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Abstract

Yield is a key trait in pepper and is often measured simultaneously with other traits over several
environments. The understanding and genetic improvement of yield may benefit from the joint
analysis of yield with its related traits simultaneously. Linear mixed models have emerged as a
flexible approach that correctly model underlying variance-covariance structures among the traits
and between environments simultaneously. ln this study, we applied four different QTL approaches
based on linear mixed model on five yield related pepper traits measured across four environments.
We evaluated the performance of the approaches in terms of the number of QTLs detected for each
trait and their explained variance. The QTL models are a single-trait single-environment approach
(STSE), a multi-trait approach (MT), a multi-environment approach (ME), and a multi-trait multi-
environment approach (MTME). We further compared prediction accuracies between STSE and
MT models. The predictions were subjected to a five-fold cross validation. Our results showed that
multi-trait and/or multi-environment QTL analyses are more powerful and effective to map
pleiotropic QTL and QTL by environment interactions th an performing STSE analysis. The
multivariate models further showed improvement over STSE in terms of both number of QTLs and
the explained variance. MTME clearly outperformed ail the other methods. With MTME, nine
QTLs explaining 51 % of genetic variation were identified for yield in the autumn trial in Spain as
against three, three and six QTLs explaining 37%,29% and 43% from STSE, ME and MT analyses,
respectively. The MT model for yield in SP2 had prediction accuracy of 0.53, against 0.42 from the
STSE model. These results confirmed that multivariate analyses of traits have better capabilities to
unravel complex traits than single trait approach. Our result showed that trait's prediction accuracy
depends not only on prediction model of choice and traits genetic architecture but also on the
environment.

Keywords: Pepper, Quantitative Trait Loci, Multi-Trait-Multi-Environment, Genetic Correlation,
Pleiotropy, Prediction Accuracy.

Introduction

When measurements are obtained for several traits on a plant simultaneously, it is only proper to
consider analysing such traits multivariately instead of univariate analyses. This is even more so as
biological processes are usually interdependent. Also, good varieties are known to show combined
optimal values for several traits simultaneously. Many of such traits are often genetically correlated
and proper QTL mapping could show if the correlation is due to a QTL simultaneously affecting
many traits i.e. pleiotropy. Also, for several uncorrelated traits, the overall experiment type-I error
(a) can easily be computed. However, the formula for such computation is not correct if some of the
traits are correlated (Weiler et al. 1996). ln univariate analysis of correlated traits, the sampling
variances of estimated parameters tend to be higher and the hypothesis tests show lower statistical
power. The joint analysis of multiple traits has been shown to improve the power and precision of
QTL mapping. Tt has also helped in improving the selection of some primary traits with low
heritabilities or difficult to measure by exploiting their genetic correlations with other traits (Jiang
and Zeng, 1995).
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AIso, measurement for yield and other important traits of agronomie importance may be done
across a number of environments and may thus exhibit genotype by environment interactions (GEl).
When dealing with unravelling the genetic architecture of such traits, their QTLs have to be
analyzed by considering the combination of the QTL under different environment using the so-
called QTL by Environment Interaction (QEI) analysis (Boer et al. 2007). The use of QEI would
allow QTL categorization according to the stability oftheir effects across different environments. A
'constitutive' QTL is consistently detected across most environments, while an 'adaptive' QTL is
detected only in specifie environmental conditions or increases in expression with the level of an
environmental factor (Vargas et al. 2006).

Earlier studies in pepper breeding focused mostly on univariate analyses of traits in single
environments (Alimi et al. 2013a; Barchi et al. 2009; Ben Chaim et al. 2006; Mimura et al. 2010;
Rao et al. 2003). ln this study, aside from the univariate analysis, we implemented three different
rnultivariate QTL modelling strategies to analyse data on a recombinant inbred line (RLL) pepper
population (Alimi et al. 2013b; Voorrips et al. 2010; www.spicyweb.eu). These QTL modelling
strategies are multi environ ment (ME), multi trait (MT) and multi-trait multi-environment (MTME)
analyses. We modelled genetic correlations within (between traits in a given environment) and
between environments, and explicitly test the presence of QET and pleiotropic QTLs. Furtherrnore,
we investigated and compared the accuracies of predictions from STSE and MT models. The QTL
analyses and prediction accuracies were evaluated with five yield related traits measured across four
environments. The traits and environments were selected from the EU-SPICY data (Alimi et al.
2013a).

Materials and Methods

Genotypic and Phenotypic Data

The traits selected here are taken from the four SPICY project phenotypic experiments (Alimi et
al. 20 13a). The mapping population is from sixth generation (F6) of the segregating recombinant
inbred lines (RlLs) of an intraspecific cross between the large - fruited inbred cultivar 'Yolo
Wonder' (YW) and the pungent small-fruited cultivar 'Criollo de Morelos 334' (CM 334) ofpepper
plant. DNA was extracted from 149 RlLs to produce information for 455 markers assembled into 12
pepper chromosomes, covering 1705cM. The majority of markers used are SNP and SSR markers.

Phenotypic evaluations of the RILs were carried out via designed experiments across two
locations; Spain (SP) and Netherlands (NL). The trials were done under both spring (1) and autumn
(2) weather conditions in 2009. This gave a total of four trials (i.e. environments); Netherland trial
in spring (NLl), Netherland trial in autumn (NL2), Spain trial in spring (SPI) and Spain trial in
autumn (SP2). The five studied traits are total dry weight fruit (DWF) which represents fruit yield
for these experiments, mean increase in leaf area index per unit tirne (LAI) and light use efficiency
(LUE) which is a measure of dry matter production per megajoule of intercepted radiation. Other
traits include total number of harvested fruits (NF) and the proportion of total biomass due to fruit
(PF). Phenotypic characteristics for these traits including trait distributions and heritabilities are
given in Alimi et al. (2013a).

Univariate QTL Model

The single-trait single-environment (STSE) model was of the form:

Yi = Il + I};:lXijf3j + ei, (1)
where Yi was the phenotypic response of genotype i, Il the population mean, /Jj was the additive

effect of marker j. Genetic predictors were calculated at aIl marker positions and intermediate
positions for those marker intervals that were larger than 5cM, giving a total of 639 evaluation
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points. The genetic predictor for genotype i at genomic evaluation pointj is denoted by xi}, and e,
was the residual term.

Multivariate QTL Model

Three different types of multivariate QTL models were irnplernented. These include

Multi-Environment (ME) QTL model where each trait was evaluated over the four trials with
the aim of investigating genotype-by-environrnent interaction (GEl) and QTL-by-environment
interaction (QEl). The ME model was of the form:

Yu. = f1. + Ek + L~l xij/3kj + Bik + Eik, (2)

where Ek was the environmental mean deviation from the population mean, {3kj was the
environment-specific effect of the additive genetic predictor at evaluation point j, Bik represented
the genetic effect of genotype i for environment k, and Eik represented the non-genetic component,
We assumed that the vectors Bi = (BiV "',Bi]) follow a multivariate normal distribution with zero
mean and an unstructured variance-covariance (Y COY) matrix G i.e. gi~N(O, G). This model
accounts for genetic correlations between traits.

Multi- Trait (MT) QTL model: The MT rnodel is a joint analysis of the five traits within each
environment. The model specification is similar to that of ME except that Ek in equation 2 was
replaced by Tf1 which represented the trait mean deviation from the population mean i.e.

Yip = f1. + Tp + L~l Xij{3pj + Bip + Eip, (3)

This rnodel allows us to explicitly rnodel genetic correlations between traits in each
environment via pleiotropy by specifying unstructured ycOY rnatrix among each pair of traits.

Multi-Trait Multi-Environment (MTME) QTL model: This is ajoint analysis combining ail the
traits across the four environments in a single rnixed model analysis. ME and MT models were
extended by allowing the response (y) to be a vector of trait-environrnent (TE) combinations.

Yir = f1. + TEr + L~lXij{3rj + Bir + Ei,., (4)

The trait-environment mean deviation from the population mean was represented as TE,. while
other rnodel parameters are as explained above. With the MTME model, GEl and genetic
correlations between traits were simultaneously modelled.

The nurnber of significant QTLs and their explained variance were compared among the four
models. QEl and pleiotropic effects were also investigated. The QTL analyses were performed
using the QTL facilities in GenStat 15 (YS i, 20 12).

Finally, prediction accuracies were estimated for STSE and MT models. Prediction accuracy
was defined as the correlation between phenotypic values and predicted breeding values. The
predicted breeding values were obtained through a five-fold cross validation process with ten
replications each. For each prediction runs, four of the five subsets were used as the training set for
model fitting while the last subset were predicted based on the fitted individuals. This was repeated
until ail the subsets have been predicted.

Results and Discussion

Genetic Correlations and Comparison ofresults from QTL models

The pepper traits considered showed positive and mostly uniform correlations between
environments (Table 1). These between-environment correlations were generally moderate to high,
ranging from 0.34 for LUE between NL2 and SPI (i.e. NL2.SPl) to 0.79 for LAI between SPI and
SP2 (i.e. SPl.SP2), with the majority of the correlations above 0.6. The results from the ME
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analysis showed very significant non-crossover (quantitative) QEI (i.e. QTL effects between
environments differ only in magnitude but not in direction) which supported the uniform
correlations observed arnong environments. As an example, the ME analysis revealed three QTLs
for DWF in most of the environments (except NLl with two QTLs). Two of these QTLs were
constitutive i.e. they showed consistent significant effects across the four environments.

Table 1 Trait enetic correlations between environments.
NLI.NL2 NLI.SPI NLI.SP2 NL2.SPI NL2.SP2 SPI.SP2 Mean

DWF 0.72 0.60 0.61 0.53 0.62 0.58 0.61
LAI 0.73 0.76 0.70 0.67 0.75 0.79 0.73
LUE 0.64 0.45 0.60 0.34 0.64 0.36 0.51
NF 0.70 0.55 0.54 0.49 0.65 0.41 0.56
PF 0.69 0.65 0.67 0.54 0.72 0.57 0.64
Mean 0.70 0.60 0.62 0.51 0.68 0.54 0.61

Trait NF
NLI
LAI 0.07 0.09
LUE 0.13 0.11 0.40 -0.34
NF 0.85 0.01 0.23 0.80 0.12 0.37
PF 0.90 -0.18 -0.11 0.76 0.93 -0.18 0.34 0.74
NL2
LAI 0.19 -0.04
LUE 0.26 0.32 0.22 0.01
NF 0.86 0.09 0.36 0.60 -0.01 0.36
PlO 0.91 -0.07 -0.03 0.76 0.89 -0.37 0.03 0.51

The within-environment correlations among traits were mostly consistent in sign and magnitude
among the environments (Table 2). DWF, NF and PF were highly correlated. This is expected since
there is usually a direct relationship between nurnber of harvested fruits and fruit weight. Also, PF
was computed from total fruit weight and total plant biomass. The MT analysis revealed pleiotropic
QTLs which are consistent with genetic correlations among the traits. As an example, five QTLs
were detected for yield in SPI environment. Ali the five QTLs were also detected for PF while three
of the QTLs also influenced F, LA] and LUE. However, two of the QTLs showed crossover
pleiotropy between yield and LAl and between yield and LUE.

Factorial combinations of traits and environments and their joint analysis through the MTME
revealed a total number of 17 regions as harbouring putative QTLs (Figure 1). As the MTME model
fully utilizes covariance structures between environments and among traits within environments, it
thus increased the power of QTL detection with increased precision. Table 3 displays number of
QTLs together with their explained variance for each of the five traits in the four environments
using the four QTL methods. There is a clear gain in the nurnber of QTLs and their explained
variances using multivariate QTL methods over univariate method. Also, jointly accounting for
correlations among environments and among traits within an environment result in detection of far
more QTLs than simply accounting for correlation among environments or among traits within an
environment alone. As an example, 3, 3, 5 and 8 QTLs were identified for DWF in SPI using SE,
ME, MT and MTME QTL methods respectively explaining about 25%, 40%, 41% and 42% of
genetic variations respectively. Most of the QTLs picked up in simpler methods were also detected
in more complex methods. The three QTLs picked ul2 for DWF in SPI by STSE method were also
detected by ME, MT and MTME methods. Many of the yield increasing alleles originated from the
large fruited YW parental line. Many of the additional QTLs detected in MTME were of small
effects. Aiso the QTLs already detected from simpler methods had reduced explained variances in
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MTME. This might be related to the so called "Beavis effect" as simpler models resulted in
overestimation of some effect sizes (Beavis, 1997).

Figure 1 Significant QTL positions from MTME model for five yield related traits (DWF, LAI,
LUE, NF & PF) across the four environrrjents. The top section shows the P-values of tests for
QTL main effects. The bottom section shows heat maps along the genome for each trait, where
blue indicates QTLs with significant effect from YW allele while red indicates QTLs with
significant effect from CM334 allele. Most of the QTLs showed leiotropic and QEI effects.
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Table 3 Comparison ofNumber ofQTLs (#QTL) and Explained Variance (H2
(qtl») from STSE, ME,

MT and MTME models for five yield related traits measured across four environments.
Number ofQTLs (#QTL) QTL Variance Explained (1-1"10(1))

Trait Method NL NL2 SPI SP2 NLI NL2 SPI SP2 Avg. Avg.
1 #QTL I-I2,nll

STSE 1 2 3 3 18 18 25 37 2.3 24.5

DWF
ME 2 3 3 3 21.8 24.9 39.6 28.7 2.8 28.8
MT 2 2 5 6 18.9 13.1 40.8 43.2 3.8 29.0
MTME 5 7 8 9 26.1 34.7 42.3 50.6 7.3 38.4

STSE 2 3 2 2 33 48 22 42 2.3 36.3

LAI
ME 4 4 6 5 37.4 49.7 57.8 42.7 4.8 46.9
MT 2 4 5 4 30 39.9 31.6 50.9 3.8 38.1
MTME 4 6 7 8 34.2 42.1 47.8 54.7 6.3 44.7

STSE 2 1 1 4 26 14 17 31 2.0 22.0

LUE
ME 3 2 2 3 25.8 19.5 Il.6 22.5 2.5 19.9
MT 4 2 4 4 26.3 13.4 21.4 27.8 3.5 22.2
MTME 5 5 7 8 26 22.4 41.6 38.9 6.3 32.2

STSE 0 1 4 3 0 10 31 34 2.0 18.8

NF
ME 4 2 2 3 20.4 14 15.2 33.5 2.8 20.8
MT 2 J 4 4 7.4 20 16.3 38.6 3.3 20.6
MTME 2 4 6 4 10.6 24.3 33.4 27.9 4.0 24.1

STSE 0 0 4 3 0 0 32 26 1.8 14.5

PF ME 4 3 6 3 42.1 34.1 66.6 36.4 4.0 44.8
MT 3 4 5 5 15.7 28.9 32.5 24.1 4.3 25.3
MTME 6 7 7 7 32.5 41.3 37.3 39.3 6.8 37.6

Table 4: 5-fold with 10 replications cross validated predictive accuracies for five yield related traits
in four environments using single-trait single-environ ment (STSE) and multi-trait (MT) QTL
models.

NLl NL2 SPI SP2
Trait STSE MT STSE MT STSE MT STSE MT Mean
DWF 0.21 0.16 0.28 0.11 0.47 0.52 0.42 0.53 0.34
LAI 0.48 0.40 0.67 0.61 0.37 0.46 0.59 0.64 0.53
LUE 0.44 0.46 0.32 0.27 0.27 0.39 0.28 0.45 0.36
NF 0.05 0.07 0.01 0.04 0.37 0.42 0.41 0.43 0.23
PF 0.10 0.15 0.33 0.16 0.38 0.51 0.29 0.47 0.30
Mean 0.26 0.25 0.32 0.24 0.37 0.46 0.40 0.50 0.35

Prediction Accuracies ojSTSE and MT models

Prediction accuracies of each of the traits (Table 4) showed direct relationship to QTL genetic
architecture of the traits. Traits with higher explained variance in the QTL study were also better
predicted and vice versa. Using STSE method in NLl, no significant QTL was picked up for NF,
hence the trait was very poorly predicted (0.05), while two QTLs with 33% explained variability
were picked up for LA J, hence the trait was highly predicted (0.48). Also, for each of the five traits,
prediction accuracies differed among environments, irrespective of the method employed. Most of
the traits were better predicted in Spanish trials than in Netherlands trials. For example, yield was
better predicted in Spanish trials (0.42 - 0.53) than in NL trials (0.11 - 0.28). This could be caused
by poor fruit set in NL trials. Furthermore, for each of the traits, prediction accuracies differ
between STSE and MT models. Tt is expected that multi-trait model should have better predictive
power than single-trait mode\. This is mostly true in our case for SP trials but not for NL trials
especially NL2. This showed that in situations where phenotypic data were simultaneously

. collected on a large number of traits, using multivariate QTL method that properly model
underlying variance-covariance structures among the traits would lead to improved predictive
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power than performing single trait analyses. ln multi-trait model, information sharing among
correlated traits helped to increase prediction accuracies for traits with hitherto low accuracies e.g.
prediction accuracy for LUE in SP2 increased from 0.28 to 0.45 wh en handled multivariately.

Concluding remarks

We showed that in situations such as the EU-SPTCY project, where phenotypic data on a
number of traits have been collected in multiple environments, using QTL methods that properly
model underlying VCOV structures among the traits and between environments led to improved
power to detect more QTLs th an performing individual traitlenvironment analyses. The joint
analysis was especially suitable for complex traits (such as yield) whose genetic variations are
usually due to a large number of QTLs of smaller effects which might go undetected with single
traitlenvironment analysis. The five traits considered showed positive and mostly uniforrn
correlations between environments. Many of the detected QTLs showed quantitative QTL-by-
environment interactions which corroborated uniform correlations between environments. Aiso
pleiotropic effects were observed for many of the QTLs, which resulted from relationships between
the traits they govern. Pleiotropy may also suggest redundancy between the measured traits, which
could be avoided to decrease the cost of experiments. Such pleiotropic effects were more accurately
studied by explicit modelling of the correlation/covariance structure among the traits through ajoint
multi-trait analysis. We also showed that predictive accuracy of traits depends not only on
prediction model of choice and traits genetic architecture but also on the environment. This is an
indication that though these traits are genetically determined in any given environment, their degree
of expression differs from one environment to the other indicating presence of genotype-by-
environment interaction and QTL-by-environment interaction. In furtherance of this study, we
intend to explore prediction accuracies from univariate and multivariate genomic prediction models
and compare with prediction accuracies from QTL models. We wou Id also investigate an indirect
prediction approach where yield is predicted from underlying component traits coupled with
environ mental information through crop growth modelling strategies (Chapman, 2008; van Eeuwijk
et al. 2010). This approach has the ability to help in dissecting QTLs responsible for complex traits
on which direct selection may be difficult Yield predictions from the crop growth model would be
implemented within and across environments.
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