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I

Introduction

Triticale: a hybrid to combine the best of wheat and rye
Triticale (×Triticosecale Wittmack) is one of the small grain cereals together
with wheat, barley, oats and rye (Havilah, 2017). It is a man-made,
amphiploid cereal crop which results from the pollination of wheat (Triticum
aestivum, Triticum durum, Triticum monococcum) with rye (Secale
cereale), with the first hybrids were reported in 1875 by the Scottish
agronomist A.S. Wilson (Oettler, 2005, Mergoum et al., 2019).
In triticale breeding it is possible to distinguish “primary” triticale – the
direct, chromosome-doubled progeny of a cross between wheat and rye
parents – and “secondary” triticale – the progeny of intercrosses between
primary triticale or of crosses between primary triticale and wheat or rye
(Kiss, 1966). Primary triticale can be either hexaploid or octoploid, while
secondary triticale can be either tetraploid or hexaploid (Simmonds, 1976;
Oettler, 2005; Figure I.I). A further distinction can be made between
“complete” and “substitute” triticale, depending on whether portions of the
rye genome were subject to substitution of corresponding sections of the D
genome of the wheat parent (Mergoum, 2019).

Figure I.II: flow chart summarising the
origin of the different types of triticale
(adapted from: Simmonds, 1976).
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The first primary triticale suffered of meiotic instability, high aneuploid
frequency in the progeny of the crosses, reduced fertility and shrivelled
kernels (Oettler, 2005). These issues affected hexaploidy material to a
lesser extent than octoploid material (Müntzing, 1939; Krolow, 1966). To
tackle these problems, breeders started using commercial wheat varieties
and rye inbred lines as parental lines (Müntzing, 1939; Lein, 1943). Using
rye inbred lines instead of rye populations, which are markedly allogamous,
would have had the added value of guaranteeing a higher degree of selffertility in the rye component (Müntzing, 1939). In fact, the meiotic
instability and reduced fertility of triticale were regarded as a result of
inbreeding depression of the rye component in the direct progeny of the
wheat × rye cross (Müntzing, 1939). Moreover, by using commercial wheat
varieties it was observed that the genotypic constitution of the wheat parent
also had a significant effect on the combining ability and frequency of
unreduced gametes in primary triticale (Müntzing, 1939; Lein, 1943).
Because of the interaction between the genomes of the wheat and rye
parents, primary triticales never reached the expected combination of
wheat’s agro-technological qualities and rye’s resilience even when using
elite material as parents (Lelley, 1992; Oettler, 2005). A considerable
breakthrough in the production of commercially acceptable triticale was the
development of secondary triticale – octoploid, hexaploid and tetraploid.
However, only secondary hexaploid triticale reached world-wide commercial
relevance (Oettler, 2005). In fact, secondary octoploid material proved
unstable and showed the tendency to revert to the hexaploid level (Oettler,
2005). Secondary tetraploid material also proved commercially
unsatisfactory and was instead promoted as breeding material for the
improvement of hexaploid triticale and rye (Łapiński, 2002).

Interest in triticale is growing and changing: a promising forage crop
The initial interest in breeding triticale lied in the possibility to combine the
agro-technological – especially baking – qualities of wheat with the resilience
of rye (Oettler, 2005). Until now, though, triticale with baking properties
comparable to those of wheat has not been bred, thus limiting the adoption
of this crop as food (Oettler 2005; Mergoum et al., 2019). Indeed
nowadays, triticale is better affirmed as feed grain compared to food grain,
but the interest in the crop is growing and shifting to different utilisations.
The potential production area of triticale largely overlaps with that of wheat
where it can perform better under a wide range of stress conditions such as
drought, mineral toxicity or deficiency, acid soil, etc. (Blum 2014; Fischer,
1981). Thanks to this adaptability to marginal environments triticale is
considered and attractive crop for biomass production in marginal areas, as
well as grazing and forage production in drought-prone areas (Delogu et
al., 2002; Cantale et al., 2016; Ayalew et al., 2018). In fact, in various
environments triticale was shown to outperform other small grain forages
in terms of biomass yield (Hede, 2000; Kim et al., 2017). Thus, over the
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years many varieties of triticale have been selected for use as forage as
well (Myer & Lozano del Río, 2004; Table I.I, see next page).

Table I.I: summary of the advantages of triticale as a forage crop (table taken from Fohner &
Hernández Sierra, 2004)

Triticale forage quality can be further improved by GWAS
Because of benefits such as its robustness and the possibility to grow a
second crop in the same year, triticale is an appealing alternative to other
small grain forage crops. Forage quality, especially in terms of digestibility,
is then a crucial trait to improve to make triticale more competitive against
its direct substitutes. In fact, in a comparative study on triticale, Bilgili et
al. (2009) found dry matter digestibility to range from 53.4% to 63.4%,
with the average being 59.0%. A dry matter digestibility less than 60% is
known to impair nutrient bioavailability in ruminants (Blaxter at al., 1961).
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In comparison, Kantar et al. (2011) observed in rye a dry matter
digestibility ranging from 63.3% to 66.6%, with the average being 65.0%.
However, forage quality is a complex trait, not only determined by
digestibility. It also depends on the cultivar, maturity at harvest as well as
environmental conditions (Fulgueira et al., 2007). To evaluate forage
quality, one should take into account several parameters related to:
›

nitrogen values expressed in terms of total nitrogen (i.e.: crude protein)
or protein fractions (i.e.: available and bound protein);

›

fibre content and composition (i.e.: neutral and acid detergent fibre, lignin);

›

mineral content (i.e.: ashes; Fulgueira et al., 2007).

Higher protein and mineral content are considered desirable for livestock
productivity and health, whereas lower fibre content is preferred as high
levels of fibre are associated with reduced forage intake, digestibility and
livestock performance (Fulgueira et al., 2007; Capstaff & Miller, 2018).
Furthermore, sub-optimal plant architecture (e.g.: short plant height), poor
spatial crop uniformity, as well as presence of deterrents to grazing (e.g.:
awns) may negatively influence forage intake (Laca, Shipley & Reid, 2001).
Given this wide range of phenotypic characters all contributing to the
determination of forage quality, identifying associated genetic breeding
targets would significantly speed up the breeding of optimized triticale
varieties. Genome wide association studies (GWAS) could prove a powerful
approach to uncover the genetic composition of this multi-faceted, quantitative
trait. GWAS exploits natural phenotypic variation in a large enough population
– at least 100 diverse genotypes – to detect associated loci on the genome,
and it grants high resolution thanks to the higher level of recombination in the
population (Alqudah et al., 2020).
While it has already been successfully exploited to identify QTLs associated to
important agronomic traits in other cereal crops such as barley and wheat,
there are currently no examples of GWAS in triticale (Alqudah et al., 2020).
One primary concern in the application of a GWAS approach to triticale is the
short evolutionary history of the crop and small original genetic pool, which
can limit the extent of useful genetic variation (Singh & Jauhar., 2006).
However, assessment of phenotypic and genotypic diversity in European
triticale show that there has been continuous breeding progress over three
decades and offer promising results for the further exploitation of the available
germplasm (Losert et al., 2017).
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II

Scope of the Work

The scope of this project is to develop a pipeline in R environment (R core
team, 2017). to perform GWAS in triticale (×Triticosecale Wittmack). This
pipeline will be applied to a set of genotypic and phenotypic data collected
from a diverse panel of 118 triticale accessions. The aim of the GWAS will
be to identify candidate loci for improved forage quality of triticale, with a
special focus on digestibility of triticale forage.
In particular, this project will:
›

Summarise and explore the correlations between phenotypic data
relative to forage quality of triticale – expressed in terms of plant
morphology and yield, and forage biochemical composition and
digestibility – that were collected over two replicate field trials;

›

Describe the population structure of the available triticale accession
panel by means of K-mean based clustering and discriminant analysis of
principal components (DAPC);

›

Estimate linkage disequilibrium (LD) decay for the available triticale
population;

›

Perform a genome wide association study (GWAS) to identify loci on the
triticale genome that are associated to forage quality traits.
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III Materials and Methods

Plant material and phenotyping
The triticale (×Triticosecale Wittmack) collection used in the present study
is comprised of 118 accessions – 101 varieties and 17 breeding lines – of
different geographical origin – European and North American. The collection
was assembled without following a specific selection criterion, but with the
aim of representing winter triticale germplasm (Table III.I).

Genotype

Name

Breeding company

Country of origin

TR270

Tulus

Nordsaat Saatzucht GmbH

Germany

TR271

SU Agendus

Nordsaat Saatzucht GmbH

Germany

TR272

Claudius

Nordsaat Saatzucht GmbH

Germany

TR273

KWS Aveo

KWS Lochow GmbH

Germany

TR274

Cosinus

KWS Lochow GmbH

Germany

TR275

Rhenio

KWS Lochow GmbH

Germany

TR276

Trimmer

KWS Lochow GmbH

Germany

TR277

Triamant

KWS Lochow GmbH

Germany

TR278

Mungis

KWS Lochow GmbH

Germany

TR279

Talentro

Lantmännen SW Seed B.V.

The Netherlands

TR280

Lombardo

Lantmännen SW Seed B.V.

The Netherlands

TR281

Barolo

Lantmännen SW Seed B.V.

The Netherlands

TR282

Cedrico

Lantmännen SW Seed B.V.

The Netherlands

TR283

Agostino

Lantmännen SW Seed B.V.

The Netherlands

TR284

Temuco

Lantmännen SW Seed B.V.

The Netherlands

TR285

KWS Fido

Lantmännen SW Seed B.V.

The Netherlands

TR286

Adverdo

Lantmännen SW Seed B.V.

The Netherlands

TR287

Kortego

Lantmännen SW Seed B.V.

The Netherlands

TR288

Cultivo

Lantmännen SW Seed B.V.

The Netherlands

TR289

Kaulos

Lantmännen SW Seed B.V.

The Netherlands

TR290

Rotego

Lantmännen SW Seed B.V.

The Netherlands

TR291

Dometica

Lantmännen SW Seed B.V.

The Netherlands

TR292

Stil

INCDA-FUNDULEA

Romania

TR293

Haiduc

INCDA-FUNDULEA

Romania

TR294

Negoiu

INCDA-FUNDULEA

Romania

TR295

Pisc

INCDA-FUNDULEA

Romania

TR296

Cascador F

INCDA-FUNDULEA

Romania

TR297

Tulnic

INCDA-FUNDULEA

Romania

TR298

Amarillo 105

HegeSaat GmbH & Co. KG

Germany

TR299

Logo

HegeSaat GmbH & Co. KG

Germany

TR300

Cortino

HegeSaat GmbH & Co. KG

Germany

TR301

Trinidad

HegeSaat GmbH & Co. KG

Germany

TR302

Vuka

HegeSaat GmbH & Co. KG

Germany
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TR303

Massimo

HegeSaat GmbH & Co. KG

Germany

TR306

Alambic

Lemaire Deffontaines Semences

France

TR307

Anagram

Lemaire Deffontaines Semences

France

TR308

Bienvenu

Lemaire Deffontaines Semences

France

TR309

Oxygen

Lemaire Deffontaines Semences

France

TR310

Madilo

Danko

Poland

TR311

Prego

Danko

Poland

TR312

Atletico

Danko

Poland

TR313

Fredro

Danko

Poland

TR314

Lasko

Danko

Poland

TR315

Lamberto

Danko

Poland

TR316

Dinaro

Danko

Poland

TR317

Piano

Danko

Poland

TR318

Mundo

Danko

Poland

TR319

Moreno

Danko

Poland

TR320

Benetto

Danko

Poland

TR321

Magnat

Danko

Poland

TR322

Fidelio

Danko

Poland

TR323

Salto

Danko

Poland

TR324

Silverado

Danko

Poland

TR325

Ovinoko

Danko

Poland

TR326

Kasyno

Danko

Poland

TR327

Porto

Danko

Poland

TR328

Borodine

RAGT Semences

France

TR330

Bedretto

Delley Seeds and Plants Ltd.

Switzerland

TR331

Blenio

Delley Seeds and Plants Ltd.

Switzerland

TR332

Dorena

Delley Seeds and Plants Ltd.

Switzerland

TR333

Larossa

Delley Seeds and Plants Ltd.

Switzerland

TR334

Prader

Delley Seeds and Plants Ltd.

Switzerland

TR335

Timbo

Delley Seeds and Plants Ltd.

Switzerland

TR336

Trialdo

Delley Seeds and Plants Ltd.

Switzerland

TR337

Tridel

Delley Seeds and Plants Ltd.

Switzerland

TR338

Villars

Delley Seeds and Plants Ltd.

Switzerland

TR339

Trimaran

Florimond Desprez

France

TR340

Triade

Florimond Desprez

France

TR341

Tricolor

Florimond Desprez

France

TR342

Tribeca

Florimond Desprez

France

TR343

Triskell

Florimond Desprez

France

TR344

Kereon

Florimond Desprez

France

TR345

Trical Flex 719

Northern Seed

USA

TR346

Trical 336

Northern Seed

USA

TR347

Trical 815

Northern Seed

USA

TR348

Trical Gainer 154

Northern Seed

USA

TR349

Trical 813

Northern Seed

USA

TR350

Trical 135

Northern Seed

USA

TR351

Trical 348

Northern Seed

USA

TR352

Trical 131

Northern Seed

USA

TR353

Trical 158

Northern Seed

USA

TR354

Trical 105

Northern Seed

USA

TR355

Trical 115

Northern Seed

USA
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TR356

10T70126

Northern Seed

USA

TR357

BELLAC

RAGT Semences

France

TR358

RGT ELEAC

RAGT Semences

France

TR359

RGT EXPOTRAC

RAGT Semences

France

TR360

RGT FLAC

RAGT Semences

France

TR361

RGT OMEAC

RAGT Semences

France

TR362

RAGTAC

RAGT Semences

France

TR363

SECONZAC

RAGT Semences

France

TR364

RGT VILLARAC

RAGT Semences

France

TR365

TARZAN

RAGT Semences

France

TR366

PIKA

Field Crop Development Centre

Canada

TR367

BOBCAT

Field Crop Development Centre

Canada

TR368

LUOMA

Field Crop Development Centre

Canada

TR369

METZGER

Field Crop Development Centre

Canada

TR370

11B025

Field Crop Development Centre

Canada

TR371

06A051

Field Crop Development Centre

Canada

TR372

06A049010

Field Crop Development Centre

Canada

TR373

11B012

Field Crop Development Centre

Canada

TR374

02D006019

Field Crop Development Centre

Canada

TR375

03D005004

Field Crop Development Centre

Canada

TR376

11B019

Field Crop Development Centre

Canada

TR377

02D006005

Field Crop Development Centre

Canada

TR378

06D013002

Field Crop Development Centre

Canada

TR379

00D016010

Field Crop Development Centre

Canada

TR380

11B023

Field Crop Development Centre

Canada

TR381

00D016023

Field Crop Development Centre

Canada

TR382

Exagon

Lemaire Deffontaines Semences

France

TR383

RGT Ruminac

RAGT Semences

France

TR384

Neogen

Sejet Plant Breeding

Denmark

TR385

Jura

Sejet Plant Breeding

Denmark

TR386

A12-03-010

Experimental Farm Bottelare

Belgium

TR387

A12-03-033

Experimental Farm Bottelare

Belgium

TR388

A12-08-290

Experimental Farm Bottelare

Belgium

TR389

A12-02-430

Experimental Farm Bottelare

Belgium

TR390

A12-03-266

Experimental Farm Bottelare

Belgium

Table III.I: Overview of the triticale collection assembled for the present study. For each
accession the genotype ID, variety/line name, breeding company, and geographical origin are
reported. The breeding lines are highlighted in yellow.

The collection was grown at the Bottelare Experimental Farm of Ghent
University during the 2017—2018 and 2018—2019 growing seasons to
collect phenotypic data relative to forage quality. Each genotype was grown
in four replicates during each trial, but only three of these replicates were
harvested and processed in the follow-up laboratory analyses. The
phenotypic parameters scored are relative to plant morphology and yield,
and biochemical composition and digestibility (Table III.II; Annex B.I – Raw
Phenotypic Data).

10

Abbreviation

Parameter

Relative to

Plants_m2

plant density: number of plants per m²

Morphology & Yield

Ears_m2

ear density: number of ears per m²

Morphology & Yield

Ears_plant

number of ears per plant

Morphology & Yield

Flowering_date

flowering date (YYYY-MM-DD)

Morphology & Yield

Plantlength_cm

plant height (cm)

Morphology & Yield

Earlength_cm

ear length (cm)

Morphology & Yield

H_date

harvest date (YYYY-MM-DD)

Morphology & Yield

GDD_F_H

growing degree days between flowering
date and harvest date

Morphology & Yield

H_FWplot_kg

biomass yield (fresh weight) in kg per plot

Morphology & Yield

H_DMha_t

biomass yield (dry matter yield) in tonnes/ha

Morphology & Yield

H_DM_perc

dry matter percentage at harvest (%)

Morphology & Yield

H_EAR_prop

ear proportion (%)

Morphology & Yield

PL_NIRS_RM

residual moisture (% on a as sampled basis)

Biochemical composition & Digestibility

PL_NIRS_ASH

ash content (% on a as sampled basis)

Biochemical composition & Digestibility

PL_NIRS_CP

crude protein (% on a as sampled basis)

Biochemical composition & Digestibility

PL_NIRS_EE

ether extract (% on a as sampled basis)

Biochemical composition & Digestibility

PL_NIRS_NDF

neutral detergent fibre (% on a as sampled basis)

Biochemical composition & Digestibility

PL_NIRS_ADF

acid detergent fibre (% on a as sampled basis)

Biochemical composition & Digestibility

PL_NIRS_HC

hemicellulose (% on a as sampled basis)

Biochemical composition & Digestibility

PL_NIRS_ADL

acid detergent lignin (% on a as sampled basis)

Biochemical composition & Digestibility

PL_NIRS_C

cellulose (% on a as sampled basis)

Biochemical composition & Digestibility

PL_NIRS_STA

starch (% on a as sampled basis)

Biochemical composition & Digestibility

PL_NIRS_SUG

sugar (% on a as sampled basis)

Biochemical composition & Digestibility

PL_NIRS_OM

organic matter (% on a as sampled basis)

Biochemical composition & Digestibility

PL_NIRS_DOM

digestible organic matter in tonnes/ha

Biochemical composition & Digestibility

PL_NIRS_NDFD

NDF digestibility (%)

Biochemical composition & Digestibility

PL_NIRS_OMD

organic matter digestibility (%)

Biochemical composition & Digestibility

Table III.II: Overview of the phenotypic parameters scored during the field trials and the
follow up laboratory analyses. Biochemical composition and digestibility parameters were
measured by Near Infra-Red Spectroscopy (NIRS).

Data Analysis: Data Preparation & Normalisation
Data analysis was performed with a custom script in R environment
version 4.0.2 (R core team, 2017; Annex A.I). For the data analysis, the
parameters Flowering_date and H_date were expressed in terms of growing
degrees days (GDD_S_F, GDD_S_H) rather than year-month-day date format.
GDDs were calculated using the formula:
GDD = ΣDays (Tm + Tbase)

Where Tm is the mean temperature registered on a given day over the
considered period of time, and Tbase is the minimum temperature at which
the chosen crop can grow. For triticale Tbase was set to 0°C.
Normalisation by mean and variance with the scale function from the base
package (R core team, 2017) was performed before the visualisation step.
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Data Analysis: Average Phenotypic Value per Genotype
The contributions of each genotype and the effect of the growing season on
a given phenotypic trait were determined by best linear unbiased estimation
(BLUE; Henderson et al., 1959). So that the trait values over the two
growing seasons were estimated by fitting a model such that:
trait ~ genotype + year + (1 | replicate:year)

Where the genotype and growing season (i.e.: year) are treated as fixed
factors, and the interaction between the individual replicate and the growing
season is considered as a random factor. The models were fitted with the
lmer function from the lme4 package (Bates et al., 2015). The trait value
per genotype for each year was then calculated by extracting the model
fixed effects estimates with the fixef function from the same package.
Finally, the arithmetic average per genotype was calculated for further use
in the follow-up data visualisation and GWAS.

Data Analysis: Heritability Calculation
Broad sense heritability was calculated for each parameter using the formula:
σ2 G
H2 = _______________________
σ2G + (σ2GY / y) + (σ2ε / ry)

Where y is the number of growing seasons (i.e. year) and r is the number
of replicates. The variance components σ2G, σ2GY, and σ2ε were determined
by fitting for each phenotypic parameter a random effects model such that:
trait ~ (1 | genotype) + (1 | year) + (1 | genotype:year) + (1 | replicate:year)

The model was fitted with the lmer function of the lme4 package (Bates et
al., 2015) and the variance components were then extracted with the
VarCorr function of the same package.

Data Visualisation: Heatmap and Clustering
Data visualisation was performed with a custom script in R environment
version 4.0.2 (R core team, 2017; Annex A.I). To get an overview of the whole
phenotypic dataset, a heatmap of the average per-genotype phenotypic
values was produced with the pheatmap function from the pheatmap package
(Kolde, 2019). Euclidean distance-based clustering was applied on the
phenotypic parameters while correlation-based clustering was applied on the
genotypes to visualise phenotype patterns in the accession panel. Genotypes
were also annotated based on subpopulation membership.
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Data Visualisation: Principal Components Analysis & Variable Correlation
Principal components analysis (PCA) was performed with the prcomp
function of the base package (R core team, 2017); setting the genotypes as
observations and the phenotypic parameters as variables. The outcome was
visualised in a biplot to combine the observation of the relationships
between the genotypes with the observation of the contribution of the
phenotypic parameters to such relationships. The biplot was created using
the autoplot function of the ggplot2 package (Wickham, 2016).
A correlation map was also generated to provide a clearer visualisation of the
correlations between the phenotypic parameters evidenced by the loading
display in the biplot. The correlation map was created with the corrmap
function of the corrmap package (Wie & Simko, 2017).

Genotypic Data Preparation
The marker dataset consisted of 79,121 SNPs (single nucleotide polymorphisms)
generated by genotyping-by-sequencing using DArTseq (Diversity Arrays
Technology Pty Ltd; Bruce, Australia; Jaccoud et al., 2001; Badea et al.,
2011). DNA extraction and sequencing were performed by Diversity Arrays
Technology Pty Ltd according to their in-house protocols. The allele
sequences in which the SNP markers occurred were mapped to the wheat
reference genome Chinese Spring 1.0 (International Wheat Genome
Sequencing Consortium (IWGSC), 2018) by BLAST alignment. The
unmapped sequences were assumed to belong to the rye genome.
The SNP panel was filtered by MAF (minor allele frequency) and call rate
with custom scripts in R environment version 4.0.2 (R Core Team, 2017;
Annex A.II; Annex A.IV; Annex A.VI). The SNPs files were loaded as genlight
objects with the gl.read.dart function from the dartR package version 1.1.11
(Gruber et al., 2017; Gruber & Georges, 2019; Annex B.II – Raw Genotypic
Data). Filtering by maf was performed with the gl.filter.maf function by
setting the argument threshold to 0.025 for the population structure
analysis and linkage disequilibrium (LD) estimation, or to 0.05 for the GWAS
analysis. Filtering by call rate was performed with the gl.filter.callrate
function by setting the argument threshold to 0.8 for both the population
structure analysis and the GWAS.

Population Structure Analysis
Population structure analysis was performed with two custom scripts in R
environment version 4.0.2 (R Core Team, 2017; Annex A.II; Annex A.III).
Population structure was first determined by discriminant analysis of principal
components (DAPC; Jombart, Devillard, & Balloux, 2010). DAPC was carried
out with the dapc.genlight function of the adegenet package version 1.3-1
(Jombart & Ahmed, 2011). Prior to the analysis, class discovery by successive
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K-means clustering was performed with the find.clusters.genlight function of
the same package. One to ten clusters were tested and the number of
clusters (k) which minimised the value of BIC (Bayesian information criterion)
was used in the actual analysis.
The number of PCs and linear discriminants to be retained was:
In the class discovery step:
› number of PCs retained: 118
(i.e. all).

In the DAPC step:
› number of PCs retained: 80;
› number of linear discriminants
retained: 3 (i.e. all).

Finally, the structural SNPs were extracted for each of the three linear
discriminants with the function snpzip in order to examine what defined the
identified clusters at the genomic level.
For comparison purposes, population structure was also determined with a
MCMC algorithm (Markov chain Monte Carlo) with the package conStruct
version 1.0.4 (Bradburd, 2018). To this end 4,000 of the 38,315 filtered
SNPs were randomly sampled with the sample function of the base package,
and the allele scores were transformed into allele frequencies considering
the SNP allele as the counted allele.
The analysis was carried out by running the conStruct function with the nonspatial model option and with the following settings:
› number of layers K = 4
› number of iterations = 10,000
› adapt delta = 0.99

Genome Wide Association Study
The Genome wide association study (GWAS) was performed with two custom
scripts in R environment version 4.0.2 (R Core Team, 2017; Annex A.IV;
Annex A.V). The phenotypic parameters used in the GWAS were selected
based on the respective heritability value and reciprocal correlations.
The GWAS was first carried out with the GWAS function of the rrBLUP package
version 4.6.1 (Endelman, 2011). Prior to the analysis, the missing data in the
SNP panel were imputed with k-Nearest Neighbour algorithm (kNN;
Schwender, 2012) as implemented in the knncatimpute function of the scrime
package version 1.3.5 (Schwender & Fritsch, 2018). For the GWAS, a K + Q
model was used in order to account for both relatedness and population
structure effects. The kinship matrix used to correct for relatedness was
computed with the function A.mat from rrBLUP. Principal components (PCs)
were set as fixed factors to correct for population structure. Three PCs were
retained, which accounted for 21.3% of the total variance. After the analysis,
the FDR threshold was derived from the output relative to each phenotypic
parameter with the qvalue package version 2.20.0 (Storey et al., 2020). QQplots and Manhattan plots were generated with the GWAS function.
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The GWAS was also performed with the GWASpoly function from the
GWASpoly package version 2.0 (Rosyara et al., 2016). The missing
genotypic data were imputed with the kNN algorithm with the package
scrime in this case too. To implement the K + Q model, the kinship matrix
was calculated with the set.K function and the population structure fixed
effects were set with the set.params function of GWASpoly. The maximum a
posteriori admixture parameter estimates obtained in the population
structure analysis with conStruct were used. For every phenotypic
parameter the marker-effect was modelled with the general, additive and
simplex-dominance models. After the analysis QQ-plots, Manhattan-plots
and associated SNPs were obtained with the qq.plot, manhattan.plot, and
get.QTL functions respectively.

Linkage Disequilibrium Estimation
Linkage disequilibrium (LD) estimation was performed with a custom script
in R environment version 4.0.2 (R Core Team, 2017; Annex A.VI). LD was
estimated using the LD function from the genetics package version 1.3.8.1.2
(Warnes et al., 2019; Annex A.VI). The markers were divided by
chromosomes based on the mapping to the wheat reference genome. LD was
then estimated as the difference D between observed and expected
frequency of allele pairs, the scaled frequency difference D’, the correlation
coefficient r, and the squared correlation coefficient r2. Using the r2 estimate,
LD matrix plots were generated for the structural SNPs with the LD.plot
function from the package gaston version 1.5.6 (Perdry, & DandineRoulland). A threshold r2 value of 0.11 as proposed for winter triticale by
Alheit et al. (2012) was considered for the interpretation of the plots .
Due to the lack of map information, the unmapped markers – presumed to
belong to the R genome – were left out of this analysis.
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IV

Results

Average Phenotypic Parameter Values
The average phenotypic parameter values per genotype are reported in
Annex B.III and visualised in Figure IV.I (see next page). Below, Table IV.I
summarises the parameter values over the entire triticale collection.
Abbreviation

Parameter

Minimum

Mean

Maximum

Plants_m2

plant density: number of plants per m²

52

184

226

Ears_m2

ear density: number of ears per m²

236

461

586

Ears_plant

number of ears per plant

2

3

5

Plantlength_cm

plant height (cm)

88

125

180

Earlength_cm

ear length (cm)

9

12

14

GDD_S_F

growing degree days between
sowing date and flowering date

1,497

1,618

1,733

GDD_F_H

growing degree days between
flowering date and harvest date

690

794

894

GDD_S_H

growing degree days between
sowing date and harvest date

2,225

2,393

2,507

H_FWplot_kg

biomass yield (fresh weight)
in kg per plot

0.37

0.98

1.27

H_DMha_t

biomass yield (dry matter yield)
in tonnes/ha

9.2

21.4

25.2

H_DM_perc

dry matter percentage at harvest (%)

44.1

55.9

65.8

H_EAR_prop

ear proportion (%)

45.5

60.8

67.6

PL_NIRS_RM

residual moisture (% on a as sampled basis)

7.31

8.17

8.70

PL_NIRS_ASH

ash content (% on a as sampled basis)

3.12

4.17

4.98

PL_NIRS_CP

crude protein (% on a as sampled basis)

6.22

6.93

8.03

PL_NIRS_EE

ether extract (% on a as sampled basis)

1.02

1.31

1.69

PL_NIRS_NDF

neutral detergent fibre (% on a as sampled basis)

41.06

45.26

51.59

PL_NIRS_ADF

acid detergent fibre (% on a as sampled basis)

21.65

25.99

30.11

PL_NIRS_HC

hemicellulose (% on a as sampled basis)

19.07

20.27

21.62

PL_NIRS_ADL

acid detergent lignin (% on a as sampled basis)

2.54

2.95

3.52

PL_NIRS_C

cellulose (% on a as sampled basis)

18.54

22.04

26.84

PL_NIRS_STA

starch (% on a as sampled basis)

16.93

25.43

31.93

PL_NIRS_SUG

sugar (% on a as sampled basis)

1.36

2.87

5.73

PL_NIRS_OM

organic matter (% on a as sampled basis)

86.47

87.66

89.26

PL_NIRS_DOM

digestible organic matter in tonnes/ha

5.46

13.55

16.54

PL_NIRS_NDFD

NDF digestibility (%)

38.73

49.42

55.16

PL_NIRS_OMD

organic matter digestibility (%)

53.05

63.48

68.71

Table IV.I: Overview of the minimum, mean and maximum values of each the phenotypic
parameter over the entire triticale collection.
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Figure IV.I: heatmap showing the mean value of each phenotypic parameter relative to each genotype in the accession panel. Values
are scaled by mean and variance, so that a parameter has a value of 0 when it equals the average across all genotypes. Parameters
are clustered by Euclidean distance, while genotypes are clustered by correlation-based distance in order to visualise patterns based
on overall phenotype. On the left side, the genotypes are colour-coded based on subpopulation membership (determined by discriminant
analysis of principal components). Clusters with a peculiar phenotypic pattern are highlighted by yellow rectangles (I, II, III).
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Most of the 118 triticale genotypes have a similar phenotypic pattern as shown
in the heatmap. Nevertheless, it is possible to identify three clusters (I, II, III).
Cluster I is comprised of 16 genotypes, mostly belonging to Sub-population
4, which is made up of only genotypes originating from North America (i.e.:
USA and Canada). Genotypes belonging to this cluster, and especially the
North American ones, show markedly above average values for the
phenotypic parameters Plantlength_cm, PL_NIRS_NDF, PL_NIRS_ADF, PL_NIRS_ADL,
and PL_NIRS_C. Furthermore, the genotypes from Cluster I consistently score
markedly below average values for the parameters PL_NIRS_STA, H_EAR_prop,
PL_NIRS_NDFD, PL_NIRS_RM, and PL_NIRS_OMD.
Cluster II is comprised of 15 genotypes belonging to Sub-population 1 and
2. Almost all of these genotypes are of European origin, with six originating
from the Netherlands, four from Germany, and three from France. The
remaining two genotypes are the Canadian breeding lines 11B019 and
11B023. In contrast with Cluster I, Cluster II is characterised by consistently
below-average values for the parameters PL_NIRS_ADF, PL_NIRS_NDF,
PL_NIRS_C, PL_NIRS_OM, and PL_NIRS_ADL; as well as above-average values for
the parameters PL_NIRS_STA, H_EAR_prop, PL_NIRS_NDFD, and PL_NIRS_OMD.
Cluster III is composed of 12 genotypes almost exclusively belonging to
Sub-population two and of European origin: six genotypes originate from
Poland, three from the Netherlands and two from France. The last genotype
is the Canadian breeding line 11B025. The phenotypic pattern of Cluster III
is comparable to that of Cluster II (Figure I). What differentiates the two
clusters are the yield parameters H_FWplot_kg and H_DMha_t, which are above
average in Cluster II, but below average in Cluster III and the biochemical
composition parameters PL_NIRS_CP and PL_NIRS_ASH, which are about
average in Cluster II, but consistently above average in Cluster III.

Principal Components Analysis & Parameter Correlation
The first principal component (PC1) retained 37% of the original phenotypic
variance, while the second (PC2) retained only 17%. In the biplot in the next
page it is not possible to notice an evident separation of the genotypes along
the two PCs, except for the highlighted North American genotypes (black
circle, Figure IV.II). Despite the unclear separation it is still possible to see
that the genotypes of identical geographical origin tend to lye together.
Separation of the genotypes along PC1 is determined in particular by the
parameters PL_NIRS_STA, PL_NIRS_NDFD, PL_NIRS_OMD, H_EAR_prop, which are
positively correlated between each other but negatively correlated to the
other discriminant parameters: PL_NIRS_NDF, PL_NIRS_ADF, PL_NIRS_C, and
Plantlength_cm. Among the parameters that contribute to separation along PC2
PL_NIRS_DOM, PL_NIRS_RM, and PL_NIRS_ASH are positively correlated to
PL_NIRS_STA, PL_NIRS_NDFD, PL_NIRS_OMD, H_EAR_prop. Other three variables,
GDD_S_H, GDD_S_F, and GDD_F_H, contribute to separating the genotypes along
PC2. These variables show a moderate negative correlation with direct
digestibility measures PL_NIRS_NDFD, and PL_NIRS_OMD (Figures IV.II & IV.III).
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Figure IV.II: biplot showing genotype separation along the first two principal components PC1 and PC2. Genotypes are colourcoded based on geographical origin. Phenotypic parameters names are shown on top of the loadings vectors. Highlighted by
the black ellipse is the cluster of North American origin already evidenced by the heatmap (Figure I).

Figure
IV.III:
correlation
map
summarising the existing correlations
among the 27 phenotypic parameters
measured during the field trials and
laboratory analyses. The correlation
relationships already highlighted in the
description of the PCA biplot are
evidenced by yellow rectangles.
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Phenotypic Parameter Selection
Forage quality was broken down into 27 phenotypic parameters. A subset
of 14 of these parameters was selected as most indicative of forage quality
based on heritability and parameter correlation.
As evidenced in the correlation map in the previous page (Figure IV.III). On
one hand, a strong positive relationship exists between the direct digestibility
measures PL_NIRS_NDFD and PL_NIRS_OMD and the parameters PL_NIRS_DOM,
H_EAR_prop, PL_NIRS_STA, PL_NIRS_RM, and PL_NIRS_ASH. On the other hand,
there is a negative relationship between those same digestibility measures
and the parameters Plantlength_cm, GDD_S_F, PL_NIRS_NDF, PL_NIRS_ADF,
PL_NIRS_ADL, PL_NIRS_C, and PL_NIRS_OM. These parameters show moderate
to high heritability; with PL_NIRS_RM, PL_NIRS_ASH, PL_NIRS_ADL, PL_NIRS_OM,
and PL_NIRS_DOM having heritability values between 41% and 57%, while
the remaining parameters have heritability values that range between 85%
and 97% (Table IV.II).
Abbreviation

Parameter

Heritability

Plantlength_cm

plant height (cm)

97%

GDD_S_F

growing degree days between sowing date and flowering date

95%

H_EAR_prop

ear proportion (%)

89%

PL_NIRS_RM

residual moisture (% on a as sampled basis)

52%

PL_NIRS_ASH

ash content (% on a as sampled basis)

54%

PL_NIRS_NDF

neutral detergent fibre (% on a as sampled basis)

89%

PL_NIRS_ADF

acid detergent fibre (% on a as sampled basis)

89%

PL_NIRS_ADL

acid detergent lignin (% on a as sampled basis)

42%

PL_NIRS_C

cellulose (% on a as sampled basis)

90%

PL_NIRS_STA

starch (% on a as sampled basis)

85%

PL_NIRS_OM

organic matter (% on a as sampled basis)

57%

PL_NIRS_DOM

digestible organic matter in tonnes/ha

50%

PL_NIRS_NDFD

NDF digestibility (%)

93%

PL_NIRS_OMD

organic matter digestibility (%)

93%

Table IV: Overview of the heritability values calculated for the selected phenotypic parameters.

SNP Filtering
A total of 38,315 SNPs was retained for population structure analysis, 33,226
SNPs were retained for the genome wide association study, and 60,637 were
retained for the estimation of linkage disequilibrium.

Population Structure: Discriminant Analysis of Principal Components
The value of BIC (Bayesian information criterion) was minimised when the
number of clusters k was equal to four (Figure IV.IV, see next page).
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Figure IV.IV: One to ten clusters (k) were tested by successive K-means clustering to find the
optimal value of k. The best goodness of fit – measured as value of BIC – was obtained when k = 4.

Eighty of the principal components, accounting for about 92% of variance, and
all three of the linear discriminants were retained in the DAPC (Figure IV.V).

Figure IV.V: (a) DAPC scatterplot along the first two Discriminant Axis (DA1, DA2) of the identified
population clusters. (b) Screeplot of the eigenvalues. (c) Screeplot of the principal components
analysis (PCA) eigenvalues, the retained PCs are shown in black.
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Cluster composition is summarised in Table IV.III. Cluster 1 is comprised of
49 accessions, of which only six are not of European origin. This cluster is
dominated by French and German triticale, which makes up more than half
of the cluster. Four out of the five breeding lines developed at the Bottelare
Experimental Farm belong to this cluster.
Cluster 2 is composed of only Romanian varieties. All of the six Romanian
varieties are in this cluster, possibly hinting at a quite distinct pedigree of
the Romanian triticale from the rest.
Cluster 3 is similar to Cluster 1 in terms of dimensions and overall
composition: it is comprised of 46 accessions, most of which European, with
only five originating from North America. This cluster differs from Cluster 1
in the composition of its European subset, which is dominated by Polish and
Dutch triticale varieties. The remaining breeding line developed at the
Bottelare Experimental Farm is assigned to this cluster.
Lastly, Cluster 4 is composed 17 North American varieties, of which more
than half – 12 – are of Canadian origin.

Cluster 1

Cluster 3

Cluster 4

Belgium

4

-

1

-

Canada

2

-

2

12

Denmark

Country
of Origin

Cluster 2

1

-

1

-

France

16

-

6

-

Germany

12

-

3

-

Poland

3

-

15

-

Romania

-

6

-

-

Switzerland

6

-

3

-

The Netherlands

1

-

12

-

United States
of America

4

-

3

5

49

6

46

17

Total N° accessions

Table IV.III: overview of the size and composition of the population clusters defined by DAPC. The
breeding lines developed at the Bottelare Experimental Farm are highlighted in yellow. For Clusters
1 and 3 the predominant geographical origins are underlined in bold.

A total of 210 SNPs discriminates between the population clusters along
DA1 (Annex B.IV – DAPC Determinant SNPs). About 20% (43 SNPs) of
these is not mapped to the wheat reference genome and therefore, are
presumably located on the R chromosomes. Nearly 17% (36 SNPs) of these
210 SNPs is located on chromosome 5A, where they span within a very
large segment of about 195.9Mb. Another 9% (19 SNPs) is found on
chromosome 4B, where they cover a stretch of 26.8Mb. Lastly 8% (17
SNPs) is located on chromosome 1D and is scattered over 395Mb.
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A total of 449 SNPs determinates separation among population clusters
along DA2 (Annex B.IV – DAPC Determinant SNPs). About 30% (133 SNPs)
of these is presumably located on the R chromosomes as it is not mapped
to the wheat reference genome. Another 16% (74 SNPs) is located on
chromosome 1A. Here, the SNPs form two groups on the chromosome.
Eight cover a segment of 30.6Mb from bp 21,638,580 to bp 52,231,574;
while the remaining 66 SNPs span within a region of 283.6Mb from bp
307,696,724 and bp 591,329,660.
About 7% (31 SNPs) of the 449 SNPs is located on chromosomes 5A and
7B each. The 31 SNPs located on chromosome 5A are scattered along
almost the entire chromosome, with the densest region covering 0.7Mb and
containing only 6 SNPs. The other 31 SNPs located on chromosome 7B are
also quite spread along this chromosome, with the densest region being a
large segment of 15.9Mb that contains only 9 SNPs.

Population Structure Analysis with MCMC method
In order to more easily compare the outcome of the present analysis and
that of the DAPC, the maximum a posteriori admixture parameter estimate
was used to assign each genotype to only one of the four layers. Then, the
four layers were matched to the clusters defined in the DAPC analysis,
revealing a close correspondence of the DAPC clusters and the conStruct
layers (Table IV.IV, Figure IV.V, see next page).

Layer 1
(Cluster 2)

Country
of Origin

Layer 2
(Cluster 4)

Layer 3
(Cluster 1)

Layer 4
(Cluster 3)

Belgium

-

-

2

3

Canada

-

11

3

2

Denmark

-

-

0

2

France

-

-

14

8

Germany

-

-

12

3

Poland

-

-

1

17

Romania

6

-

-

-

Switzerland

-

-

6

3

The Netherlands

-

-

1

12

United States
of America

-

5

2

5

6

16

41

55

Total N° accessions

Table IV.IV: overview of the size and composition of the population clusters reconstructed from
the maximum a posteriori admixture proportions estimates of the MCMC algorithm. The breeding
lines developed at the Bottelare Experimental Farm are highlighted in yellow. For Clusters 1 and 3
the predominant geographical origins are underlined in bold.
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Figure IV.V: bar plot showing the proportion of each genotype’s alleles that belongs to the four proposed
population layers. If the maximum a posteriori admixture proportion is used to assign each genotype to only
one of the layers, it is possible to find a close correspondence with the four clusters defined by DAPC. So that
Layer 1 corresponds to Cluster 2, Layer 2 to Cluster 4, Layer 3 to Cluster 1, and Layer 4 to Cluster 3.
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Linkage Disequilibrium Estimation
Linkage disequilibrium visualisation for structural SNP subsets as identified
by DAPC evidenced the presence of variable LD patterns along the
chromosomes, as well as large stretches with high linkage disequilibrium
on various chromosomes, such as 1D, 4A, 4B, and 5A. (Annex C.I – LD
matrix plots; Figure IV.VI).

Figure IV.VI: plot of the LD matrix relative to a subset of SNPs determinant for separation of sub-population
clusters along the first linear discriminant in the DAPC. These 19 SNPs are located on chromosome 4B, where they
cover a large stretch of 26.8Mb. The squared correlation coefficient (r2) of each pair of SNPs is shown in the plot.

Genome Wide Association Study with rrBLUP
Significant associations were found for only three of the 14 phenotypic
parameters tested in the GWAS. A total of 12 SNPs was detected for
Plantlength_cm with an FDR threshold of 4.49. Another 11 SNPs were detected
for H_EAR_prop with an FDR threshold of 4.88. Finally, only one SNP was
detected for PL_NIRS_NDFD with an FDR threshold of 5.93. (Table IV.V, see
next page; Annex C.II – rrBLUP: Manhattan and QQ-plots).
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Allele ID

Chromosome

Position

Associated Phenotype

4353960|F|0-65:T>C-65:T>C

chr4A

591,930,187

Plantlength_cm

4208417|F|0-18:C>A-18:C>A

chr4B

20,319,587

Plantlength_cm

3617468|F|0-11:A>C-11:A>C

chr4B

658,167,027

Plantlength_cm

3619234|F|0-47:A>C-47:A>C

chr5A

705,446,681

Plantlength_cm

15998020|F|0-11:A>C-11:A>C

chrR

-

Plantlength_cm

15998020|F|0-7:T>C-7:T>C

chrR

-

Plantlength_cm

4216737|F|0-19:C>G-19:C>G

chrR

-

Plantlength_cm

4216737|F|0-34:A>C-34:A>C

chrR

-

Plantlength_cm

3047645|F|0-44:T>A-44:T>A

chrR

-

Plantlength_cm

10507281|F|0-28:T>G-28:T>G

chrR

-

Plantlength_cm

3621151|F|0-19:T>G-19:T>G

chrR

-

Plantlength_cm

10511666|F|0-27:A>G-27:A>G

chrR

-

Plantlength_cm

54347703|F|0-7:G>C-7:G>C

chr1A

510,281,098

H_EAR_prop

4209534|F|0-23:A>T-23:A>T

chr1A

516,377,451

H_EAR_prop

36889603|F|0-17:C>T-17:C>T

chr1B

576,521,807

H_EAR_prop

10509609|F|0-42:G>A-42:G>A

chr3B

801,319,231

H_EAR_prop

10508345|F|0-26:T>C-26:T>C

chr3B

803,751,397

H_EAR_prop

10522731|F|0-27:G>C-27:G>C

chr6B

709,524,210

H_EAR_prop

10516263|F|0-18:C>G-18:C>G

chrR

-

H_EAR_prop

4350778|F|0-5:C>G-5:C>G

chrR

-

H_EAR_prop

10523723|F|0-68:A>G-68:A>G

chrUn

303,789,579

H_EAR_prop

10524780|F|0-26:C>T-26:C>T

chrUn

322,735,845

H_EAR_prop

10524780|F|0-30:C>A-30:C>A

chrUn

322,735,845

H_EAR_prop

10507281|F|0-28:T>G-28:T>G

chrR

-

PL_NIRS_NDFD

Table IV.V: SNPs found to have a significant association with the phenotypic parameters Plantlength_cm,
H_EAR_prop, and PL_NIRS_NDFD. Allele ID, wheat reference chromosome, position on the chromosome in bp
and associated phenotype are reported for each SNP. SNPs that map to the Unassigned sequences from the
Chinese Spring Wheat reference genome are marked as chrUn; SNPs that do not map to the wheat reference
genome are assumed to belong to the rye genome and are marked as chrR.

Genome Wide Association Study with GWASpoly
The association signals found with rrBLUP were confirmed by the GWAS
with GWASpoly by both the general and simplex-dominance models. In the
case of Plantlength_cm the association signals were also confirmed by the
additive model (Annex B.V – GWASpoly: Association Signals, Annex C.III –
GWASpoly: Manhattan and QQ-plots). Furthermore, significant associations
were detected for eight more of the 14 phenotypic parameters considered
for the GWAS: GDD_S_F, PL_NIRS_RM, PL_NIRS_ASH, PL_NIRS_ADL, PL_NIRS_ADF,
PL_NIRS_C, PL_NIRS_OM, PL_NIRS_OMD. These associations were detected for
the most part by the general and simplex dominance models. However, the
relative QQ-plots indicate the presence of various issues with these models.
In the QQ-plots of the parameters PL_NIRS_RM, PL_NIRS_ADL, PL_NIRS_ADF,
and PL_NIRS_C, it is possible to notice an aberrant downward pattern,
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possibly indicating overfitting for these models (Figure IV.VII). Whereas, in
the QQ-plots of the parameters PL_NIRS_ASH, PL_NIRS_OM, PL_NIRS_OMD, and
PL_NIRS_NDFD it is possible to notice an early upward-deviating trend,
indicating the possible detection of false positive associations (Figure IV.VII).

(a)

(b
)

Figure IV.VII: (a) QQ-plots of the parameters PL_NIRS_RM, PL_NIRS_ADL, PL_NIRS_ADF, and PL_NIRS_C,
where it is possible to notice an aberrant downward pattern. In general, this pattern interests the additive and
simplex dominance models. In the most extreme case, PL_NIRS_ADL, the general model shares this same
pattern too. (b) QQ-plots of the parameters PL_NIRS_ASH, PL_NIRS_OM, PL_NIRS_OMD, and PL_NIRS_NDFD.
Here, the general model shows a clear early upward trend for all four parameters.
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V

Discussion

Fibre Content Separates North American Accessions from European Ones
The heatmap highlighted the presence of three phenotypic patterns of
interest (Figure IV.I; Cluster I, II, III). Cluster I was characterised by high
per-genotype parameter values for fibre content-related parameters and
low values of digestibility-related parameters. Overall, this pattern can be
considered indicative of poorer forage quality at the time of harvest of these
genotypes. Indeed, a high content of neutral and acid detergent fibre and
lignin are associated with reduced forage intake (Fulgueira et al., 2007).
Moreover, high acid detergent fibre and lignin might indicate a higher
maturity level or stress status of these varieties at the time of harvest
compared to the rest of the panel (Fulgueira et al., 2007).
The reverse pattern could be noticed in Clusters II and III. This suggests
better forage quality of the genotypes comprising these clusters at the time
of harvest Compared to Cluster I. Considering that Cluster I is dominated
by North American genotypes, while Clusters II and III are mostly
composed of European varieties, it is possible to hypothesise that the North
American varieties are less adapted to the environmental conditions of the
experimental location (i.e.: Bottelare Experimental Farm, Belgium).
These contrasting phenotypic patterns are reflected by the genotype
separation along PC1 in the PCA biplot (Figure IV.II). Here, the North
American genotypes lye towards fibre content-related parameters, while the
European genotypes cluster together towards the digestibility parameters.
Thus, it is possible to define PC1 as a discriminating component for either
overall fibre content and digestibility or plant maturity at the time of harvest.

Polish Accessions are Phenotypically Distinct from German and French Ones
Polish accessions comprised half of Cluster III, while French and German
varieties constituted about half of Cluster II. Despite the comparable
phenotypic pattern of Clusters II and III, they could be differentiated by
yield-related and biochemical composition-related parameters. The higher
yield observed in Cluster II opposed to the higher crude protein and mineral
content seen in Cluster III could hint at a breeding strategy more focused
on nutritional properties rather than yield for the genotypes of Cluster III.
This pattern was reflected in the separation along PC2, where a division line
can be drawn between the Polish genotypes and French and German ones
(Figure IV.II). However, it does not seem reasonable to hypothesise a
relationship between this pattern and digestibility as no separation of these
genotypes can be observed along PC1.
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The Available Triticale Population is Heavily Admixed
Population structure analysis by DAPC divided the available winter triticale
collection into four sub-population clusters. These clusters separated the
European accessions from the North American ones and, within the European
clusters, French and German varieties from Dutch and Polish ones.
Interestingly, Romanian genotypes constituted a single cluster separated
from the rest of the collection. This result can be considered in accordance
with other assessments of population structure in triticale. Alheit et al. (2012)
already reported a family structure within winter triticale in their work. Losert
et al. (2017) also reported grouping by origin in European triticale. This
population structure patterns have been related to the establishment of local
genetic pools by breeding companies (Losert et al., 2017).
However, it is not possible to define a major population structure, in fact the
population structure bar plot (Figure IV.V) reveals a strong presence of
admixed genotypes in the population. Only 34 of the 118 available triticale
accessions can be considered belonging to one cluster if a genotype is
considered admixed when its admixture proportion falls below 70% (Volante
et al., 2017; Table V.I).
Layer 1
(Cluster 2)

Layer 2
(Cluster 4)

Layer 3
(Cluster 1)

Layer 4
(Cluster 3)

Genotype

Country of origin

TR273

Germany

0

7.7

87.6

4.6

TR274

Germany

0.1

0

71.1

28.8

TR275

Germany

1.5

7.3

74.2

17

TR277

Germany

0

0

87.8

12.2

TR280

The Netherlands

0

0

20.8

79.2

TR281

The Netherlands

0.6

0.3

23.7

75.4

TR282

The Netherlands

0

0

29.8

70.2

TR285

The Netherlands

1.7

0

22

76.3

TR286

The Netherlands

1.9

0

21.2

76.9

TR287

The Netherlands

3.9

5.1

19.1

71.8

TR290

The Netherlands

0

2.1

20.7

77.2

TR292

Romania

91

0.8

8.2

0

TR293

Romania

99.5

0

0

0.5

TR294

Romania

100

0

0

0

TR295

Romania

91.9

0

3

5.1

TR296

Romania

72.8

6.3

9.8

11

TR297

Romania

71.4

7.8

14

6.8

TR316

Poland

0

2

19.6

78.3

TR318

Poland

6.5

0

15.8

77.6

TR320

Poland

2.8

0

26.2

71

TR321

Poland

10

0

13

77

TR339

France

0

0.3

83.6

16.1

TR346

USA

0

0

28.2

71.8

TR348

USA

0

0

17.9

82.1

TR351

USA

0

87

7.8

5.3

TR366

Canada

0

100

0

0

TR367

Canada

20.6

79.4

0

0

TR368

Canada

2

91.1

4.6

2.2

TR369

Canada

0

93.8

2.3

3.9

TR370

Canada

0

0

25

74.9

29

TR376

Canada

3.7

5.5

72.6

18.1

TR377

Canada

12.2

76.3

8.3

3.2

TR378

Canada

3.7

78.6

17.1

0.6

TR380

Canada

0

6

86.4

7.6

Table V.I: overview of the accessions which can be considered to belong to only one sub-population according
to an admixture threshold of 70%. The admixture proportion to the four sub-population is reported as
percentage for each accession.

According to DAPC results, these clusters were discriminated by small, but
broadly and unevenly distributed groups of SNPs. Despite covering very
large chromosome stretches, in many cases these SNPs conserve an r 2
value greater than 0.11 and can therefore be considered linked. These LD
patterns could be a consequence of the population admixture and can
undermine the resolution of the GWAS analysis (Alheit et al., 2012).

The Proposed GWAS Approach Needs Finer Tuning
The GWAS with rrBLUP detected a very limited amount of association signals
and only for three phenotypic parameters. These were confirmed by
GWASpoly suggesting that a GWAS approach is feasible with the available
triticale collection. The GWAS with GWASpoly identified associations also for
other parameters. However, the QQ-plots highlighted overfitting issues as
well as early upward deviation of the observed p-value distribution, which
indicates a certain rate of false positive association signals.
Taking as example the Manhattan plots of PL_NIRS_ADL – the most extreme
case of overfitting – it is possible to notice that the FDR method greatly
underestimates the p-value threshold leading to the false detection of a
great number of associations (Figure V.I).

Figure V.I: Manhattan plot of the PL_NIRS_ADL general model. The threshold determined by FDR is greatly
underestimated (alpha level = 3.6) when compared to another method like permutation (alpha level = 5.52).
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It must be noted that parameter related to fibre content can take values
within a relatively small range, which implies small variance (Table V.II).

Parameter
PL_NIRS_NDF
PL_NIRS_ADF
PL_NIRS_HC
PL_NIRS_ADL
PL_NIRS_C

Var.genotype
3.617
2.582
0.211
0.012
2.331

Var.genotype:year
0.234
0.219
0.161
0.006
0.18

Var.replicate:year
0.01
0.182
0.135
0.041
0.049

Var.residuals
2.721
1.44
0.631
0.066
1.285

Table V.II: Overview of the variance components as estimated from the mixed model used for the heritability
calculation; where: Var.genotype, variance due to genotypic effect; Var.genotype:year, variance due to
genotype by year interaction; Var.replicate:year, variance due biological replicate by year interaction;
Var.residuals, residual variance.

Such small variance is likely to not provide enough power to the GWAS
models to reliably detect associations. In fact, it has been argued that only
large effect QTLs can be detected in triticale by GWAS, given the complex LD
patterns observed and high relatedness (Alheid et al., 2017).
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VI

Conclusions

The available collection of 118 winter triticale varieties showed phenotypic
variation and population stratification depending on geographical origin. In
particular, a major source for the observed variation and population
structure was the European and North American origin. However, the North
American varieties are underrepresented in the accession panel compared
to the European ones, as they constitute only about 24% of the collection.
Including a larger number of North American varieties could provide a more
reliable representation of their genotypic cluster as well as of the phenotypic
pattern showed by this group.
Different origin within the European accessions also contributed to
population structure and, to a lesser extent, to phenotypic variation. This
can be traced back to the high relatedness within this group, which limits
the resolution capacity of a GWAS. One interesting phenomenon was the
separation of the Romanian genotypes at population structure level, which,
however, did not correspond to a peculiar phenotypic pattern of these
genotypes. The presence of these genotypes in the accession panel can be
problematic as it can introduce bias in the analysis.
Overall, the high admixture in the available collection undermines the
detection power of the GWAS. Thus, the GWAS approach proposed in the
present study and requires further adjustments to exploit the phenotypic
and genotypic variation present in the available accession panel.
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