, up to eight days earlier compared with Balkan cultivars and
six days eatlier compared to French and Italian cultivars, which was in line with the
high R? values obtained in the relation between the modern set structure and GS65.
This earliness can help these cultivars from warmer regions avoid heat stress at the
end of flowering,

All traits related to HTP showed significant differences between years before
and after anthesis, showing higher values for most of the VIs in 2018 than in the
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previous year. These higher values agree with the rainfall recorded for both years,
which was significantly lower in 2017 than in 2018, mostly during the grain filling
period. Furthermore, the difference in the mean values between growth stages was
much higher in 2017. This result could be explained by the water scarcity particularly
affecting the PA stage, which results in an important loss of chlorophyll content
during the grain filling period; therefore, VIs using bands mostly placed in the
near-infrared (NIR) and green regions showed lower values (Adamsen et al., 1999).
It was supported by the high and positive correlations values between GA and
GNDVI and LAI at post anthesis stage, which was the case in 2018. Even though
water stress affects the growth of wheat, the effects are higher during the grain
filling period (Moragues et al., 2006). Thus, the LAI and GNDVI values decreased
at the end of the growing cycle due to a low chlorophyll content associated with
senescence during the grain filling period (Rufo et al., 2021). In addition, Gitelson
et al., (2002) reported that the sensitivity of the green band was higher than that
of the red band when the vegetation fraction was more than 60%, so vegetation
indices using green wavelengths perform better at high LLAI values, which in wheat
under Mediterranean conditions are the highest at booting (Aparicio et al., 2000,
Royo et al., 2004; Kyratzis et al., 2017; Rufo et al., 2021). This agreed with the high
and positive correlations values between GS65 and GNDVI and LAI indicating
that more days until anthesis provides a high green L AT at post anthesis stage in wet
years as 2018. TCARI/OSAVI were higher PA for both years. This agreed with the
results of Zarco-Tejada et al., (2005), who reported that in advanced growth stages,
chlorophyll indices such as TCARI performed better due to being less sensitive to
the loss of turgor and leaf drop. In fact, these authors also stated that the different
patterns of the indices across growth stages suggested that chlorophyll-related
indices are more suitable closer to harvest, while structural indices related to canopy
light scattering and growth are better for early stages.

Differences in the mean values of SPs were found in the two growth stages, with
the highest values mainly found at anthesis based on the differences among years,
thus highlighting the effect of PA senescence on the chlorophyll content. Landraces
and modern cultivars showed significant differences in the LAI and structural VIs
at anthesis, and these values were higher in the landraces. As reported in previous
studies in durum wheat (Garcia Del Moral et al., 2005; Soriano et al., 2018),
landraces are characterized by their tolerance to water scarcity and their superior
water use efficiency before anthesis compared to modern cultivars (Subira et al.,
2015). Subpopulations showing the highest mean values for the LAI and VIs at PA
were those including landraces from the north of the Mediterranean basin (SP2)
and modern cultivars from France and Italy (SP4). Landraces from SP2 are better
adapted to colder and wetter environments than landraces originating in the southern
part of the Mediterranean basin. This adaptation pattern has been associated with
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the greatest early soil coverage and more aboveground biomass along the whole
cycle length (Royo et al., 2014, 2021). For this reason, the canopy remains green
much longer in landraces from northern Mediterranean countries than in those from
southern Mediterranean countries (Royo et al., 2014). The same pattern was found
in modern cultivars, with GNDVI values remaining higher than those of landraces
after anthesis and being significantly different among modern subpopulations. These
results agreed with those from the relationship between structure and GNDVI_PA,
where the modern set showed the highest R* values according to the differences
found in GNDVI mean values among modern subpopulations. These results and
the capacity to discern between landrace and modern SPs regarding the VI values
at anthesis proved the accuracy of HTP in characterizing populations. Several
studies have stated the potential of remote sensing for assessing agronomic traits
by screening hundreds of plots in a short period of time, minimizing replications
(Araus et al., 2018; Juliana et al., 2019; Gracia-Romero et al., 2019). Furthermore,
various authors have stressed the suitability of using VIs measured early in the
season for grain yield forecasting (Aparicio et al., 2000).

Bidimensional clustering was helpful to jointly visualize the results obtained by
Tukey’s tests. Moreover, clustering of agronomic and HTP data revealed similarity
with the separation obtained by Rufo et al., (2019) using SNP markers and SPs
defined based on the structured collection. In both cases, a clear differentiation
among landraces and modern cultivars was observed, which resulted in separation
into two main clusters. Within the landrace cluster, (A) separation was observed
between landraces from northern and southern Mediterranean countries, thus
including landraces from SP2 in one cluster and those from SP1 and SP3 in the
other cluster, with different groupings among them. Modern cultivars of SP6
(CIMMYT-ICARDA) clustered separately from the French and Italian cultivars
(SP4), whereas modern cultivars from the Balkans grouped mostly with SPO.
Although these two SPs were separated genetically, no significant differences were
found for the agronomic traits, except for phenology, and regarding the VIs, no
differences were found at anthesis. Two landraces (TRI 11548 and 1170) were
included within modern cultivars from CIMMYT-ICARDA and the Balkans. These
two landraces were characterized by a longer GFD, higher HI and lower number
of spikes per unit area than the average for landraces. Landrace TRI 11548 from
Iraq also showed higher yield and grain weight than other landraces, so it probably
resulted from a selection made in an early landrace population.

5.2. Marker trait associations

Dissecting the genetic basis of complex traits in plant breeding is essential to
tackle molecular-based approaches for crop improvement. Several efforts have been
previously made to identify QTLs and MTAs associated with traits of interest to
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carry out marker-assisted selection (MAS) approaches and the introgression of
alleles of commercial interest in adapted phenotypes.

The highest number of MTAs related to agronomic traits was found in 2016,
while 96% of MTAs related to VIs, GA and the LAl were identified in 2017. It
has been reported that under contrasting conditions, the GXE interaction could
affect the identification of stable associations among different environments
(Mwadzingeni et al., 2017), which could explain the difference in the number of
significant associations among the three years of field trials. The highest number of
associations for yield and TKW in 2016 could be due to the moderate amount of
water input (rainfall) during the spring, together with the longest grain filling duration,
as reported in previous studies where grain weight predominantly enhanced yield in
wet environments (Garcia Del Moral et al., 2003; Moragues et al., 2006; Royo et al.,
20006). Moreover, Royo et al., (2000) found that genotypes with longer GFDs could
have greater opportunities to increase grain weight in favourable growing seasons
than in warmer and drier seasons. The elevated number of VI-related MTAs found
in the driest year (2017) could be explained by the higher variability in traits related
to leaf biochemical properties or canopy structural attributes within the set of
genotypes grown in environments with water scarcity (Rufo et al., 2021). The highest
number of MTAs was identified for PH in 2017, when the CV was higher for this
trait. Qaseem et al., 2019 suggested that taller genotypes under drought stress could
increase yield accumulation and convert more assimilates into grain. Of the 1764
MTASs detected for VIs, 1718 were found at anthesis, with 1243 for TCARI/OSAVI.
This result could be explained by the significant differences found between landraces
and modern SPs at anthesis for traits related to HTP. The highest variability was
found when comparing SP4 with the rest of the SPs for TCARI/OSAVI, which
could explain the elevated number of MTAs for this trait. The distribution of the
MTAs across genomes agreed with the results of Rufo et al., (2020), with a similar
number in the A and B genomes (41 and 48%, respectively) and the remaining 11%
in the D genome. These results are consistent with those of previous studies (Chao
et al.,, 2010; Wang et al., 2014; Gao et al.,, 2015), which attributed these values to
the lower genetic diversity and higher LD found in the D genome of bread wheat
compared with genomes A and B (Rufo et al., 2019)

5.3. QTL hotspots

To reduce the complexity of the high number of identified MTAs, QTL hotspots
were defined using the QTL overview index proposed by Chardon et al., (2004).
Although this statistic was initially used for classical biparental QTL analysis, we
adapted it to GWAS using the confidence intervals of the MTAs as the distance of
LD decay for each of the chromosomes. As reported in Figure 5, QTL hotspots
defined by the high-value threshold of the overview index corresponded to genome
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regions with a higher MTA density, thus supporting the suitability of this approach
in GWAS. To identify genome regions previously mapped in locations similar to
our QTL hotspots and to detect new loci controlling agronomic traits and Vs,
a comparison with previous GWAS studies and/or meta-QTL analysis reporting
yield and VI-related traits was conducted. Seven of the eleven QTL hotspots have
been described previously in the literature. When compared with the meta-QTL
analysis reported by Liu et al., (2020) in bread wheat, the QTL hotspots QTL1B.2
and QTL2D.1 were located in similar positions as MQTL1B.7 and MQTL1B.8 and
MQTL2D.3 and MQTIL2D.4, respectively, controlling grain yield, grain number and
TKW under drought and heat stress. QTL1B.2 was also in the homologous region
of QTL IWB50693 in durum wheat controlling spike length (Anuarbek et al., 2020),
QSN.caas-1BL controlling NSm? identified by Gao et al., (2015) in bread wheat
and IWB3330 controlling the normalized chlorophyll pigment ratio index (NCPI)
identified by Gizaw et al.,, (2018) in bread wheat. Gao et al., (2015) also found three
QTLs for TKW, chlorophyll content and NDVI located in a common region with
the hotspot QTL5B.2. This QTL hotspot was also detected in a similar region as
QTL yield/root_5B.1 controlling grain yield and shoot length identified by Rufo
et al., (2020). QTL1B.2 and QTL5B.2 were found to have homology with several
studies. This was an expected result, since they were the longest hotspots including
the highest number of MTAs. The genomic regions for QTL hotspots QTL5B.4 and
QTL7A.1 were also found in common with three QTLs identified by Anuarbek et
al., (2020) controlling the number of fertile spikes and TKW in durum wheat under
rainfed conditions. Hotspots QTL1A.1 and QTL2A.2 shared a common position
with mtaq-1A.2 reported by Rosell6 et al., (20192) in durum wheat and QTL yield/
root_2A2 identified by Rufo et al., (2020) in bread wheat, respectively, controlling
root-related traits and grain yield in bread wheat.

The detection of these regions in common with other studies opens the
opportunity to pyramid different QTLs with pleiotropic effects in future breeding
approaches. Moreover, the use of the reference genome sequence makes it possible
to rapidly identify common molecular markers to be used in MAS.

5.4. Candidate genes

Gene annotation from the ‘Chinese spring’ reference genome sequence (IWGSC
2018) allowed us to identify 1342 gene models within the eleven QTL hotspots.
Candidate gene mining was performed by searching for DEGs upregulated and
downregulated under drought conditions in different tissues and developmental
stages through in silico analysis at http://www.wheat-expression.com.

Four candidate genes that were upregulated under drought stress have been
previously reported in the literature to be involved in stress resistance. Among

160



Chapter 4

them, in QTL hotspot 1A.1, a defensin protein (TraesCSIA01G013600) was found
to show the highest expression under drought stress. According to Kumar et al.,
(2019), although defensins are mainly involved in antifungal responses, the defensin
gene Ca-AFP from chickpea in transgenic Arabidopsis plants was overexpressed
under drought stress and induced a higher germination rate, root length and plant
biomass. Two gene models enhancing drought and heat stress tolerance were found
in QTL hotspot 2A.2: the gene model TraesCS2A01G550300 encoding a zinc
finger protein, as reported by (Yoon et al.,, 2014) in poplar, and the gene model
TraesCS2A01G552400 encoding a MYB transcription factor, which was described
by Zhao et al., (2018). TaMYB31 from wheat is transcriptionally induced by drought
stress in transgenic Arabidopsis plants (Zhao et al., (2018). Finally, in QTL hotspot
5B.2, a squamosa-binding protein was identified (TraesCS5B01G286000). These
protein families have been found to be involved in several biological processes.
Cao et al, (2019), in expression studies of the Squamosa binding protein from
wheat TaSPL16, found that this gene was highly expressed in young panicles
but expressed at low levels in seeds, in agreement with the expression profile of
TraesCS5B01G286000 found in our study. The ectopic expression of TaSPL16
in Arabidopsis produced a delay in the emergence of vegetative leaves and early
flowering and affected yield-related traits. Other gene models upregulated under
drought stress, as reported in the RNA-seq analysis from Ramirez-Gonzalez et al.,
(2018), such as NADH-quinone oxidoreductase, cytochrome b, histone deacetylase 2,
RNA-binding protein, enoyl-[acyl-carrier-protein] reductase, double stranded RNA
binding protein 3 and histone-lysine N-methyltransferase, have not been related
to drought stress tolerance in the literature, and further experiments are required
to assess their expression under drought stress conditions. On the other side, 46
gene models were shown to be downregulated under drought stress. However, the
decrease in the expression level seems more associated to the breakdown of the
physiological functions due to drought than a causal effect in response to the stress.

6. Conclusions

The use of local landraces in breeding programs is considered a valuable approach
to broadening the genetic variability of crops lost during the breeding process and
improving traits of commercial importance. The results reported in the present
study evidenced the selection for grain yield, HI, NGm?, and GNDVI_PA during
the breeding process. Whereas differentiation among landraces were found for
agronomic and VIs (grain yield, TKW, GNDVI_PA, and GA), in modern cultivars
SPs differentiation weremainly due to GS65, GNDVI, and NDVI_PA. The use of a
statistical approach as the QTL overview index for the definition of QTL hotspots
resulted successful for the identification of consensus genome regions including
most of the stable marker trait associations across years. The results of this study
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will be useful for our wheat breeding program by the selection of the appropriate
genotypes carrying favorable alleles for the differential traits that will be useful for
designing new crosses.

Using n silico approaches allowed gene mining in QTL hotspots, thus facilitating
CG identification.
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1. Introduction

Plants were among the first species selected for the studies that led to the birth
of genetics and during the last century plant breeding provided the basis for the
present levels of food production. However, agriculture will have to meet important
demands in the near future. According to a new United Nations report (https://
www.un.org/en/global-issues/population), the wortld’s population is expected
to increase by 2 billion persons in the next 30 years, from 7.7 billion currently to
9.7 billion in 2050, and could arrive at nearly 11 billion around 2100. With these
numbers, the production of sufficient, safe, and healthy food for an increasing
human population is a huge challenge. To cover the expected food demand of world
population, wheat production needs to raise by 1.7% per year until 2050 (Leegood
et al. 2010). But this production also must meet the need for a reduced impact
of agriculture in a changing environment, the cultivated land will be dramatically
reduced due to the current agricultural management causing a strong soil degradation
and an over-exploitation of natural resources. Thus, plant scientists in the current
century have the objective to increase the crop productivity per unit area, enhancing
sustainability and preserving biodiversity (Colasuonno et al. 2021). Moreover, the
impact of agricultural practices on climate change has redesigned the breeding
paradigm: the new improved varieties must be able to produce with the minimum
environmental effects in an adverse scenario of climate change, which it fits with the
concept of ‘sustainable agricultural ecosystems’ (Royo et al. 2017). In other words,
the genetic adaptation of crops to environmental conditions and not the opposite.

On a climate change scenario, to incorporate resilience in the new varieties is one
of the main issues for the breeding programs. To tackle this objective, exploring the
use of underexploited germplasm, as landraces or wild relatives, is of great interest
to provide new favourable alleles. Enhancing grain yield under rainfed conditions
is being achieved thanks to drought-tolerant and yield-stable germplasm, as well
as through the exploitation of the genetic diversity present in wild wheats and
traditional varieties (Crespo-Herrera et al. 2018). In this regard, the Mediterranean
wheat landraces are considered a powerful pool of genetic resources to improve
the resistance to biotic and abiotic stresses since are considered to hold the largest
genetic variability within the species (Royo et al. 2017). Incorporating novel alleles
associated with tolerance to abiotic stress and resistance to the major diseases of
wheat from this primary gene pool into elite varieties will be essential to prevent the
stagnation of wheat production (De Vita and Taranto 2019). Therefore, identifying
the genotypes showing the extreme phenotypes within the pool of Mediterranean
landraces and the associated markers provide the opportunity for introgressing
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suitable traits in elite cultivars by marker-assisted breeding using the most recent
technologies to speed the process.

Wheat crop models have been used over decades to predict growth and yield as
influenced by the growing environment and agronomic practices, and to identify
desirable traits leading to the specification of crop ideotypes (Gouache et al. 2015;
Ramirez-Villegas et al. 2015; Tao et al. 2017). In recent years, modelling has become
important for supporting plant breeding, in particular in designing ideotypes, for
target environments and future climatic conditions (Semenov et al. 2014). One of
the most significant effects of climate change and global warming trend is phenology
fitting, which supposes the advance of the phenological phases of crops (Rezaei et
al. 2018). Therefore, by modulating the sowing dates and choosing the most suitable
genotypes, it is possible to adapt the crop to develop each growth stage under the
best environmental conditions, especially adjusting flowering time to escape from
terminal drought.

A better understanding of the physiology and genetic basis of drought-adaptive
traits will be necessary to improve drought resistance by genomics approaches. Use
of new breeding technologies to re-design high quality crops for a precise control
of the water regime with the adoption of high-throughput platforms will streamline
the collection of good phenotypic data while increasing the cost-effectiveness of
phenotyping (Tuberosa 2012). Several technologies are already having an impact in
plant breeding: Molecular markers are being used routinely for breeders; sequences
of the main cultivated plants are becoming available, and resequencing of varieties
allows massive genotyping and the discovery and use of complex genetic characters;
methods for phenotyping are also being developed based on image analysis. They
may become useful to follow the state of crops in the field helping farmers to take
decisions. Cost-effective phenotyping will become increasingly strategic for further
dissecting drought-adaptive traits of interest for farming under drought-prone
conditions (Tuberosa 2012). In the last few years, the advances in next-generation
sequencing (NGS) technologies has reduced the costs of DNA sequencing and the
huge availability of sequence data on web databases allow for drastic reductions
in the time required to identify candidate genes models involved in abiotic stress
resistance. Furthermore, the recent progress in genome editing allows the efficient
and precise modification of genes in almost all plant species.

Currently, drought-prone zones account for 15 million ha, considered as
suboptimal conditions for wheat production (Crespo-Herrera et al. 2018). Then,
multiple site trials and the evaluation of elite germplasm in international research
centres have been essential to target these regions (Singh et al. 2007; Braun et al.
2010). Varieties derived from the Green Revolution are available without personal or
corporate intellectual property rights (IPRs), thanks to the exchange of germplasm
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between institutions (Royo et al. 2009). Most of the research developed in the
last decades has been conducted by the public sector, such as the wheat breeding
program at CIMMY'T, which periodically evaluates the production of large collection
of germplasm and the breeding progress in specific environments (Crespo-Herrera
et al. 2018). Besides, superior lines with yield stability across multiple locations must
be tested under the prevailing conditions of each site following local agronomic
practices. In this context, the future of wheat breeding programmes will rely on
international cooperation between multidisciplinary teams with the aim to share the
knowledge acquired in multiple disciplines to meet the challenges of researchers in
the next few decades.

In this context, the research conducted by this PhD Thesis was addressed to
provide scientific knowledge and useful tools that can help in the development
of the next generation of superior bread wheat varieties with resilience to the
increased drought expected in the next decades to occur during grain filling in a
Mediterranean-type environment.

To achieve that goal, a bread wheat germplasm collection, the MEDO6WHEAT
IRTA-panel, composed by 170 landraces from 24 Mediterranean countries and 184
modern varieties cultivated in 19 countries in the region was used. The whole or part
of the panel has been used to address all the objectives of this PhD Thesis. This
panel was selected from a larger collection of landraces and modern cultivars in
order to adjust phenology to an optimal range for performing field trials, and it is the
first time that has been used for research purposes. In the case of objective 3, only
the landraces pool was used to identify and map QTLs controlling traits related to
seminal root architecture. The field trials were conducted under rainfed conditions
for three consecutive growing seasons (2016, 2017 and 2018). Genotyping was
done with 13177 SNPs from the Illumina Infinium 15K Wheat SNP Array at Trait
Genetics GmbH (Gatersleben, Germany).

The first chapter explored the existence of genetic and/or geographic structures
and genetic diversity among wheat landraces from the Mediterranean Basin and
modern cultivars representative of the region, as well as the gene flow between the
subpopulations (SP) identified.

Chapter 2 analysed the seminal root system architecture (RSA) of landraces.
Differences among genetic subpopulations were detected and correlation analysis
among RSA and grain yield under rainfed conditions was performed. Finally, QTL
hotspots for RSA traits were identified and a search for candidate genes within them
was carried out.

Chapter 3 examined the performance of vegetation indices (VIs) obtained at
different dates from two different approaches, a 4-band multispectral camera (Parrot
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Sequoia) on-board an UAV and ground-based RGB images, to assess agronomic
traits of large panels of bread wheat landraces and modern cultivars adapted to
Mediterranean conditions.

Finally, the aim of Chapter 4 was to identify molecular markers linked to
important agronomic traits, VIs and plant features related to drought resistance
assessed by HTP, the definition of the most important QTL hotspots for such traits
and the 77 silico analysis of the underlying candidate genes expressed under different
stress conditions and tissues.

2. Agronomic performance of bread wheat cultivars in a
Mediterranean-type environment

Mediterranean climate is characterized by an irregular pattern of yearly rainfall
distribution, low temperatures in winter that rise sharply in spring and high
temperatures continuing until the end of the summer. The Mediterranean Sea is a
marginal and semi-enclosed sea located on the western side of a large continental
area and surrounded by Europe to the North, Affrica to the South and Asia to the
East. The Mediterranean region is a transitional zone between dry and wet climates,
and in these semiarid areas the direct evaporation from the soil plays an important
role on the surface energy balance, with evapotranspiration strongly dependent on
available soil moisture (Koster et al. 2004; Seneviratne et al. 2010; Taylor 2015).
The climatic trend in the Mediterranean region, analysed during historical periods
(Lionello and Scarascia 2018) and by future climate scenarios (Tramblay et al. 2020)
is towards a decrease in precipitation amounts and occurrence, associated with an
increasing frequency of drought episodes. Soil moisture is considered critical since
it strongly influences agricultural droughts and flood generation processes (Mimeau
et al. 2021). Although the sensitivity of soil moisture to changes in precipitation
and temperature is similar at the different sites, these changes are modulated by
the climate characteristics of the different seasons, with a higher sensitivity of soil
moisture to precipitation intermittence in dryer and warmer regions (Mimeau et al.
2021).

Royo et al. (2014) pointed out the existence of four climatic zones involving
the main wheat-growing areas within the Mediterranean Basin, ranging from warm
and dry conditions in the south to cool and wet in the north. During the dispersal
of wheat along the Mediterranean Basin there was a progressive adaptation of
traditional varieties or local landraces specifically to these climatic zones from east
to west (Royo et al. 2014; Soriano et al. 2010).
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2.1. Adaptive traits of the MED6WHEAT IRTA-panel
subpopulations

The genotypes included in the MED6WHEAT IRTA-panel were representative
of the variability existing in the species in the Mediterranean Basin. Care was taken
to have enough number of genotypes representatives of different drought resistance
capacities, having a balanced number of them with common constitutive traits
between the four climatic zones identified in the Mediterranean Basin for wheat
cultivation (Royo et al. 2014). The study conducted in the first Chapter of this PhD
Thesis showed a clear separation based on historical breeding periods, identifying
two groups of germplasm: landraces and modern cultivars. Significant differences
for agronomic traits between SP highlighted this division, with the modern cultivars
showing higher values of yield and yield components, HI, and biomass (Chapter
4). It can be attributable to the improvement achieved by breeding activities.
Furthermore, differences between landraces and modern cultivars were pointed out
in the study of the estimation of agronomic traits through multispectral and RGB
imagery (Chapter 3), where predictions showed clearly better values in the modern
cultivars. It could be partially due to the different size and structure of the canopy
of both types of germplasm, as landraces were much taller and had a different
canopy architecture, saturating some of the VIs at high LAI values. The level of
admixture within the landrace set was much higher than between the modern
cultivars. The incorporation of alleles from more than one gene pool because of the
spread of wheat from different ancestral populations into landraces explains their
high level of admixture (Oliveira et al. 2012), while the low level between modern
cultivars could be due to the development by breeding programmes of cultivars
with specific adaptation to the local environments and the use of different genetic
resources among breeding pools. Population structure for landraces showed a clearly
geographic pattern and SPs were classified as western (SP1), northern (SP2) and
eastern Mediterranean (SP3) according to the geographical region of the countries
mostly represented in the SP. This classification denoted a migration from the centre
of wheat domestication in the Fertile Crescent to the west of the Mediterranean
Basin, as reported by Moragues et al. (2006) and Soriano et al. (2016) in durum
wheat. Modern cultivars were structured according to the breeding programmes
developing them: France/Italy (SP4), Balkan/eastern European countries (SP5)
and CIMMYT/ICARDA (SPG). Analysis of genetic differentiation and gene flow
indicated that modern cultivars showed higher genetic differentiation, this is lower
gene flow among cultivars from different breeding origins. This result agrees with
the higher admixture in landraces, which indicates higher genetic exchange among
geographic regions.

The results of the study conducted in Chapter 4 added consistent information
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regarding the variability for agronomic traits caused by the different agronomic
performance of wheat landraces and modern cultivars across the Mediterranean
Basin, as described by multiple linear regression.

Landraces from FHastern Mediterranean countries (SP3), which are closer to
the origin of wheat in the Fertile Crescent, demonstrated an adaptation to warmer
and drier environmental conditions showing lower yields, lower number of grains
and lighter grains, but higher number of spikes per unit area according to results
previously reported by Soriano et al. (2018) in durum wheat. A superior number of
tillers and spikes is likely associated to the water used by the crop before flowering in
dry and warm regions as an adaptation mechanism to heat stress (Hiitsch et al. 2019).
These landraces also had the lowest early vigour and biomass among landraces SPs,
which agreed with Royo et al. (2014), who found that genotypes from south-eastern
Mediterranean countries had less biomass, increasing when moving from there to
west and northern Mediterranean regions. On the contrary, north Mediterranean
cultivars (SP2) showed higher yields achieved by an increase in the number of grains
per unit area and grain weight and showed longer cycle till anthesis and lower grain
filling duration. In optimal environments, the grain weight contribution to yield
is enhanced, while in warmer environments the number of spikes becomes more
relevant (Garcia Del Moral et al. 2003; Moragues et al. 2006; Hiitsch et al. 2019).
Moreover, they showed the highest LAI and VIs values after anthesis, which it is
attributed to a canopy that remains green much longer in landraces from northern
Mediterranean countries than in those from southern Mediterranean countries, as
expected from the wetter and colder climate of the Northern countries (Royo et al.
2014). This climate has been associated with a greatest early soil coverage and more
aboveground biomass along the whole cycle length (Royo et al. 2014). Landraces
from western Mediterranean countries, where temperatures are lower than in the
east and more water is available during crop cycle, particularly after anthesis showed
close values of agronomic traits to those from the east, as GFD, HI or the number
of the days from sowing to anthesis. It has been proved that the number of days
from sowing to the main growth stages consistently increases from eastern and
western Mediterranean genotypes to those from the north (Royo et al. 2014), which

results an useful strategy to escape from terminal drought stress (Annicchiarico et
al. 2009).

Among modern cultivars, the main separation was found between SP4 (French/
Italian breeding programmes) and SP6 (CIMMYT/ICARDA germplasm), whereas
cultivars from Balkans (SP5) grouped mostly with SP6. Genotypes with a CIMMY'T/
ICARDA origin reached anthesis eatlier and had the longest GFD than the other two
SPs (Chapter 4), which can help these cultivars from warmer regions to skip heat
stress at the end of flowering and to escape from terminal drought (Annicchiarico
et al. 2009). Cultivars from SP6 clustered separated from the French and Italian
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ones in the bidimensional clustering, probably due to the significative differences
found for phenology between them. Besides, SP4 genotypes showed the highest
values of yield, number of spikes and number of grains per unit area, suggesting
that breeding in France and Italy was in the direction of increasing yield through the
increase of the number of spikes and grains per unit area, whereas the other SPs
showed higher grain weight.

2.2. Root system architecture and its relation to drought stress

The wide morphological plasticity of the root system to different soil conditions
are well known (Christopher et al. 2013; Paez-Garcia et al. 2015). Traits defining root
system architecture (RSA) are critical for wheat adaptation to drought environments
and non-optimal nutritional supply conditions as reported in Sanguineti et al. (2007).
The seminal roots are the first to penetrate the soil and remain functional during the
whole plant cycle (Chochois et al. 2015; Maccaferri et al. 2016), being important for
early vigour and crop establishment in dryland areas (Reynolds and Tuberosa 2008).
Optimization of root features and anatomy will lead to increase water-use efficiency
(WUE) (Wasson et al. 2012). Chapter 2 of the current Thesis studied three RSA
traits and two related traits (shoot length and seed weight) in the set of 170 bread
wheat landraces detecting differences among the genetic subpopulations previously
defined.

The comparison of the mean trait values between the three SPs indicated that
Eastern Mediterranean landraces (SP3) showed the lowest number of roots, the
longest shoot length (SL), the lowest seed weight (SW) and the widest seminal root
angle (SRA). A widest root angle allows them to cover a larger soil area and be more
efficient in water uptake than landraces that originated in wetter areas, which agreed
with results for RSA in durum wheat obtained by Rosell6 et al. (2019). On the
contrary, Northern Mediterranean cultivars (SP2) from countries characterized by
higher rainfall and lower temperatures showed a narrower SRA and a higher number
of roots when comparing with Eastern Mediterranean cultivars (SP3). Landraces in
SP2 with a narrow SRA showed the highest values of grain weight among landrace
SPs, as well as number of grains per unit area (Chapter 4), indicating that the higher
yields in well-watered environmental conditions are achieved by an increase in the
number of grains per unit area and grain weight. It has been proved a positive
correlation between the number of seminal roots and grain yield (Cane et al. 2014),
which was ascribed to the fact that a higher number of seminal roots provide greater
early vigour enhancing water uptake (Blum 1996; Richards 2006, 2008; Reynolds
and Tuberosa 2008).
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3. Genome based approaches for wheat breeding

The present work focuses on the assessment of agronomic, vegetation indices
(VIs)-related and root-related traits in Mediterranean-Type Environment and the
identification of genomic regions regulating them using a genome-wide association
approach (GWAS). The use of GWAS has become in the last years a common
approach to identify molecular markers linked to drought and heat stress resistance
in durum and bread wheat (Maccaferri et al. 2016; Valluru et al. 2017), as well as to
narrow down the genome regions for candidate gene (CGs) identification due to
the release of genome sequences of different wheat species, emmer wheat (Avni et
al. 2017), bread wheat IWGSC, 2018) and durum wheat (Maccaferri et al. 2019). In
this thesis only the bread wheat genome sequence has been used to identify genomic
regions associated with the analysed traits in Chapters 2 and 4. The comparison
among the different traits opens the possibility of detecting QTLs with pleiotropic
effects in future studies and will be of special interest for the identification of
alleles to be introgressed in the breeding programmes. Among the QTL hotspots
showed in Figure 1, 48% of VIs hotspots were located in common region with QTL

Figure 1. QTL hotspots for VIs traits (blue), agronomic traits (green) and RSA traits (orange).
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hotspots for other traits (agronomic and root-related), 75% of the hotspots for
agronomic traits shared genomic position with VIs and RSA hotspots, whereas 80%
of the latest did it with VIs and agronomic QTL hotspots. This result indicates the
possibility of pleiotropic effects of the genes controlling traits related to drought
stress and agronomic performance.

The set of 170 bread wheat landraces was used in Chapter 2 to identify
molecular markers associated with the RSA and related traits, as well as grain yield.
The identification of genotypes showing extreme phenotypes within the pool of
Mediterranean landraces and associated markers provides the opportunity for
introgressing suitable traits in elite cultivars. In this Chapter, a total of 135 MTAs
were identified using a common threshold of -log10 P>3. To simplify and integrate
closely linked MTAs in a consensus region, 15 QTL hotspots were detected based
on the results of LD decay reported in Chapter 1, which were used to define the
confidence intervals (CI) for the QTL hotspots. From them, only 4 shared genome
regions with other studies reporting associations for root-related traits, thus
suggesting the importance of wheat Mediterranean landraces for the identification
of new loci controlling these traits. Comparing the results with the meta-QTL
analysis performed by Soriano and Alvaro (2019) only rootQTL6A.3 was in the
same region of a previously mapped meta-QTL, the RootMQTL74.

In Chapter 4, a GWAS was conducted on the whole germplasm collection of
the MEDO6WHEAT IRTA-panel identifying molecular markers associated with
agronomic and remotely sensed vegetation indices (VIs)—related traits under rainfed
conditions. A total number of 2579 MTAs were identified using a common threshold
of -log10 P>3, and as previously described in Chapter 2, 11 QTL hotspots grouping
295 MTAs were detected. In this case a different approach was used. The QTL
overview index, defined by Chardon et al. (2004) to discover meta-QTLs, was used.
ClIs were calculated according to the LD decay, but hotspots were defined by the
density of MTAs for each cM of the genetic map. Seven of the eleven QTL hotspots
had been described previously in the literature when compared with other GWAS
analyses and QTL meta-analysis. In addition, Gao et al. (2015) found three QTLs
for TKW, chlorophyll content and NDVI in a common region with the hotspot
QTL5B.2, which controls agronomic traits (grain yield, HI and grain weight) and
VIs-related traits (MSAVI, RDVI and TCARI/OSAVI). The complexity and highly
quantitative nature of grain yield is confirmed based on its presence in most of the
QTL hotspots (10 out of 11). All the VIs involved in the QTL hotspots were found
before anthesis. It was in agreement with the results found for VI assessment of
agronomic traits in Chapter 3, which concluded that vegetation indices perform
better at high ILAI values, which under Mediterranean conditions are maximum at
booting stage (Aparicio et al. 2000; Royo et al. 2004).
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4. In silico identification of candidate genes involved in stress
resistance

The release of genome sequence for bread wheat (IWGSC 2018) has made
possible the identification of gene models or CG within QTL intervals putatively
involved in drought and agronomic performance without carrying new functional
studies. Thus, the physical position of the markers flanking the QTL hotspots

CIs was searched on the reference sequence and the annotated gene models were
identified.

In Chapter 2, 1489 gene models were identified within the 15 QTL hotspots, but
only 31 of them involved in plant development and abiotic stress were selected. A
deeper analysis was carried out in Chapter 4 through the web-based tool developed
by Ramirez-Gonzalez et al. (2018), http://www.wheat-expression.com/. Search for
differentially expressed genes (DEG) upregulated under abiotic stress conditions was
carried out detecting 12 CGs in 6 QTL hotspots. Common gene models in Chapter
2 and 4 were found. Among them, zinc finger protein and MYB transcription
factors, which have been found in a high number of QTL hotspots. Zinc finger
proteins are involved in several processes, such as regulation of plant growth and
development, and response to abiotic stresses (Chang et al. 2016). Moreover, zinc
finger protein-like 1 in QTL2A.2 (Chapter 4), although it was expressed in most of
the plant tissues, it showed the highest expression in roots. MYB transcription factors
are involved in salt and drought stress adaptation in wheat and their expression in
roots is strongly associated to responses to abiotic stresses (Lee et al. 2007). In our
study, this type of genes has been found mainly expressed in the spike. The CG
analysis conducted in Chapter 4 also detected a defensin protein which showed
the highest expression among the rest of CGs under drought stress. According
to Kumar et al. (2019) these proteins induced higher germination rate, root length
and plant biomass in transgenic Arabidopsis plants under drought stress. Although
these findings supported the involvement of CGs in drought stress response, new
functional studies in the germplasm used in this PhD thesis should be performed
for gene validation.
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Conclusions

1.

The structure for landraces showed a geographical pattern with different levels
of admixture, mainly justified by physical distances between the regions where
they were collected, whereas the structure for modern cultivars pointed out
differences and similarities between the genetic pools handled by the breeding
programs from each region.

. Differentiation of modern cultivar SPs was higher than landrace SPs, indicating

a lower level of gene exchange among different breeding programs. The highest
gene exchange was reported between northern Mediterranean landraces and
modern cultivars released by French and Italian breeding programs, indicating
the presence of the genetic background of landraces in the improved modern
varieties.

. The structure and gene flow of landraces suggested a migration from the centre

of wheat domestication in the Fertile Crescent to the west of the Mediterranean
Basin. The level of admixture was higher in western Mediterranean landraces
maybe due to the incorporation and fixation of favourable alleles from eastern
and northern genetic pools during the migration course.

. Bastern Mediterranean landraces showed the widest seminal root angle, the

lowest seed weight, the longest shoot length, and the lowest number of roots.

. GWAS performed in the landraces set identified 135 marker-trait associations

for root related traits, which were grouped in 15 QTL hozspots. From them, 11
corresponded to genome regions not previously reported, and 5 shared common
positions with Jozspots for grain yield, thus suggesting a pleiotropic effect among
root related traits and grain yield.

. The modified triangular vegetation index (MTVI2) proved to have a good

accuracy to estimate LAT since it was more sensitive to chlorophyll variations
and was better than other VIs mitigating the saturation effect in wheat.

. The assessment of biophysical parameters earlier during the growing season

could improve the accuracy of LLAI estimates through remote sensing imagery,
particularly when values are low.

. Yield predictions can be obtained through VIs calculated from both UAV

multispectral and ground-based RGB images, being the R* values of the latter
higher.

. NDVI and GNDVI were the VIs mostly present in the prediction equations

of the whole collection obtained through UAV multispectral imagery. The
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RGB indices GA, GGA, a*, and u* have been proven to be more suitable for
predicting yield due to their capacity to calculate a combination of physiological
components related to biomass.

Multiple linear regression between trait variation and population structure
among landraces and modern cultivars pointed out the selection for grain yield,
HI, NGm? and GNDVI_PA during the breeding process. Differentiation among
landraces was mainly for grain yield, TKW, GNDVI_PA and GA, and among
modern cultivars GS65, GNDVI and NDVI_PA.

GWAS for agronomic performance and VIs identified 2579 MTAs. The use of
the QTL overview index for the definition of QTL hozspots was successful for

the identification of 11 consensus genomic regions including most of the stable
MTAs.

Gene annotation of reference genome sequence allowed the identification of
1342 gene models within QTL hotspots. Candidate gene mining using 7 silico
transcriptomic data allowed the identification of differentially expressed genes
(DEGsS) upregulated and downregulated under drought conditions in different
tissues and developmental stages.



Conclusions

Conclusions

1. L’estructura de les varietats tradicionals va mostrar un patré geografic amb
diferents nivells de barreja, justificat principalment per distancies fisiques entre
les regions on van ser recol-lectades, mentre que l'estructura de les varietats
modernes va destacar les diferencies i semblances entre I'acerb genctic dels
programes de millora genética de cada regio.

2. Ladiferenciaci6 de les subpoblacions de les varietats modernes va ser més elevada
que les de les varietats tradicionals, indicant un menor nivell d’intercanvi genetic
entre els diferents programes de millora. El major intercanvi genctic es va donar
entre les varietats tradicionals Nord-Mediterranies i les varietats modernes dels
programes de millora francesos 1 italians, indicant IGs de les varietats tradicionals
en el desenvolupament de les noves varietats.

3. L’estructura i intercanvi genetic de les varietats tradicionals van suggerir una
migracio del centre de la domesticacié del blat en el Creixent Fertil cap a 'oest de
la conca Mediterrania. El nivell de barreja va ser major en les varietats tradicionals
de loest del Mediterrani, probablement per la incorporacié i fixacié d’al-lels
favorables provinents de grups genetics de I’est i del nord durant el transcurs de
la migracié.

4. Les varietats tradicionals Est-Mediterranies van mostrar 'angle seminal radicular
més ample, el menor pes de llavor, la major longitud de tija i el menor nombre
d’arrels.

5. D’analisi GWAS realitzat a les varietats tradicionals va identificar 135 associacions
pels caracters radiculars, que van ser agrupades en 15 QTL hozspots. Entre ells, 11
van correspondre a regions del genoma que no s’havien descrit anteriormenti 5
van compartir posicions comunes amb Jotspots pel rendiment, indicant un efecte

pleiotropic entre ambdos tipus de caracters.

6. ’index de vegetaci6 triangular modificat (MTVI2) va demostrar una bona
precisio per estimar el LAI ja que va ser més sensible a les variacions del contingut
de clorofil-la i va ser millor que altres indexs de vegetacié mitigant 'efecte de
saturaci6 en blat.

7. La mesura dels parametres biofisics en etapes primerenques durant el cicle de
cultiu pot millorar la precisié de les estimacions del LAl a través de la teledeteccio,
sobretot quan els valors sén baixos.

8. Les prediccions del rendiment poden ser obtingudes mitjancant indexs de
vegetacié calculats a través d’imatges multiespectrals obtingudes amb cameres
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disposades en drons 1 d’imatges RGB a través de cameres convencionals a terra,
obtenint millors resultats de valors R* amb les darreres.

9. Els indexs NDVIi GNDVI van ser els més presents en les equacions de prediccio

10.

11.

12.
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de tota la col'lecci6 obtingudes a través de les imatges multiespectrals del dron.
Els indexs GA, GGA, a* i u* de les imatges RGB van demostrar ser més eficagos
per predir rendiment degut a la seva capacitat per calcular una combinacié de
components fisiologics relacionats amb la biomassa.

L’analisi de regressié multiple entre la variabilitat d’un caracter i 'estructura de la
poblaci6 entre les varietats tradicionals 1 entre les varietats modernes va mostrar
que la millora s’ha dirigit cap a 'increment del rendiment, HI, NGm?i GNDVI_
PA. La diferenciacio entre les varietats tradicionals es va donar, principalment, en
rendiment, TKW, GNDVI_PA 1 GA, mentre que entre les varietats modernes va
ser en GS65, GNDVI i NDVI_PA.

I’analisi GWAS per les variables agronomiques i pels indexs de vegetacié va
identificar 2579 associacions. L’as de I'index ‘QTL overview’ per la definicié dels
QTL hotspots va ser eficag per la identificacié d’11 regions genomiques consens
que van incloure la majoria de les associacions estables.

L’anotaci6 de la sequiencia del genoma de referencia va permetre la identificacié
de 1342 models genics entre els diferents QTL hozspots. La tipificacié de gens
candidats utilitzant dades transcriptomiques zz siico va permetre identificar
differentially expressed genes DEGs) sobreexpressats 1 infraexpressats en condicions
de sequera en diferents teixits i estadis de desenvolupament.



Conclusions

Conclusiones

1. La estructura de las variedades tradicionales mostré un patrén geografico con
diferentes niveles de mezcla, justificado principalmente por distancias fisicas
entre las regiones donde fueron recolectadas, mientras que la estructura de las
variedades modernas destaco las diferencias y similitudes entre el acervo genético
de los programas de mejora genética de cada region.

2. La diferenciacién de las subpoblaciones de las variedades modernas fue mas
elevada que la de las variedades tradicionales, indicando un menor nivel de
intercambio genético entre los diferentes programas de mejora. El mayor flujo
génico se dio entre las variedades tradicionales del Norte del Mediterraneo y las
variedades modernas de los programas de mejora franceses e italianos, sefialando
el uso de las variedades tradicionales en el desarrollo de nuevas variedades.

3. La estructura y el intercambio genético de las variedades tradicionales denotaron
una migracién desde el centro de domesticacion del trigo en el Creciente Fértil
hacia el oeste de la cuenca Mediterranea. El nivel de mezcla fue mayor en las
variedades tradicionales del oeste del Mediterraneo, probablemente por la
incorporaciény fijacion de alelos favorables provenientes de los grupos genéticos
del este y del norte durante el proceso de migracion.

4. Las variedades tradicionales del este del Mediterraneo mostraron el angulo
seminal radicular mas ancho, el menor peso de semilla, la mayor longitud de tallo
y el menor numero de raices.

5. El analisis GWAS realizado en las variedades tradicionales identificé 153
asociaciones para los caracteres radiculares, que fueron agrupadas en 15 QTL
hotspots. Entre ellos, 11 correspondieron a regiones del genoma que no se habian
descrito anteriormente y 5 compartieron posiciones comunes con hofspots para
rendimiento, indicando un efecto pleiotrépico entre ambos tipos de caracteres.

6. El indice de vegetacion triangular modificado (MTVI2) demostré una buena
precision para estimar el LAI ya que fue mas sensible a las variaciones del
contenido de clorofila y fue mejor que otros indices de vegetacion mitigando el
efecto de saturacion en trigo.

7. La medicion de los parametros biofisicos en etapas tempranas durante el ciclo
de cultivo puede mejorar la precision de las estimaciones del LAI a través de la
teledeteccion, sobre todo cuando los valores son bajos.

8. Las predicciones del rendimiento pueden ser obtenidas mediante indices de
vegetacion calculados a través de imdagenes multiespectrales obtenidas con
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camaras en drones e imagenes RGB a través de camaras convencionales en
tierra, obteniendo mejores resultados de valores R* con las dltimas.

9. Los indices NDVI y GNDVI fueron los mas presentes en las ecuaciones de

10.

11.

12.
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prediccion de toda la coleccion obtenidas a través de las imagenes multiespectrales
del dron. Los indices GA, GGA, a* y u* de las imagenes RGB demostraron ser
mas eficaces para predecir rendimiento debido a su capacidad para calcular una
combinaciéon de componentes fisiologicos relacionados con la biomasa.

El analisis de regresion multiple entre la variabilidad de un caracter y la estructura
de la poblacion entre las variedades tradicionales y entre las variedades modernas
mostraron que la mejora se ha dirigido hacia un incremento en el rendimiento,
HI, NGm?y GNDVI_PA. La diferenciacién entre las variedades tradicionales se
dio, principalmente, en rendimiento, TKW, GNDVI_PA y GA, mientras que en
las variedades modernas fue en GS65, GNDVI y NDVI_PA.

El GWAS para las variables agronémicas y para los indices de vegetacion
identificé 2579 asociaciones. El uso del indice ‘QTL overview’ para la definicion
de los QTL hotspots tue eficaz para la identificacion de 11 regiones gendmicas
consenso que incluyé la mayoria de las asociaciones estables.

La anotacién de la secuencia del genoma de referencia permitio la identificacién
de 1342 modelos génicos entre los diferentes QTL hotspots. La tipificacion de
genes candidato utilizando datos transcriptomicos 7 sifico permitié identificar
differentially - expressed genes (DEGs) sobreexpresados e infraexpresados en
condiciones de sequia en diferentes tejidos y estadios de desarrollo.
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Table 1. List of Landrace accesions used in the PhD Thesis. SP, subpopulation.

Accession Country SP GenBank' Accession N°
TRI 1667 Albania SP2 IPK TRI 1667
TRI 2100 Albania SP2 IPK TRI 2100
TRI 1671 Albania SP2 IPK TRI 1671
TRI 1313 Bulgaria SP2 IPK TRI 1313
TRI 7819 Bulgaria SP2 IPK TRI 7819
TRI 7821 Bulgaria SP2 IPK TRI 7821
408-1V/61 Bosnia & SpP2 NSGC NSGC345409

Herzegovina
Moriborska ~ Bosnia & SP2 VIR 22915
Herzegovina
Ranka Bosnia & Sp2 VIR 38937
Herzegovina
TRI 10515 Cyprus Admixed  IPK TRI 10515
TRI 10526 Cyprus SP3 IPK TRI 10526
TRI 10561 Cyprus Admixed  IPK TRI 10561
TRI 10590 Cyprus SP1 IPK TRI 10590
TRI 10531 Cyprus SP3 IPK TRI 10531
Ali Ben Argelia SP3 NSGC NSGC48592
Makhloul
Khalof Argelia SP3 NSGC NSGC67492
Mahon De-  Argelia SP1 NSGC NSGC263419
mias
MG 17956 Argelia SP3 NSGC NSGC470815
MG 17999 Argelia SP2 NSGC NSGC470851
MG 18006 Argelia Sp2 NSGC NSGC470857
MG 18013 Argelia SP1 NSGC NSGC470864
MG 18036 Argelia SP1 NSGC NSGC470884
MG 18049 Argelia SP1 NSGC NSGC470895
Bahatane Argelia SP3 CGN CGNO06035
Krelof - A Argelia SP2 CGN CGN11452
Ble' du Argelia SP1 VIR 16152

dahra-baal
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Accession Country SP GenBank' Accession N°
Mahon 7295  Argelia SP1 ISC T8801887
Sachah Egypt SP2 CGN CGNO06369
Gibson Egypt SP3 VIR 21198
Hauch Egypt SP3 VIR 20204
Hindiffino Egypt Admixed VIR 21979
crible
Hindiffino Egypt SP3 VIR 21982
non crible
Mokhtar Egypt SP1 VIR 46124
Hindi 62 Egypt SP3 ISC T8801285
Bladette de France SP2 NSGC NSGC191706
Besplas
Ble Blancde  France SP2 NSGC NSGC48199
la Reole
Mars Rouge  France Sp2 NSGC NSGC192398
Sans Barbe
Touzelle Belle France SP1 NSGC NSGC191709
Abec
Touzelle Blan- France SP2 NSGC NSGC185381
che Barbu
Touzelle Ori-  France Admixed  NSGC NSGC191708
ginario
Touzelle Rou- France Admixed  NSGC NSGC184599
ge de Proven-
ce
Bladette de France SP2 CGN CGNO05384
puylaurens
Mouton aepi  France SP2 CGN CGNO05580
rouge
Saisette France Admixed  CGN CGNO05661
TRI 14046 France SP2 IPK TRI 14046
TRI 17938 France SpP2 IPK TRI 17938
TRI 1425 Greece SP2 IPK TRI 1425
TRI 1686 Greece SP1 IPK TRI 1686
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Accession Country SP GenBank' Accession N°

TRI 17989 Greece Admixed  IPK TRI 17989
TRI 2060 Greece SP1 IPK TRI 2060
TRI 2071 Greece Admixed IPK TRI 2071
TRI 2129 Greece SP2 IPK TRI 2129
986 Croatia SP2 NSGC NSGC264963
Croatia 3 Croatia SP2 NSGC NSGC11225
Croatia 6 Croatia SP2 NSGC NSGC11228
Umarah Iraq SP1 CGN CGNO06462
TRI 15277 Iraq SP3 IPK TRI 15277
TRI 15292 Iraq SP3 IPK TRI 15292
TRI 16079 Iraq SP3 IPK TRI 16079
TRI 16084 Iraq SP2 IPK TRI 16084
TRI 11548 Iraq SP3 IPK TRI 11548
TRI 16080 Iraq SP3 IPK TRI 16080
TRI 11528 Iraq SP3 IPK TRI 11528
TRI 16063 Iraq SP3 IPK TRI 16063
TRI 8358 Iraq SP3 IPK TRI 8358
CGNO06182 Israel SP1 CGN CGNO06182
CGNO06204 Israel SP1 CGN CGNO06204
CGNO04191 Israel Admixed  CGN CGNO04191
Palestinskaya Israel Admixed VIR 15818
17310 Israel SP1 VIR 17310
Cappellina Italy SP2 IPK TRI 13007
TRI 15321 Italy SP1 IPK TRI 15321
TRI 14055 Italy SP2 IPK TRI 14055
TRI 15226 Italy Admixed IPK TRI 15226
TRI 16900 Italy SP2 IPK TRI 16900
TRI 16895 Italy SP3 IPK TRI 16895
TRI 14842 Italy SP1 IPK TRI 14842
Solina Italy SP2 IPK TRI 13424
TRI 15219 Italy Admixed  IPK TRI 15219

TRI 14173 Italy SP2 IPK TRI 14173
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Accession Country SP GenBank' Accession N°

TRI 16516 Italy SP2 IPK TRI 16516
Cappelli Italy SP1 IPK TRI 16574

25 Jordan SP3 NSGC NSGC420932
Dorziyeh Jordan SP3 NSGC NSGC283147
Karak - B

SY 271 Jordan Admixed  NSGC NSGC487289
17411 Jordan SP1 VIR 17411
Beyrouth 11~ Lebanon SP3 NSGC NSGC278531
Beyrouth 3 Lebanon SP2 NSGC NSGC278533
Salamouni Lebanon SP3 NSGC NSGC182673
TRI 17974 Libya Admixed  IPK TRI 17974
TRI 14643 Libya SP3 IPK TRI 14643
TRI 14668 Libya SP3 IPK TRI 14668
Canivano Morocco SP1 CGN CGN06294
Fez 2 Morocco SP1 CGN CGNO06049
Recio Morocco SP1 CGN CGN06292
CGNO04157 Morocco Admixed CGN CGNO04157
-A

CGNO04158 Morocco SP1 CGN CGNO04158
CGN06246 Morocco SP1 CGN CGN06246
CGN06247 Morocco SP1 CGN CGN06247
CGNO06248 Morocco SP1 CGN CGNO06248
CGNO06252 Morocco SP1 CGN CGN06252
CGNO06255 Morocco SP1 CGN CGN06255
CGN06260 Morocco Admixed  CGN CGN06260
CGN06264 Morocco SP1 CGN CGN06264
CGN06266 Morocco Admixed CGN CGN06266
CGN06269 Morocco SP1 CGN CGNO06269
CGNO06271 Morocco Admixed CGN CGN06271
CGN06284 Morocco Admixed CGN CGN06284
CGN06297 Morocco SP1 CGN CGNO06297
TRI 18287 Morocco SP1 IPK TRI 18287

TRI 18291 Morocco SP1 IPK TRI 18291
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Accession Country SP GenBank' Accession N°
TRI 18308 Morocco SP1 IPK TRI 18308
309-VII/33 Makedonia SpP2 NSGC NSGC345309
340-VII1/45 Makedonia SP2 NSGC NSGC345340
VII/1-B Makedonia SP2 NSGC NSGC362589
Stara bela Makedonia SP2 CGN CGN04172
Magueija Portugal Sp2 CRF BGE012669
Santareno Portugal Sp2 CRF BGE011900
Temporao de  Portugal SP2 CRF BGE012846
coruche
Tremes bran-  Portugal SP1 CRF BGE012703
co
Bistra Romania SP2 Suceava SVGB5538
Pades Romania SP2 Suceava SVGB7916
Solonetu nou Romania SP2 Suceava SVGB14976
SVGB10195  Romania SP2 Suceava SVGB10195
Raton de Be-  Spain SP1 CRF BGE011825
lalcazar
Cabezorro Spain SP1 CRF BGE011882
Negrete de Spain Sp2 CRF BGE012132
Canaveras
Pelon blanco ~ Spain Admixed  CRF BGE012196
Chamorro de  Spain SP2 CRF BGE012205
Villadiego
Blat petitde ~ Spain SP1 CRF BGE012870
Olot
Candeal Spain Sp2 CRF BGE012392
Isla de Fuerte- Spain SP2 CRF BGE013760
ventura
Hembrillade Spain Sp2 CRF BGE018232
Jerga
Extremo Sur  Spain SP2 CGN CGNO05749
Argelino
Xeixa Tarra-  Spain SP1 CRF BGE018242

gona
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Accession Country SP GenBank' Accession N°
41-11/4-B Serbia SP2 NSGC NSGC345043
Crvenica Serbia SP2 NSGC NSGC184168
Piskulja Serbia Sp2 NSGC NSGC184188
Legan bez Serbia SP2 VIR 38803
osja
401 Syria SP1 NSGC NSGC94569
Aleppo 21 Syria Admixed  NSGC NSGC278540
Aleppo 28 Syria SP3 NSGC NSGC278545
Aleppo 32 Syria SP3 NSGC NSGC278547
Aleppo 33 Syria SP3 NSGC NSGC278548
Damaskus 12 Syria SP3 NSGC NSGC278537
Damaskus 8  Syria SP1 NSGC NSGC278536
K1140 Syria Admixed NSGC NSGC253959
Kaundouhari Syria SP3 NSGC NSGC182711
TRI 8375 Syria SP1 IPK TRI 8375
Salamuni - A Syria Admixed VIR 17172
Allorca Tunisia Sp2 CGN CGNO05358
Sbei noir Tunisia SP1 CGN CGNO06378
TRI 17006 Tunisia SP3 IPK TRI 17006
TRI 17002 Tunisia Admixed IPK TRI 17002
Florence 193  Tunisia SP2 ISC T8800968
763 Turkey Admixed  NSGC NSGC119302
1170 Turkey Admixed  NSGC NSGC119309
811 (B) Turkey SP3 NSGC NSGC119305
1552 Turkey SP2 NSGC NSGC119325
2103 Turkey SP3 NSGC NSGC119348
2933 Turkey SP3 NSGC NSGC119366
2936 Turkey SP3 NSGC NSGC119369
Edirne Turkey SP3 NSGC NSGC111244
Gemir - B Turkey SP3 NSGC NSGC166257
Kirmizi kiluk  Turkey SP3 NSGC NSGC165149
-A
Ormece Turkey SP3 NSGC NSGC166545
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Accession Country SP GenBank' Accession N°
Saribasak Turkey SP3 NSGC NSGC165146
T-317 Turkey SP2 NSGC NSGC109368
Yazlik Turkey SP3 NSGC NSGC165115
Yumusak Turkey SP3 NSGC NSGC165160

'CGN: Wageningen, The Netherlands; CRF, Madrid, Spain; IPK: Gatersleben, Germany; ISC: San
Angelo Lodigiano, Italy; NSGC: Aberdeen, ID, USA; Suceava GenBank: Suceava, Romania; VIR, St.

Petersburg, Russia.
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Table 2. List of Modern accesions used in the PhD Thesis. SP, subpopulation.

Cultivar Country SP Pedigree!

Takhar 96 Afghanistan  SP6 veery-7/opata-m-85

Ain abid Algeria Admixed

Adelaide Canada Admixed

Misir-2 Egypt SP6 super-kauz/baviacora-92

Misir-1 Egypt SP6 oasis-86/super-kauz//4*bacano-
ra-88/3/2*pastor

Gemmeiza-10  Egypt SP6 "maya-74/olesen//1160-
47/3/bluebird/g11/4/chat/5/
crow

Sakha-69 Egypt SP6 inia-f-66/r1-4220//siete-ce-
rros-t-66/yaqui-50

Sids-12 Egypt SP6 "buckbuck//siete-cerros-66/alon-
dra/5/maya-
74/olesen//1160.147/3/bluebird/
gallo/4/chat/6/maya-
74/vulture//cmh-74-a-63014/
super-x"

Gemmeiza-11  Egypt SP6 "bobwhite/kvs//siete-cerros-66/
seri-82/3/giza-
168/sakha-61"

Sahel-1 Egypt SP6 ns-732/pima/veery

Sids 1 Egypt SP6 hd-2172/pavon//1158-57/maya-
74

Adagio France SP4

Candelo France SP4

Aviso France SP4 moisson/topaze

Belsito France SP4

Innov France SP4 ordeal/sideral

Andalou France SP4

Fiorenzo France SP4 rabd-88-13/virlor

Sensas France SP4 s-0179/s-32203

Adhoc France SP4

Charles peguy  France SP4 thatcher/vilmorin-27//ariana
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Cultivar Country SP Pedigree'
Trocadero France SP4 baroudeur/bercy
Astral France SP4 fortunato/yga/3/florence/auro-

re//g-4
Aerobic France SP4
Bramante France SP4 victo/soissons
Soissons France SP4 iena(jena)/(hybride-naturel)
hn-35
Isengrain France SP4 apollo,deu/soissons
Soberbio France SP4
Cipres France SP4
Bologna France SP4 h-89092/h-89136//soissons
Avelino France SP4
Viriato France SP4
Nogal France Admixed norrona/gasser
Premio France SP4
Diamento France SP4
Rgt Somontano France SP4
Lazaro France SP4
Altamira France SP4 96248/isengrain
Andino France SP4
Arezzo France SP4
Solehio France SP4 isengrain/ornicar
Mecano France SP4
Guadalete France SP6
Bonpain France SP6 prinqual/cornette
Equilibre France SP4
Soledad France SP4
Tremie France SP4 s-32/moulin
Bastide France SP4 fertil/arche
Aubusson France SP4 tremie/91-b-294
Garcia France SP4
Kumberri France SP4
Akim France SP4
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Cultivar Country SP Pedigree'
Camargo France SP4
Exotic France SP4 etecho/vivant
CCB Ingenio France SP4
Bueno France SP4
Sublim France SP4
Alhambra France SP4
Bandera France SP4
Inoui France SP4 charly/victo
SY Moisson France SP4 cappelle-desprez//hybride-80-3/
etoile-de-choisy
Rafty France SP4
Aguila France SP4
Rodrigo France SP4 aztec/legion
Sollario France SP4
Alpino France SP4
Galpino France SP4
Carles France SP4
Sorrial France SP4
Royssac France SP4
Rimbaud France SP4
Rvalo France SP4
Sobbel France SP4
Sofru France SP4
Apache France SP4 axial/nrpb-84-4233
Illico France SP4 ormil/apache
Galopin France SP4
Sobred France SP4
Sokal France SP4
Cezanne France SP4 thesee/87-b-29
Craklin France SP4 87-b-15/d-136
Paledor France SP4
Botticelli France SP4 perico/95-b-343
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Cultivar Country SP Pedigree'

Eureka France SP4 "mironovskaya-808/maris-hunts-
man/3/vpm-
1/moisson(r-1-5-2)//courtot”

MV Emese Hungary SP5 mv-ma/mv-12//f-2098-w-2-21

Masaccio Italy SP4 oratorio/genio

Zanzibar Italy SP4 frelon/61601//capnor/parador

Palesio Italy SP4 pandas/recital

Toskani Italy SP4

Trofeo Italy Admixed bolero/mieti

Anapo Italy SP6 eg-52/bel-118

Andana Italy SP4 unknown/eridano

Anforeta Italy SP6 eg-83/bel-118

Arabia Italy SP4 guadalupe/tibet

Carisma Italy Admixed d-29/f-65

Agape Italy SP4 serio/tremie

Antille Italy SP4

Tiepolo Italy SP4 oracle/calodine

Abate Italy SP4 eg-52/eridano

Arz Lebanon SP6 "mayo-54-e/lerma-rojo-64//ta-
cuari/3/lerma-rojo-
64//tezanos-pintos-precoz/ya-
qui-54"

Olga Makedonia ~ SP5

Balkania Makedonia ~ SP5

Slete cerros Mexico SP6

Marchouch 8 Morocco SP6

Aguilal Morocco SP6 sais*2/ks-85241-14

Achtar Morocco SP6 hork/yambhill//kalyansona/blue-
bird

Nesma Morocco SP6

Arrehane Morocco SP6

KG100 Serbia SP5

PKB Arena Serbia SP5
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Cultivar Country SP Pedigree'

Ana Morava Serbia SP5 morava/una

PKB Lepoklasa  Serbia SP5

PKB Ratarica Serbia SP5

Zvezdana Serbia SP5 ns-63-27//stamena/ns-rana-5

PKB Vizeljka Serbia SP5

Simonida Serbia SP5 ns-63-25//rodna/ns-3288

BG Merkur Serbia SP5

BG Carica Serbia SP5

PLB Talas Serbia SP5

BG Vitka Serbia SP5

Vizija Serbia SP5 kozara/skopjanka

PKB Mlinarka  Serbia SP5

Zlatna Serbia SP5 jasenica/rodna

Aleksandra Serbia SP5

Planeta Serbia SP5 fillo-9/yazi-6//rabudo-1/shag-14

Pobeda Serbia SP5 sremica/balkan

Aurelia Serbia SP5

Zemunska rosa  Serbia SP5 skopljanka/proteinka

Renesansa Serbia SP5 yugoslavia/ns-55-25

Kruna Serbia Admixed

NS 408 Serbia SP4

Chambo Spain SP4

08THES2162  Spain SP6

Vejer Spain SP6

Antequera Spain SP6

Conil Spain SP6 croc-1/(205)tr.ta//borl-
aug-m-95/3/2*milan

Marchena Spain SP6 croc-1/(205)tr.ta//borl-
aug-m-95/3/2*milan

Tejada Spain SP6 chilero/parula//baviacora-92/3/
milan/kauz

Babui Spain SP6

Catedral Spain SP6
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Cultivar Country SP Pedigree'

Eneas Spain SP6

Califa sur Spain SP6

Cartaya Spain SP6 kavkaz/buho//kalyansona/blue-
bird

Escacena Spain SP6 seri-82/rayon-89

Jerezano Spain SP6 thornbird//maya-74/nacoza-
ri-76/3/rabe/4/milan

Galeon Spain SP6

Kilopondio Spain SP6

Trebujena Spain SP6 shearwater/yavaros

Victorino Spain SP6

Alcala Spain SP6

Rinconada Spain SP6

Yecora Spain SP6 ciano-67//sonora-64/klein-rendi-
dor/3/ii-8156

Cielo Spain SP6

Gazul Spain SP6

Galera Spain SP6

Mapeina Spain SP6 tr-353/betres//alcotan/3/rincona-
da/4/3*betres

Marca Spain SP6

Anza Spain SP6 lerma-rojo-64//norin-10/bre-
vor/3/3*andes-enano

Odiel Spain SP6 br-5237/cavalier

Trimax Spain SP6

Algido Spain Admixed

Artur Nick Spain SP6

Mulhacen Spain SP6

Platero Spain SP6

Adalid Spain Admixed

Dollar Spain SP6

Montcada Spain Admixed

Montserrat Spain Admixed damiano/montjuich
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Cultivar Country SP Pedigree'

Idalgo Spain SP4

Santoyo Spain/France SP4

Debeira Sudan SP6 "hd-2160/5/tobari-66/ciano-67//
bluebird/3/nainari-
60*2//tom-thumb/sonora-64/4/
hd-1954"

Valbona Switzerland ~ Admixed

Cham-8 Syria SP6 jupateco-f-73/bluejay//ures-81

Cham-6 Syria SP6 w-3918-a/jupateco-73

Babaga-3 Syria SP6

Cham-4 Syria SP6 flicker/hork

Hamam-4 Syria SP6

Attila Tunisia SP6

Karatopak Turkey SP6 tesia-79/veery//seri-82

Ata 81 Turkey SP6 kavkaz/ciguena

Cumbhuriyet 75  Turkey SP6 "sonora-64*2//tezanos-pin-
tos-precoz/yaqui-
54/3/andes-64-a/4/2*frocor//ya-
qui/kentana”

Efe Turkey SP6

Mane Nick Turkey SP6

GoOnen Turkey Admixed 8156-reselection/mara//bluebird

Pedigree from http://genbank.vurv.cz/wheat/pedigree/pedigree.asp
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