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Abstract
Key message Silage quality traits of maize hybrids between the Dent and Flint heterotic groups mostly involved QTL 
specific of each parental group, some of them showing unfavorable pleiotropic effects on yield.
Abstract Maize (Zea mays L.) is commonly used as silage for cattle feeding in Northern Europe. In addition to biomass 
production, improving whole-plant digestibility is a major breeding objective. To identify loci involved in the general (GCA, 
parental values) and specific combining ability (SCA, cross-specific value) components of hybrid value, we analyzed an 
incomplete factorial design of 951 hybrids obtained by crossing inbred lines issued from two multiparental connected popula-
tions, each specific to one of the heterotic groups used for silage in Europe (“Dent” and “Flint”). Inbred lines were genotyped 
for approximately 20K single nucleotide polymorphisms, and hybrids were phenotyped in eight environments for seven silage 
quality traits measured by near-infrared spectroscopy, biomass yield and precocity (partly analyzed in a previous study). We 
estimated variance components for GCA and SCA and their interaction with environment. We performed QTL detection 
using different models adapted to this hybrid population. Strong family effects and a predominance of GCA components 
compared to SCA were found for all traits. In total, 230 QTL were detected, with only two showing SCA effects significant at 
the whole-genome level. More than 80% of GCA QTL were specific of one heterotic group. QTL explained individually less 
than 5% of the phenotypic variance. QTL co-localizations and correlation between QTL effects of quality and productivity 
traits suggest at least partial pleiotropic effects. This work opens new prospects for improving maize hybrid performances 
for both biomass productivity and quality accounting for complementarities between heterotic groups.

Introduction

Silage maize is an important crop for cattle feeding, espe-
cially in Northern Europe. One important challenge is to 
improve maize varieties for their silage productivity (bio-
mass production) as well as for their feeding value that cor-
responds to the energy available for cattle.

Silage maize energy is determined by (1) the proportion 
of grains and cellular content of stalks and leaves, which 
are assumed to be fully digestible, and (2) the digestibility 
of cell walls, which is highly variable. Cell wall is mainly 
composed of polysaccharidic compounds (cellulose and 
hemicelluloses) and of phenolic compounds (lignin and 
p-hydroxycinnamic acids). Cell wall digestibility is the most 
limiting factor of silage value (Barrière et al. 2003) and was 
found to mainly depend on lignin content and cross-linkages 
between lignin and the other cell wall components (Hart-
ley 1972; Ralph et al. 1994; Grabber et al. 1996; Méchin 
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et al. 2000; Fontaine et al. 2003; Zhang et al. 2011; El Hage 
et al. 2018). In Northern Europe, maize varieties commonly 
used as silage for cattle feeding are hybrids resulting from 
crosses between the “Dent” and the “Flint” heterotic groups. 
In a first step, lines are selected within each heterotic group 
for their general combining ability (GCA), i.e., the average 
performance of their hybrid progeny with lines from the 
other group. In a second step, selected lines are crossed in 
order to identify intergroup hybrids showing the best specific 
combining abilities (SCA). As SCA is only evaluated in the 
second step for pairs of lines already selected based on their 
GCA value, the observed variation for this component may 
be biased, potentially hindering the identification of the best 
hybrid combinations. One important issue for the optimiza-
tion of hybrid mating designs is therefore to evaluate the 
magnitude of SCA compared to GCA and also to evaluate 
the sensitivity of these components to environmental condi-
tions. The Dent group, mostly from recent US origin, gener-
ally confers productivity, whereas the Flint group confers 
adaptation to European conditions. In the 1980s, most of 
successful hybrids in Europe were derived from the cross 
between Dent lines from the Iodent subgroup, and Flint lines 
related to the Lacaune population, which produced, in par-
ticular, the key founder line F2. These two origins showed 
good combining ability for yield-related traits, but their use 
in Europe resulted in a decrease in cell wall digestibility due 
to a negative correlation between these traits (Barrière et al. 
2003). To stop this decrease, a new trait, the Milk Fodder 
Unit (MFU), which represents the energy available for milk 
production per kg of silage dry matter was added in 1998 in 
the official tests performed in France for the registration of 
silage maize varieties. The correlation between silage yield 
and cell wall digestibility depends on the genetic material 
considered. For instance, no correlation was found by Argil-
lier et al. (2000) on a set of hybrids between different heter-
otic groups, whereas Barrière and Emile (2000) and Surault 
et al. (2005) found a correlation of − 0.5 between these traits. 
These contrasting results call for a better understanding of 
the genetic architecture of digestibility-related traits and 
their relationship with biomass yield.

Since the later 1990s, several studies have been carried 
out in order to detect loci (or QTL) involved in the archi-
tecture of silage quality traits (Lübberstedt et al. 1997a, b, 
1998; Méchin et al. 2001; Roussel et al. 2002; Krakowsky 
et al. 2003; Cardinal et al. 2003; Krakowsky et al. 2005, 
2006; Barrière et al. 2007; Riboulet et al. 2008; Barrière 
et al. 2008, 2010; Courtial et al. 2013, 2014; Torres et al. 
2014; Penning et al. 2014; Leng et al. 2018) and QTL 
related to cell wall digestibility and cell wall composition 
were found all over the maize genome. In a meta-analysis 
of QTL associated with maize silage quality traits based 
on eleven experiments, Truntzler et  al. (2010) identi-
fied numerous meta-QTL (MQTL) for digestibility and 

cell wall composition traits (26 and 42 MQTL, respec-
tively). These studies emphasize the genetic complexity 
of silage quality traits, which mainly involve QTL with 
small effects. QTL detections conducted so far for bio-
mass quality traits were mostly carried out on recombinant 
inbred line (RIL) populations evaluated per se or on test-
cross hybrids obtained by crossing RILs to a single inbred 
line from a complementary group (called tester). These 
populations cannot be used to detect dominance effects. 
Consequently, little is known on the additive/dominance or 
GCA/SCA QTL effects. Significant correlations between 
per se and test-cross values were found in some studies, 
suggesting a small impact of the dominance on silage qual-
ity traits (Barrière et al. 2003, 2010). Recently, Leng et al. 
(2018) found only moderate correlations between per se 
and test-cross performances for silage quality traits in a 
Dent and in a Flint population, resulting in a small con-
sistency between QTL detected in both types of popula-
tions, therefore leaving the question of the role of domi-
nance open. Another limit of studies conducted so far is 
that they mostly involved biparental populations analyzed 
separately, each representing only a small part of the 
variability available for breeding. Compared to biparental 
populations, multiparental populations enable to estimate 
allelic series at QTL, but they have never been used so far 
to study traits related to silage digestibility.

This work aimed at getting more insight into the genetic 
architecture of silage quality traits in Dent–Flint hybrids. 
We used an original hybrid population issued from a 
factorial design obtained by crossing lines issued from 
a Dent and a Flint multiparental populations, composed 
each of six connected unselected biparental families. This 
population was first analyzed for silage productivity traits 
and precocity (Giraud et al. 2017a, b). The family struc-
ture of the population enabled performing QTL detection 
using a combination of linkage and association mapping 
approaches that were found complementary. However, 
Giraud et al. (2017a, b) did not consider environmental 
variation. Our objectives in the present study were to (1) 
evaluate GCA/SCA variance components for silage quality 
traits and compare them with those found for productiv-
ity traits, with a focus on their interaction with the envi-
ronment, (2) measure correlations between traits and (3) 
implement QTL detection for silage biomass quality traits 
considering GCA and SCA components or additive/domi-
nance effects depending on the model. This enabled us 
to evaluate the group specificity of the QTL involved in 
hybrid variation and the importance of dominance/SCA for 
silage quality traits. We then compared QTL results with 
those obtained for biomass yield and precocity by Giraud 
et al. (2017a, b) to better decipher potential correlations 
between biomass production and quality traits. Finally, we 
evaluated prospects of these results for breeding.
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Materials and methods

Biological material

We used the same hybrid population as Giraud et  al. 
(2017a, b). This population was obtained by crossing seg-
regating biparental families from the Dent and Flint group. 
In each group, four founder inbred lines (F373, F03802, 
F02803 and F7088 for the Flint group; F98902, F1808, 
F04401 and F7082 for the Dent group, Table S1) were 
crossed following a half-diallel mating design to derive 
six Dent biparental families (called D1 to D6) obtained 
by haplodiploidization and six Flint biparental families 
(called F1 to F6) obtained by four generations of single 
seed descent (SSD) (Table S2). Among the founders of 
each group, one inbred line (F7088 for the Flint and F7082 
for the Dent) was selected for its good biomass digestibil-
ity, and the three others for their good agronomical poten-
tial for yield and precocity. In the Flint group, founder 
lines except F7088 mostly originated from material issued 
from the French Lacaune open-pollinated population 
crossed with other sources of early Flint material. F7088 
derived from the cross between the F4 line and a commer-
cial hybrid, both known for their good digestibility (Bar-
rière et al. 2017, and Bauland, personal communication). 
In the Dent group, founder lines except F7082 derived 
from synthetics of commercial hybrids mostly related to 
the Iodent heterotic group. F7082, which was chosen for 
its high digestibility, derived from a cross between a line 
from the Stiff-Stalk group and a line from the Minnesota 
13 group, known for its good digestibility. Each biparen-
tal family of one group was crossed with all the biparen-
tal families of the other group (Table S2). To evaluate 
as many lines as possible, most lines contributed to only 
one hybrid (699 in the Dent and 732 in the Flint), but 
about 20% of them contributed to two hybrids (163 in the 
Dent group and 146 in the Flint group) to allow estimation 
of GCA and SCA variance components. Note that only 
one Dent and one Flint line contributed to three or four 
hybrids, respectively. Founder lines of each group were 
crossed to produce 16 Dent–Flint hybrids, further referred 
to as “founder hybrids,” that were used as checks in field 
trials. All biological materials are described in detail in 
Giraud et al. (2017a).

Genotypic data

Founder and parental lines were genotyped with an 18480 
SNPs  Affymetrix® array provided by Limagrain. For QTL 
detection, we considered 9548 SNP markers that were 
mapped on the Dent–Flint consensus map established for 

the population (Giraud et al. 2017a). This map had a total 
length of 1578.6 cM and 5216 unique positions. Missing 
genotypes were imputed with Beagle v3.0 (Browning and 
Browning 2007). At each marker, probabilities of the four 
Flint (respectively, Dent) founder alleles transmitted to 
the parental lines were inferred using PlantImpute (Hickey 
et al. 2015). Detailed information on the map, quality con-
trol of the data, imputation and computation of founder 
allele probabilities is given in Giraud et al. (2017a). All 
the genotypic data and the map positions are available as 
supplemental files of Giraud et al. (2017a).

Field trial design and analysis

Hybrids were evaluated for silage in 8 different environ-
ments over two years (4 in 2013 and 4 others in 2014) in 
northern France and in Germany (Table S3). Field experi-
ments were laid out as an augmented p-rep design (Williams 
et al. 2011) and were constituted of 1088 elementary plots, 
each containing two rows of five meters length. Plots were 
split into 68 incomplete blocks of 16 elementary plots each. 
Most of experimental hybrids were evaluated only once in 
each trial. Founder hybrids and around 17% of experimen-
tal hybrids were evaluated twice. In each block, five to six 
plots were used for repeated genotypes and hybrids were 
allocated to block to form an efficient incomplete block 
design. At harvest, a sample was taken from each plot, dried 
and ground. Silage quality traits were predicted using near-
infrared reflectance spectrometry (NIRS) equations on silage 
powder. For six over the eight field trials, NIRS predictions 
were made at INRA from spectra supplied by experiment-
ers using the 2013 equation of Gembloux University (ver-
sion “135b”). For the two remaining field trials, predictions 
were directly supplied by experimenters and spectra were 
not transmitted. Seven silage quality traits were considered: 
cell wall content of the harvested dry matter measured by 
the neutral detergent fiber content (NDF in  % of dry matter), 
cellulose, hemicellulose and lignin contents in the cell wall 
NDF (CELL, HCELL and LIGNIN in  % of NDF) evaluated 
according to the method of Goering and Van Soest (1970), 
feeding value [MFU in Milk Fodder Unit per kilogram of dry 
matter (Andrieu 1995)], cell wall in vitro digestibility of the 
“non-starch and non-soluble carbohydrates” part of silage 
(DINAG in  %) and cell wall in vitro digestibility of the 
“non-starch, non-soluble carbohydrates and non-crude pro-
tein” part of silage (DINAGZ in  %). These two digestibility 
criteria were proposed by Argillier et al. (1995). Data from 
all eight environments were available for MFU and DINAG; 
for NDF, cellulose, hemicellulose and lignin, data from 
seven trials were available and six for DINAGZ. For trials 
for which we did not have access to spectra, we checked that 
the predictions of silage quality traits were well correlated 
to those obtained at INRA for the other trials (results not 
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shown). In this study, we also considered silage yield (DMY 
in tons of dry matter per ha), dry matter content at harvest 
(DMC in  %) and female flowering time (DtSILK in days 
after January the first) to complete the analyses previously 
done by Giraud et al. (2017a, b) by estimating (1) variance 
components including G × E interactions and (2) correlations 
with digestibility traits.

An exploratory analysis was carried out for each trait 
and each trial to eliminate outlying observations (7 obser-
vations in total). Then, all data of hybrids with dry matter 
content at silage harvest below 25% (33 observations) and 
above 45% (53 observations) were considered as missing 
data because NIRS predictions are unreliable for samples 
presenting extreme moisture (Baker et al. 1994; Stuth et al. 
2003; Méchin and Reymond, personal communication). 951 
experimental hybrids, corresponding to hybrids with vali-
dated phenotypic records and for which both parental lines 
had genotypic data consistent with their pedigree (821 Flint 
and 801 Dent parental lines), were considered for further 
analyses. The number of analyzed hybrids derived from each 
biparental family varied between 126 (for family D6) and 
178 (for family F1). For each Flint–Dent family combina-
tion, between 15 (Dent family D6–Flint family F3) and 34 
hybrids (Dent family D2–Flint family F1) were evaluated 
(Table S2).

Variance component analysis

Before performing QTL detection, we estimated heritabili-
ties, GCA and SCA variance components and the contribu-
tion of the family structure to the hybrid variation for silage 
quality traits. Genetic variance decomposition was done on 
the single-plot performances using the ASReml-R package 
(Butler et al. 2007; R Core Team 2013). We used models 
that included a genetic effect of the hybrids, a fixed trial 
effect and some random effects controlling spatial hetero-
geneities within trials (using either a row–column effects 
or block effects).

where Yhlxyz is the phenotypic value of the hybrid h evaluated 
in the trial l at the plot located at row x , column y and in 
block z . � is the intercept, and �l is the fixed effect of the trial 
l . To distinguish between the checks and the experimental 
hybrids, two genetic effects were included: �h was a fixed 
genetic effect for the checks which had a specific level for 
each check and the same level for all experimental hybrids; 
Hh was a random genetic effect with one level per experi-
mental hybrid and the same level for all checks. (��)hl and 
(H�)hl were the corresponding genotype by trial interaction 
effects, considered as fixed for the checks and as random for 
the experimental hybrids. Pxyz(l) was the effect of the plot 
within the trial l. Depending on the trial, we used either 

Yhlxyz = � + �l + �h + Hh + (��)hl + (H�)hl + Pxyz(l) + Ehlxyz

the sum of a random row and a random column effect or a 
random block effect to model Pxyz(l) . Ehlxyz was the residual 
of the model assumed to be independent and identically dis-
tributed (iid) within a given trial but with a different variance 
in each trial. In this generic model, the hybrid value was 
decomposed into GCA and SCA components with or with-
out considering the family structure. In a first model (model 
1) the family structure was not considered:

where Hh(kk�) is the genetic effect of the experimental hybrid 
h between the Flint parental line k and the Dent parental line 
k′ . Pk (respectively, P′

k′
 ) is the random effect of the parental 

line k (respectively, k′ ) issued from the Flint founder lines i 
and j (respectively, Dent founder lines i′ and j′ ), correspond-
ing to the GCAs of the parental lines with Pk ↪ N

(

0, �2
GCAd

)

 

and assumed to be iid (respectively P′
k′
↪ N

(

0, �2
GCAf

)

 , iid). 
(

PP′
)

kk′
 is the random effect of the interaction between the 

inbred line k and the inbred line k′ , corresponding to the 
SCA with 

(

PP′
)

kk′
↪ N

(

0, �2
SCA

)

 iid. The same decomposi-
tion of Hh(kk�) was done for the interaction with the environ-
ment (H�)h(kk�)l:

With (P�)kl ↪ N
(

0, �2
GCAd×E

)

 iid. 
(

P��
)

kl
↪ N

(

0, �2
GCAf×E

)

 
iid and 

(

PP��
)

kl
↪ N

(

0, �2
SCA×E

)

 iid.
In the second model, hybrid value was decomposed into 

family effects and within-family GCA and SCA effects. 
Thus, Hkk′ was decomposed into:

where �ij (respectively, �i′j′ ) is the fixed effect of the Flint 
(respectively, Dent) family origin of the Flint (respectively, 
Dent) parental line k (respectively, k′ ) and (��)iji�j� is the fixed 
interaction effect between the Flint and Dent family origins 
of the parental lines. P∗

k
 , P∗�

k�
 and 

(

PP�
)∗

kk�
 are the within-fam-

ily equivalents of Pk , P′
k′
 and 

(

PP′
)

kk′
 in model (1). Similarly, 

the genotype by environment interaction (H�)h(kk�)l is decom-
posed as the sum of the interactions between the family and 
the environment, considered as fixed, and the interactions 
between the within-family GCA and SCA components and 
the environment, considered as random.

The percentage of within-family hybrid variance was esti-
mated from the comparison of variance components issued 
from models (1) and (2). Broad-sense heritability H2 at the 
whole design level was calculated for each trait from model 
(1) as: H2 =

�2
H

�2
H
+

�2
H×E

nsiteH
+

�2
E

nrepH

 where �2
H

 is the genetic variance 

of the hybrids computed as the sum of the GCA and SCA 
components, nsiteH and nrepH are the average number of 

Hh(kk�) = Pk + P�
k�
+
(

PP�
)

kk�

(H�)h(kk�)l = (P�)kl + (P��)k�l + (PP��)kk�l

Hkk� = �ij + �i�j� + (��)iji�j� + P∗
k
+ P∗�

k�
+
(

PP�
)∗

kk�
(2)



1527Theoretical and Applied Genetics (2019) 132:1523–1542 

1 3

trials and the average number of plots per experimental 
hybrid in the whole design, respectively, �2

H×E
 is the hybrid 

by environment interaction (equaled to the sum of �2
GCAd×E

 , 
�2
GCAf×E

 and �2
SCA×E

 ), and �2
E
 is the average residual variance 

of the model over the different environments. The within-
family heritability was calculated similarly but using the 
within-family variance components from model (2). Stand-
ard errors of estimation of heritabilities were obtained with 
the delta method implemented in the “pin” function of the 
R package “nadiv” (Wolak 2012). For each model we also 
estimated the percentages of SCA in the hybrid variance 
(with and without including SCA × E and GCA × E variance 
components) and the ratio of the G × E variance components 
over  t he  to t a l  genet ic  var iance  component 
[100 × �2

H×E
∕(�2

H
 + �2

H×E
) ]. Note that in model 2, genetic vari-

ance components were assumed to be identical in all fami-
lies. We relaxed this assumption by considering family-
specific variances, but this did not improve significantly the 
likelihood of the models at a 5% level risk (results not 
shown).

QTL detections were based on the least square means 
(lsmeans) of each hybrid over the different environments. 
To obtain lsmeans, we first corrected the individual single-
plot performances by the best linear unbiased predictions 
(BLUPs) of the spatial effects (block or row–column effects 
depending on their significance for the trait and trial consid-
ered) obtained with model (2). Then for each trait, lsmeans 
of hybrids were derived from a fixed effect model includ-
ing a hybrid and a trial effect and considering residual vari-
ances specific of each trial. Pearson’s correlations between 
the different traits and their significance level were calcu-
lated based on the lsmeans of experimental hybrids used for 
QTL detection. Plot performances of experimental hybrids, 
corrected for spatial heterogeneities, were analyzed with a 
bivariate model to estimate genetic variances and covari-
ances between traits and derive genetic correlations. In the 
bivariate model, we considered a fixed trial effect and a ran-
dom hybrid effect and took into account the heterogeneity 
of error variances among trials. Due to convergence issues, 
G × E interactions were not included in this model. The R 
“nadiv” (Wolak 2012) package was used to compute stand-
ard errors of estimation of the genetic correlations.

QTL detection

In addition to the possibility of estimating SCA/dominance 
effects at QTL, an advantage of the studied population is to 
enable different allele codings for QTL detection, making it 
possible to test whether QTL are specific or common to the 
two heterotic groups and/or if there is an allelic series at each 
QTL. Following Giraud et al. (2017a, b), three models that 
differed in the allele coding were tested for QTL detection 

of silage quality traits. The general QTL detection model 
can be written as:

where y is a (N × 1) vector of the lsmeans of the hybrids with 
N being the number of experimental hybrids phenotyped for 
the considered trait; � is the intercept; 1 is a (N × 1) vector of 
1. α (respectively, β) is a (6 × 1) vector of the fixed effects of 
the Flint (respectively, Dent) family of origin of the Flint 
(Dent) parental line; (αβ) is the (36 × 1) vector of the fixed 
interaction effects between the Flint and Dent families of 
parental lines. A, B and are the corresponding design matri-
ces. uf  (respectively, ud ) is the ( Nf  × 1) [respectively, 
( Nd × 1)] vector of the random effects of the Nf  Flint (respec-
tively, Nd Dent) parental lines, with uf ↪ N

(

0, I�2
uf

)

 , 

(respectively, ud ↪ N
(

0, I�2
ud

)

 , ). �q is the vector of QTL 
effects for locus q, and Xq is the incidence matrix that 
includes information based on marker genotypes (see below 
for the three different QTL models implemented). Zf  and Zd 
are the design matrices that relate the N  experimental 
hybrids to the Nf  Flint and Nd Dent parents. These genetic 
effects corresponding to the parents of the hybrids are 
included to account for the fact that some hybrids were 
derived from the same parental inbred lines. is the ( × 1) 
column vector of the residuals of the model with 
e ↪ N

(

0, I�2
e

)

 .
The first QTL model, called “Founder alleles,” consid-

ers that each of the eight founder lines carries a different 
allele and decomposes QTL effect into its GCA and SCA 
components. In this model �q contains 24 effects, four cor-
responding to the Flint parental GCA allelic effects, 4 to 
the Dent GCA parental allelic effects and 16 pairwise SCA 
interactions between the Dent and Flint allelic effects. Xq is 
the matrix including the founder allele probabilities. The 
first four columns correspond to the probabilities (between 
0 and 1) that a given hybrid received a given Flint founder 
line allele, and the next four contain the founder allele prob-
abilities for the Dent founder lines. The last 16 columns 
correspond to the Hadamard product of the four columns 
of Xq corresponding to the four Dent alleles with the ones 
corresponding to the four Flint alleles. This model has 3 
degrees of freedom (df) for the Dent and the Flint GCA 
allelic effects, respectively, and 9 df for the interactions cor-
responding to SCA effects.

The second model, called “SNP within group,” consid-
ers observed alleles at SNP received from each parental 
line, assuming different effects in the two heterotic groups. 
This model assumes that two inbred lines from the same 
group that share the same allele at SNP are IBD (identical by 
descend). �q contains three parameters, one GCA SNP effect 
per group and one SCA SNP effect. Xq has three columns. 

(3)
y = 1 ⋅ � + A ⋅ � + B ⋅ � + C ⋅ (��) + Xq ⋅ �q + Zf ⋅ uf + Zd ⋅ ud + e
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The first two correspond to the SNP genotypes of the Dent 
and Flint parental lines, respectively, each coded as 0, 1 or 2 
for genotypes AA, AB and BB, respectively (if B is the refer-
ence allele). The last column is the product of the first two 
and corresponds to the SCA effect. This model has 1 df for 
the allelic effect of each group and 1 df for the interaction. 
These first two models decompose QTL effects into GCA 
and SCA components by considering the parental group ori-
gin of the alleles.

The third model called “Hybrid genotype” directly con-
siders the genotype of the hybrid and makes the strong 
assumption that QTL effects are the same in both heterotic 
groups. For this model, Xq has two columns, one with 0, 1 
and 2 if the hybrid genotype at marker q is AA, AB and BB, 
respectively, and the second one with 0 for hybrids that are 
homozygotes and 1 for heterozygotes. This model decom-
poses the hybrid QTL effect �q into an additive and a domi-
nance term, with 1 df each. More details can be found in 
Giraud et al. (2017b).

QTL analysis was performed with ASReml-R (Butler 
et al. 2007). The “SNP within group” and the “Hybrid geno-
type” models were run on the 4758 mapped markers which 
were polymorphic in both heterotic groups and with a minor 
allele frequency (MAF) superior to 5% in both heterotic 
groups to avoid identifiability issues. The “Founder alleles” 
model was performed on the 9548 mapped markers. For 
each model, we considered a 5% genome-wide significance 
threshold based on the number of efficient markers (Gao 
et al. 2008) and determined by Giraud et al. (2017a, b) as 
being equal to 3.84 for the “Founder alleles” model, 4.40 for 
the “SNP within group” model and 4.53 for the “Hybrid gen-
otype.” A multimarker procedure was implemented using a 
forward and backward marker selection process. At each step 
of the forward process, the most significant maker (based 
on the total locus effect or on one of the GCA/additive or 
SCA/dominance effect) was added to the model as cofactor 
until no marker had a significant effect at the 5% genome-
wide risk level. Then all markers were jointly tested, and we 
removed step by step, in a backward process, each marker 
with nonsignificant effect until we only kept markers for 
which the total effect or one of its components (GCA or 
SCA/additivity or dominance) was significant. Graphics for 
visualizing QTL were based on the − log (p value) of marker 
Wald test in a model that considered as cofactor only mark-
ers located at more than 10 cM from the tested position.

For each model we estimated the proportion of the phe-
notypic variance explained by both QTL and family effects 
(R2_global) that was defined as the squared correlation 
between predicted (based on these two parameters) and 
observed hybrid performances (lsmeans). The percentage of 
phenotypic variance explained by the family effects ( R2

fam
 ) 

and the percentage of variance jointly explained by the 
detected QTL ( R2

QTL
 ) and by each individual QTL were esti-

mated by adapting the R2 estimation process proposed by 
Nakagawa and Schielzeth (2013) for mixed models. From 
these parameters, we estimated the percentage of within-
family phenotypic variance explained by the QTL as 
R2∗
QTL

=
R2
QTL

1−R2
fam

.

The quality of prediction of these models was evalu-
ated by cross-validation using 80% of the data as calibra-
tion set and the remaining 20% as validation set. Sampling 
was stratified by families and repeated 100 times. To reduce 
computation time, we did not perform a de novo QTL detec-
tion for each calibration set. Instead, we considered the QTL 
detected in the whole dataset, removed the ones that were 
not significant in the calibration set and re-estimated the 
effects of the remaining QTL. The percentages of variance 
explained by the models were estimated by the squared cor-
relation between the hybrid value predictions and lsmeans 
of the validation set. To evaluate the interest of adding SCA/
dominance to the model, the cross-validations were done 
with and without considering SCA/dominance QTL effect 
(using an individual significance risk level of 5%). A model 
including only the family effects was also implemented and 
used as a benchmark.

Using Biomercator (Sosnowski et al. 2012), we compared 
our QTL with those of silage productivity traits detected 
by Giraud et al. (2017a, b), considering an arbitrary 20 cM 
confidence interval for each detected QTL. To facilitate 
comparison with QTL found in the literature, we indicated 
for each QTL the chromosome bin where it was detected, 
using the bins defined in the MaizeGDB database (Lawrence 
et al. 2004). QTL were also projected on the physical map 
of maize reference genome v3 (Lawrence et al. 2004). We 
positioned on this physical map meta-QTL of traits related 
to cell wall biomass composition and cell wall biomass 
digestibility published by Truntzler et al. (2010), and QTL 
of in vitro digestibility of NDF (IVNDFD) summarized in 
a recent study of Barrière et al. (2016). We also compared 
QTL positions with those of genes involved in the biosyn-
thesis of cell wall as well as those of the maize brown midrib 
mutant genes (bm), well known to affect lignin content and 
cell wall digestibility.

Results

Hybrid variance components

Broad-sense heritabilities at the design level (H2) were 
high for all traits and ranged between 0.69 (NDF) and 
0.87 (LIGNIN) for silage quality traits and between 0.82 
(DMY) and 0.89 (DMC and DtSILK) for agronomical 
traits (Table 1). When family effects were not considered 
(model 1), hybrid variance decomposition (Table 1, Fig. 1 
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Table 1  Synthetic parameters on the experimental hybrid variation for the different silage quality traits and agronomic traits

a Parameter estimated using variance components obtained with model 1 (global) or with model 2, taking into family structure (within family)
b Percentage of within-family variance computed as 100 × �2

H
∕�2

H∗
c (SE): standard error of estimates of heritabilities
d Percentage of main hybrid variance due to SCA ( 100 × �2

SCA
∕�2

H
)

e Percentage of hybrid variance due to SCA, including interactions with the environment: 100 ×
(

�2

SCA
+ �2

SCA×E

)

∕(�2

H
+ �2

H×E
)

f Percentage of variance due to interactions with the environment in the total genetic variance: 100 × �2

H×E
∕
(

�2

H
+ �2

H×E

)

Parameter Modela MFU DINAG DINAGZ NDF CELL HCELL LIGNIN DMC DMY DtSILK

% of within-family  varianceb 59 42 41 84 44 39 38 67 77 87
Heritability H2 (SE)c Global 0.76

(0.012)
0.83
(0.009)

0.77
(0.012)

0.69
(0.015)

0.73
(0.013)

0.81
(0.009)

0.87
(0.006)

0.89
(0.005)

0.82
(0.009)

0.89
(0.005)

Within family 0.64
(0.017)

0.66
(0.017)

0.56
(0.022)

0.64
(0.018)

0.54
(0.023)

0.62
(0.019)

0.72
(0.014)

0.85
(0.008)

0.77
(0.012)

0.88
(0.006)

%SCA/Hd Global 7.9 0 0 10.5 0 0.01 2.1 14.3 18.7 16.8
Within family 6.4 9.4 0 7.0 16.4 18.8 13.2 24.2 26.6 22.8

%(SCA + SCA × E)/(H + H × E)e Global 26.3 7.2 0 33.8 0.03 0.02 7.9 16.8 24.1 14.8
Within family 35.1 25.3 0 32.1 11.8 14.3 24.5 28.7 29.6 21.8

%(H × E)/(H + H × E)f Global 24.6 16.4 18.3 34.8 20.0 15.1 11.8 20.9 24.6 12.0
Within family 31.3 25.5 28.8 35.0 28.6 24.0 20.7 25.0 25.9 11.6

Fig. 1  Hybrid genetic variance components for silage quality traits 
and agronomical traits. For each trait, the graphic on the left corre-
sponds to the model that does not consider family effects (“without 
fam”; model 1) and the graphic on the right represents the model that 
takes family effects into account (“with fam”; model 2). The different 

colors correspond to the different variance components (GCA d, GCA f  
and SCA in green, orange and red, respectively) with lighter shade 
showing the corresponding interactions with the environmental con-
ditions. The gray bars correspond to the proportion of genetic vari-
ance absorbed by family fixed effects
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and Table S4) showed a predominance of GCA components 
over SCA. SCA variance explained from less than 1% of the 
hybrid genetic variance �2

H
 for DINAG, DINAGZ, CELL and 

HCELL to 10% for NDF and was not significant. Propor-
tions of SCA were higher for agronomical traits and varied 
between 14% for DMC and 19% for DMY. It was significant 
at 5% level for DMY and DtSILK. Dent and Flint GCA were 
significant for all traits (Table S4), but Dent GCA (GCA d) 
variance was globally larger than Flint GCA (GCA f) vari-
ance for all traits but NDF and DMC. The Dent GCA vari-
ance explained up to 70% of the hybrid variance for HCELL 
and LIGNIN (Table S4).

Family effects were highly significant for all traits (model 
2) but were globally more important for silage quality traits 
than for agronomical traits. Except for NDF and DMC, the 
Dent family effects were more significant than the Flint 
family effects. The interaction between the Flint and Dent 
family effects were only significant for HCELL and DMC 
(results not shown). Family fixed effects absorbed more than 
50% of the hybrid genetic variance for silage quality traits 
(except MFU and NDF), and they absorbed less than 25% of 
the hybrid genetic variance for agronomical traits (Table 1). 
Within-family heritabilities (H2*) were lower than H2 and 
varied between 0.54 (CELL) and 0.72 (LIGNIN) for silage 
quality traits and between 0.77 (DMC) and 0.88 (DtSILK) 
for agronomical traits. When family effects were considered 
(model 2), the proportion of hybrid variance due to GCAs 
decreased. This affected more the Dent GCA than the Flint 
GCA, so that Flint and Dent within-family GCA variance 
components were of the same magnitude. Including fam-
ily effects slightly increased the SCA variance component 
for most traits (except MFU and NDF), but this component 
remained low for all silage quality traits [between less than 
1% (DINAG) and 19% (HCELL)] and moderate for agro-
nomical traits [between 23% (DtSILK) and 27% (DMY)]. 
Likelihood ratio test on random effects showed that none 
of the SCA variance components was significant for silage 
quality traits, whereas they were significant for the three 
agronomical traits.

Genotype by environment interactions explained between 
12% (DtSILK, LIGNIN) and 35% (NDF) of the total genetic 
variance (Fig. 1, Table 1). They were globally small for 
silage quality traits except for MFU and NDF that both 
showed a large SCA × E variance component, significant 
at 5% risk level (Table S4). Considering SCA × E variance 
component increased the proportion of SCA in the total 
hybrid variance for these traits (Table 1), but the estima-
tion error of these SCA × E variance components was large. 
Genotype by environment interactions were moderate for the 
agronomical traits DMY and DMC. For these traits, interac-
tions were mostly associated with GCA × E interactions sig-
nificant at 0.1% risk level (Table S4). None of the SCA × E 
interactions was significant for agronomical traits. In model 

2, family  × E interaction effects were significant for all traits 
(results not shown). As for main effects, including family 
effects in the model reduced the hybrid by environment vari-
ance components, but this reduction was small.

Adjusted means and correlations between traits

Experimental hybrid performances were on average close 
to founder hybrid performances but showed a variation that 
exceeded that of founder hybrids for all traits (Table 2). On 
average, experimental hybrids derived from one or both 
founder lines F7088 and F7082 that were chosen for their 
good digestibility had the best performance for DINAG 
(+ 0.43 points for F7088 and + 0.44 for F7082). For MFU, 
founder lines with the best performances were F373 for 
the Flint group (+ 0.004 MFU kg−1) and F7082 for the 
Dent group (+ 0.006 MFU kg−1). The hybrid between the 
founder lines F7088 and F7082 had the best digestibility 
profile among founder hybrids, with high values for MFU, 
DINAG, DINAGZ and HCELL and low values for LIGNIN 
and CELL. Founder hybrids derived from crosses involving 
the Dent founder line F98902 had the lowest digestibility 
profile, except the one derived from the Flint line chosen for 
its digestibility (F7088 × F98902) which showed intermedi-
ate performances (Fig S1). Hybrids derived from F98902 
had the best performances for DMY, illustrating potential 
antagonism between silage quality and productivity.

Pearson’s correlations based on lsmeans and genetic cor-
relations showed consistent results (Fig. 2 for correlations 
based on lsmeans, and Table S5 for the genetic correlations). 
The MFU of experimental hybrids was positively corre-
lated with the two digestibility traits DINAG and DINAGZ, 
these two traits being highly correlated. These three traits 
were positively correlated with HCELL and negatively 
correlated with NDF, CELL and LIGNIN. The two digest-
ibility traits (DINAG and DINAGZ) were strongly cor-
related with LIGNIN, HCELL and CELL and to a lesser 
extent with NDF. MFU, which is the main target in selec-
tion, was strongly correlated with HCELL (0.81 based on 
lsmeans; 0.87 for the genetic correlation) and NDF (− 0.80 
on lsmeans; − 0.79 for the genetic correlation). Among cell 
wall traits, HCELL, CELL and LIGNIN were highly cor-
related and showed moderate correlations with NDF.

Silage quality traits showed moderate to weak correla-
tions with agronomical traits based on lsmeans. More par-
ticularly, DMY showed negative correlations with MFU 
(− 0.53) and to a lesser extent with digestibility traits (− 0.39 
with DINAG and − 0.28 with DINAGZ). Higher genetic 
correlations were found between DMY and MFU (− 0.72) 
and digestibility traits (− 0.53 with DINAG and − 0.48 with 
DINAGZ). Correlations between silage dry matter content 
(DMC) and silage quality traits were low (< 0.3 in absolute 
value for lsmeans; < 0.4 for the genetic correlations).
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QTL detection

In total, the “SNP within group” model detected 80 QTL 
against 76 and 74, respectively, for the “Founder alleles” 
and “Hybrid genotype” models (Table 3, Tables S6-8). “SNP 
within group” model detected more QTL for all traits, but 
MFU and HCELL for which more QTL were detected with 
the “Hybrid genotype.” Among all the detected QTL, a 
majority (39) was detected by all three models (Fig S2). 
However, some QTL were model specific. The “SNP within 
group” model shared a lot of QTL with the “Founder alleles” 
model (54) and the “Hybrid genotype” model (50), which 
shared together fewer QTL (43).

Most of the QTL detected with the “Founder alleles” 
and/or the “SNP within group” model showed GCA effects 
that were group specific (Table 3 and example of chromo-
some 1 for DINAG in Fig S3). A small number of QTL 
(between 0 and 3) were significant for both their GCA f  
and GCA d components. Few QTL which were signifi-
cant for one component (mostly one GCA or the addi-
tive component) were not significant for the global effect. 
We detected more QTL for GCA d than for GCA f with the 
“SNP within group” model and more QTL for GCA f than 
for GCA d with the “Founder alleles” model. Very few QTL 
were detected for SCA/dominance effects. At the whole-
genome 5% risk level, only one QTL with significant 
SCA effect was detected by the “Founder alleles” model 
for LIGNIN and one QTL with a significant dominance 
effect was detected by the “Hybrid genotype” model for 
DINAG. Among all detected QTL, on average, between 0 

and 2 QTL had significant SCA/dominance effects at 5% 
individual marker risk level, depending on the traits and 
models. Globally over the different traits, the “Founder 
alleles” model detected more significant SCA/dominant 
QTL at this risk level than the other models (12 compared 
to 8 and 7 for the “SNP within group” and “Hybrid geno-
type” models, respectively).

QTL models explained between 33% (NDF, “Hybrid 
genotype” model, without dominance) and 77% (LIGNIN, 
“Founder alleles” model, with SCA effects significant at 
5% individual risk level) of the total phenotypic variance 
(Table 4). These high R2 are mainly explained by the strong 
family structure effects on biomass quality traits rang-
ing between 14.71% for the less affected trait (NDF) and 
56.77% for the most affected one (LIGNIN). The detected 
QTL explained between 21.02% (NDF, “Hybrid genotype” 
model, without dominance) and 46.23% (LIGNIN, “Founder 
alleles” model, with SCA effects when significant) of the 
within-family phenotypic variance. Compared to the other 
models, the “Founder alleles” model explained a larger part 
of the phenotypic variance for all traits, whereas the “Hybrid 
genotype” explained a lower one (except for HCELL). When 
dominance/SCA was considered, the increase in percent-
age of explained phenotypic variance compared to models 
including only GCA/additive effect was small. It was lower 
for the “SNP within group” model (from + 0.2 for MFU 
to + 1.3 for NDF) and for the “Hybrid genotype” model 
(+ 0.2 for CELL to + 2 for NDF) than for the “Founder 
alleles” model (+ 2.8 for HCELL to + 6.5 for NDF). When 
considered separately, individual QTL explained a small 

Fig. 2  Pearson’s correlation matrix based on experimental hybrid 
lsmeans for silage biomass quality traits and for silage biomass pro-
ductivity traits. The histograms of these traits are shown on the diago-

nal. Symbols “***”, “**”, “*” correspond to the level of significance 
of the Person’s correlation corresponding to p values of 0.001, 0.01 
and 0.05, respectively
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percentage of phenotypic variance ranging between < 1% 
and 4.5% (Table S6 to S8).

For each trait, all founder lines carried both favorable 
and unfavorable alleles (results not shown). The two founder 
lines chosen for their good digestibility (F7082 for the Dent 
and F7088 for the Flint) carried more favorable alleles than 
the other ones for the digestibility trait DINAG, but not for 
MFU (Fig. 3).

R2: cross‑validation results

A cross-validation procedure was carried out to assess the 
predictive abilities of the different QTL-based models and 
correct for potential bias due to an over-fitting of the QTL 
model when the same data are used for QTL detection and R2 
estimation. The QTL detection model leading to the highest 
R2 varied depending on the trait (Table 5). As expected, the 
phenotypic variance explained by QTL based on the cross-
validation was lower than that obtained on the whole dataset: 
for instance, 20.64% instead of 34.14% for NDF with the 
“Hybrid genotype” model and 67.33% instead of 76.21% for 
LIGNIN with the “Founder alleles” model. Based on cross-
validation results, the best predicting model was generally 

not the model that detected the highest number of QTL. The 
“Founder alleles” model led to the highest cross-validation 
R2 only for HCELL and LIGNIN. The “SNP within group” 
gave the highest cross-validation R2 for DINAG, MFU and 
NDF, whereas the highest cross-validation R2 for DINAGZ 
and CELL was obtained with “Hybrid genotype” model. 
Adding SCA/dominance in prediction models generally 
decreased R2. (Only a slight increase of about + 0.1 was 
found for NDF with all models.) Considering the best model 
for each trait, cross-validation R2 ranged between 20.64% 
for NDF, “Hybrid genotype” with dominance effects model, 
and 67.33% for LIGNIN, “Founders alleles” with no SCA 
in the model.

Digestibility and productivity QTL co‑localization

Using Biomercator (Sosnowski et al. 2012), we plotted the 
QTL detected for silage quality traits and added QTL for 
silage agronomical traits detected by Giraud et al. (2017a, 
b). For each trait we plotted the QTL found with the model 
that was considered as being the best one based on cross-
validation. We considered an arbitrary 20 cM confidence 
interval (CI).

Table 3  Number of QTL detected with the 3 different QTL models for silage quality traits considering global QTL effect or specific components 
(GCA d, GCA f, SCA or additivity/dominance)

a Number of QTL with SCA effects significant at an individual 5% level risk is shown in brackets
b Number of QTL detected in total (on their global effect or for one of the GCA/additivity or SCA/dominance component)
c Number of QTL detected for their global effect (GCA + SCA or additivity + dominance effects)
d Number of QTL detected on one of the GCA component (GCA d or GCA f)
e Number of QTL with a significant effect on both GCA components
f Number of QTL with a significant effect on the SCA component

Model Tested effect MFU 
(MFU kg−1)

DINAG (%) DINAGZ (%) NDF (%) CELL (%) HCELL (%) LIGNIN (%) Total QTL

Founder alleles Totalb 10 13 11 8 10 10 14 76 (12)a

Globalc 8 10 7 7 7 6 12
GCA fd 6 10 6 4 6 7 8
GCA dd 5 6 3 3 6 6 6
Common for 

GCA e
1 3 1 0 3 3 0

SCAf 0 (0)a 0 (3) 0 (2) 0 (3) 0 (0) 0 (1) 1 (3)
SNP within 

group
Total 11 13 11 10 10 9 16 80 (8)
Global 10 13 9 7 8 7 13
GCA f 6 8 4 3 3 4 8
GCA d 6 5 7 6 5 6 7
Common for 

GCA 
2 1 1 0 1 3 1

SCA 0 (0) 0 (0) 0 (1) 0 (2) 0 (2) 0 (1) 0 (2)
Hybrid genotype Total 12 12 9 9 8 10 14 74 (7)

Global 11 7 7 8 6 10 11
Additivity 12 11 9 9 8 10 14
Dominance 0 (1) 1 (2) 0 (1) 0 (2) 0 (0) 0 (0) 0 (1)
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We observed many co-localizations between QTL 
detected for the different quality traits (Fig. 4). Highly cor-
related traits (DINAG vs. DINAGZ, CELL vs. HCELL, 
etc.) usually had QTL located in the same genomic regions. 
About 25% of the QTL were mapped on chromosome 1 into 
4 non-overlapping regions. One of these regions from bin 
1.02 to 1.04 gathered QTL for all silage quality traits (but 
NDF). Except for MFU, the QTL mapped in this region are 
the most significant ones for each trait. This region therefore 
seems to play an important role in the variation of silage 
quality.

Some regions appeared specific to silage quality or 
cell wall composition traits and did not carry QTL for 
agronomical traits. Among these regions, some affected 
only one trait (QTL NDF2 on bin 1.07, QTL DINAG4 
on bin 2.10, QTL NDF8 on 5.07 and QTL LIGNIN9 on 
bin 7.00), while other regions displayed QTL for several 
quality traits (bin 6.06 for DINAG and MFU, bin 7.02 for 
DINAG and all cell wall components, and bin 10.07 for 
HCELL and LIGNIN). Reciprocally, some regions with 
QTL for silage agronomical traits (such as DMY3 on bin 

3.06, DMC5 on bin 3.07, DMC9 on bin 6.05, DtSILK13 
on bin 7.05 and DMC4-DtSILK5 on bin 2.09) showed 
no QTL for silage quality or composition traits. Except 
these above-mentioned specific regions, all remaining 
regions showed co-localizations of QTL for silage quality 
and silage agronomical traits. Interestingly, two genomic 
regions located on chromosome 8 (from bin 8.03 to 8.05) 
and on chromosome 10 (from bin 10.03 to 10.04) dis-
played co-localizations of all traits.

For regions which showed an overlap between QTL for 
DMY and those for MFU, DINAG or DINAGZ, we looked 
at the relationship between the GCA parental allelic effects 
estimated for these different traits with the “Founder alleles” 
model. In all the cases, we observed a negative correlation 
between the QTL allelic effects estimated for MFU and 
DMY (Fig. 5). The same tendency was observed for some 
of the QTL detected for DINAG and DINAGZ (Fig S4 and 
S5) but not all. So, in these regions where QTL for DMY 
overlapped with QTL for quality traits, the parental alleles 
increasing DMY usually had a negative effect on MFU (and 
to a lesser extent on DINAG and DINAGZ).

Table 4  Quality of adjustment of QTL models for different traits compared to a model only considering family effect (R2
fam)

a Nb QTL: number of QTL detected in total and in brackets, number of QTL with SCA/dominance effects significant at a 5% level risk consid-
ered for the prediction models including SCA (“with SCA”)
b R2_global: percentage of the total phenotypic variance explained by all parameters
c R2_QTL: percentage of phenotypic variance explained by the QTL
d R2*_QTL: percentage of within-family phenotypic variance explained by the QTL

Trait R2
fam Model Nb  QTLa R2_globalb R2_QTLc R2*_QTLd

Without SCA With SCA Without SCA With SCA Without SCA With SCA

MFU (MFU kg−1) 33.83 Founder alleles 10 (0) 55.93 55.93 22.36 22.36 33.79 33.79
SNP within group 11 (0) 54.70 54.70 20.73 20.73 31.33 31.33
Hybrid genotype 12 (1) 53.03 53.28 18.86 19.12 28.51 28.90

DINAG (%) 51.34 Founder alleles 13 (3) 71.52 72.84 20.53 22.16 42.19 45.54
SNP within group 13 (0) 68.58 68.58 16.92 16.92 34.77 34.77
Hybrid genotype 12 (2) 64.41 65.23 12.65 13.63 26.00 28.00

DINAGZ (%) 48.58 Founder alleles 11 (2) 65.38 67.09 17.37 19.24 33.79 37.42
SNP within group 11 (1) 62.85 63.09 14.27 14.51 27.74 28.21
Hybrid genotype 9 (1) 60.41 60.65 11.45 11.68 22.28 22.71

NDF (%) 14.71 Founder alleles 8 (3) 36.50 40.82 22.25 26.69 26.09 31.30
SNP within group 10 (2) 36.01 37.18 21.50 22.67 25.21 26.58
Hybrid genotype 9 (2) 32.77 34.14 17.93 19.28 21.02 22.60

CELL (%) 42.78 Founder alleles 10 (0) 60.84 60.84 18.71 18.71 32.70 32.70
SNP within group 10 (2) 57.14 57.57 14.48 14.90 25.31 26.03
Hybrid genotype 8 (0) 55.03 55.03 12.17 12.17 21.27 21.27

HCELL (%) 51.67 Founder alleles 10 (1) 68.82 69.11 17.55 17.94 36.31 37.12
SNP within group 9 (1) 64.30 64.46 12.62 12.82 26.12 26.52
Hybrid genotype 10 (0) 64.69 64.69 12.81 12.81 26.51 26.51

LIGNIN (%) 56.77 Founder alleles 14(3) 76.21 77.11 19.99 21.20 46.23 49.03
SNP within group 16 (2) 74.12 74.39 17.08 17.35 39.50 40.14
Hybrid genotype 14 (1) 71.55 71.68 14.68 14.79 33.96 34.22
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Discussion

Predominance of QTL showing group‑specific GCA 
effects

To our knowledge, this is the first study that estimated 
GCA and SCA variance components in a Dent–Flint fac-
torial for maize silage quality traits. The proportion of 
SCA and within-family SCA variance for silage quality 
traits was small and lower than that observed for agro-
nomical traits. Our results for agronomical traits con-
firmed the first estimations done by Giraud et al. (2017a) 
using a model that did not consider G × E interactions. 
They showed that SCA explained about 20% of the hybrid 
variance for DMY, while the highest proportion of SCA 
obtained for silage quality traits was 10% (for NDF). These 
results agree with the limited contribution of SCA effects 

observed by Argillier et al. (2000) for digestibility-related 
traits in a factorial. Despite the small number of experi-
mental hybrids derived per parental line, our population 
enables the simultaneous detection of QTL involved in the 
GCA of each group and in the SCA component of hybrid 
value. We did not find strong evidence of SCA QTL for 
silage quality traits. The low SCA variance and the small 
number of QTL showing SCA effects can be either (1) due 
to the fact that these traits involved QTL with biological 
additive effects or (2) due to the divergence between Flint 
and Dent heterotic groups for QTL showing dominance. In 
this second case, additive and dominance effects are con-
founded and both contribute to GCA (Reif et al. 2007). In 
the literature, strong correlations have been found between 
per se and test-cross values (Argillier et al. 2000; Torres 
et al. 2015) for silage quality traits, which supports the first 
hypothesis. However, recently Leng et al. (2018) found 

Fig. 3  QTL allelic effects of founder inbred lines (from the “Founder 
alleles” model) for cell wall digestibility (DINAG, a) and silage feed-
ing value (MFU, b). For each QTL, associated marker, chromosome 
location, genetic position and the proportion of total phenotypic vari-

ance explained are indicated. For each founder inbred line, the gen-
otypic value based on QTL was calculated as the sum of its allelic 
effects over all the detected QTL
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only moderate correlations between per se and test-cross 
silage quality performances for a Dent and a Flint segre-
gating population. This result and the fact that we detected 
QTL specific of the Dent and the Flint heterotic groups in 
our study using the “SNP within group” and the “Founder 
alleles” models suggest that the lack of SCA for silage 
quality traits in our experiment may also be due, at least 
partly, to group divergence for QTL showing dominance.

Even if SCA seemed to be limited when considering 
average performances of hybrids in our experimental 
design, the SCA × E variance component was found to be 
relatively important for NDF, MFU, which is the main 
targeted trait for improving silage quality, and also, to a 
lesser extent, for DINAG, DMY and DMC. Even if this 
variance component was not estimated with a high accu-
racy in our experiment, this suggests that the best hybrid 
combinations for silage might depend on the environ-
ment, confirming breeder observations (Carolo, personal 
communication).

In this study, we performed QTL detection on the aver-
age hybrid performances. This strategy is clearly justified 
since for most traits G × E interactions explained a small 
part of the variance. Nevertheless, at least for some traits, 
it would clearly be interesting to extend QTL models to 
identify regions involved in GCA × E and SCA × E inter-
actions. This is beyond the scope of this paper, but this 
is an interesting prospect for future studies. The factorial 
population we developed between unselected biparental 
families is well adapted for this objective.

Relationship between feeding value, digestibility 
and biomass yield

Animal performances (milk or meat yield) are related 
to both silage feeding value (MFU) and the dry matter 
intake (DMI) which is the amount of silage ingested by 
animals. This latter criterion is known to vary with starch/
NDF ratio in whole maize plant (Khan et al. 2015) and 
reaches its optimum value at silage physiological maturity 
(30% < DMC < 35%). Barrière and Emile (2000) showed 
that silage feeding value was mainly explained by NDF 
digestibility (r2 = 0.59) and to a lesser extent by starch con-
tent (r2 = 0.36). In this study, we did not investigate starch 
content. This component is supposed to be completely 
digestible, and as it impacts not only the MFU but also 
the dry matter intake it is not the main target for improving 
MFU. We chose to focus more on cell wall digestibility 
that is known to be the limiting factor for improving maize 
silage feeding value (Barrière and Emile 2000).

Our experimental hybrids showed performances for 
silage quality traits consistent with those described in the 
literature for early and semi-early hybrids. The MFU value 
in our study varied between 0.83 and 0.96, while that of 
registered hybrids in the French Official Catalog of Spe-
cies and Varieties ranged from 0.79 to 0.97 MFU kg−1 
(Barrière and Emile 2000; Baldy et al. 2017). Also, Baldy 
et al. (2017) observed DINAG performances of registered 
hybrids ranging from 42 and 48%, while that of our study 
ranged from 45 to 56%.

Table 5  Cross-validation estimates of the quality of prediction (mean R2 and standard deviation, SD, of the mean) of the different QTL models, 
including or not SCA compared to a model only including family effects

a For models including SCA/dominance effects, only QTL significant at a 5% level risk were included

Model DINAG (%) DINAGZ (%) MFU (MFU kg−1) NDF (%) CELL (%) HCELL (%) LIGNIN (%)

Family effects
 No QTL 49.24

SD 3.83
45.90
SD 3.7

29.58
SD 4.32

9.34
SD 3.47

39.82
SD 5.34

49.73
SD 3.91

54.67
SD 3.40

Founder alleles
 GCA 61.17

SD 4.21
52.54
SD 3.86

41.63
SD 5.26

18.97
SD 4.31

46.41
SD 4.89

59.39
SD 3.91

67.33
SD 3.65

 GCA + SCAa 59.70
SD 4.45

51.84
SD 3.81

40.72
SD 5.13

19.98
SD 4.20

45.76
SD 4.80

58.00
SD 3.90

66.58
SD 3.66

SNP within group
 GCA 61.18

SD 3.59
53.21
SD 3.91

44.34
SD 4.31

19.61
SD 4.24

46.53
SD 4.88

57.08
SD 3.76

66.36
SD 3.38

 GCA + SCAa 61.06
SD 3.57

52.92
SD 4.01

44.23
SD 4.32

20.61
SD 4.38

46.33
SD 4.83

56.96
SD 3.79

65.95
SD 3.40

Hybrid genotype
 Additive 57.49

SD 3.61
53.28
SD 4.04

40.98
SD 4.65

19.47
SD 4.62

47.43
SD 5.06

57.22
SD 3.66

63.37
SD 3.48

 Additive + dominancea 57.16
SD 3.69

53.18
SD 4.20

40.59
SD 4.54

20.64
SD 4.76

47.35
SD 5.06

57.05
SD 3.70

63.13
SD 3.56
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We found a negative correlation of − 0.53 between 
MFU and DMY lsmeans and a genetic correlation of 
− 0.72 between them. This correlation is thus stronger 

than the negative correlation (− 0.50) reported by Bar-
rière and Emile (2000) and Surault et al. (2005). Argil-
lier et al. (2000) found no correlation between DMY and 

Fig. 4  Co-localization of the best model QTL (based on R2 of cross-validation) for silage quality traits and silage productivity traits on the 
genetic map
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digestibility traits (closely linked to MFU) in a factorial 
between lines from different origins (issued from differ-
ent Dent and Flint groups). Baldy et al. (2017) reported 
even a positive relationship between DMY and MFU 
when analyzing recently registered hybrids of the French 
catalogue (the most recent hybrids showing increased 
DMY and better digestibility compared to older ones). 
This confirms that these correlations depend on the mate-
rial tested. In our case, three of the Dent founder lines 
(except F7088) belong to the Iodent group, known to have 
a good combining ability with Flint lines for DMY but 
also a poor digestibility (Barrière et al. 2003). This vari-
ability among the Dent founder lines is consistent with 
the importance of Dent GCA variance component rela-
tive to the Flint GCA for silage quality traits and DMY. 
It may also explain most of the observed correlations 
between these traits. The heterotic groups we used and 
the choice in each group of a founder line based on its 
good digestibility may have reinforced the negative cor-
relation between DMY and silage quality traits. Better 
understanding of the genetic bases of this correlation 
(pleiotropy versus linkage) is therefore of key importance 
for a breeding prospect as the objective is to improve 
simultaneously DMY and MFU.

Co‑localization between QTL of silage quality 
and production traits

Graphical representation of all QTL along the genome 
is consistent with the correlations between silage qual-
ity traits. Indeed, QTL of correlated traits were often 
detected in same genomic regions. These multitrait QTL 
co-localizations suggest a complex genetic determin-
ism implying pleiotropic QTL. For instance, 9 of the 14 
regions with QTL of cell wall digestibility (DINAG and 
DINAGZ) traits also carried QTL of lignin content. This 
is consistent with the strong negative correlation between 
lignin content and digestibility observed in our study and 
also often reported in the literature (see, for instance, 
Jung et al. 1997; Giordano et al. 2014). Lignin being not 
digestible and impeding cellulose and hemicellulose diges-
tion (Jung and Vogel 1986; Cornu et al. 1994; Moore and 
Jung 2001), it is reasonable to assume that QTL for lignin 
content may directly affect digestibility. However, all cell 
wall digestibility QTL did not co-localize with those of 
lignin content and reciprocally. Other parameters than 
lignin content affect cell wall digestibility, and selecting 
for varieties with low lignin content is not the only way to 
select for digestibility, as stated, for instance, in Méchin 

Fig. 5  Relationship between QTL allelic effects of the 8 founder lines 
(in orange for Flint ones and in green for Dent ones) for silage feed-
ing value (MFU) and silage productivity (DMY) for regions carrying 
QTL for these two traits. For each region, the chromosome bin loca-

tion, and the phenotypic variation explained for each trait and each 
region (between brackets) are indicated. Within each genetic group, 
the founder line that was chosen for its silage quality is plotted with 
the “*” symbol
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et al. (2005), Zhang et al. (2012) or El hage et al. (2018). 
In this study, we also measured two other cell wall com-
ponents: the cellulose and the hemicellulose contents that 
were found to be highly correlated with the lignin content. 
All QTL detected for CELL and HCELL co-localized with 
LIGNIN QTL, except one on chromosome 5. It would be 
interesting to evaluate other traits such as the structure 
and composition of the lignin in its different subunits as 
well as the content of p-hydroxycinnamic acids (ferulic 
and p-coumaric acids) that are involved in cross-linkages 
between cell wall components and found to explain part 
of the cell digestibility by Zhang et al. (2012). Recently, 
El Hage et al. (2018) found that beyond lignin content 
and cell wall composition, the distribution of lignified 
cell types in maize internodes was highly variable and 
may play an important role in cell wall digestibility. This 
is consistent with the meta-analysis results of Truntzler 
et al. (2010) who found only a partial overlap between 
digestibility MQTL and cell wall component MQTL. Thus, 
identifying QTL for other cell wall components, for lignin 
structure as well as for the repartition of different tissues in 
stem would be of interest for forage quality breeding. This 
calls for further development of easy ways to measure all 
these parameters on a large number of hybrids evaluated 
in field conditions (using NIRS calibration, for instance).

Adding QTL detected by Giraud et al. (2017a) for agro-
nomical traits, we observed 15 regions with co-localizations 
between silage quality and silage agronomical traits among 
all the 28 QTL regions that were detected in this study. 
Among them, co-localizations between QTL for all silage 
quality and all agronomical traits were found on chromo-
some 8 (bins 8.03 to 8.05) and chromosome 10 (bins 10.3 to 
10.04). These two regions are known to carry cloned QTL 
involved in maize flowering time (Salvi et al. 2002; Ducrocq 
et al. 2009). Consistent with trait correlations, founder allelic 
effects on DtSILK at these QTL were negatively correlated 
with allelic effects on MFU and to a lesser extent with 
digestibility effects (results not shown). Cell wall digestibil-
ity traits (DINAG and DINAGZ) and feeding value (MFU) 
were often found in regions involving silage dry matter yield 
(DMY). Five among the 14 regions involved in DINAG or 
DINAGZ and five among the 11 regions involved in MFU 
also contained DMY QTL. The negative correlation between 
overlapping QTL effects for DMY and MFU suggests that at 
least some QTL may have pleiotropic effects on both traits. 
Such pleiotropy may limit the possibility of selecting early 
maize varieties with both high DMY and good digestibility. 
The biological relationship between digestibility-related 
traits and biomass production could be explained by the 
known negative impact of cell wall degradability on traits 
such as plant resistance to stalk lodging, pest, diseases and 
abiotic stress (Buendgen et al. 1990; Flint-Garcia et al. 2003; 
Cardinal and Lee 2005; Barros-Rios et al. 2011; Santiago 

et al. 2013; Le Gall et al. 2015; Li et al. 2016; Badji et al. 
2018) that contribute to higher productivity.

Nevertheless, some silage quality QTL (for instance, on 
bins 1.07, 2.10, 5.07, 6.06 and 7.02) seem physically dis-
tant from silage productivity QTL and thus may be used to 
improve silage quality without impacting silage productiv-
ity. Results from Baldy et al. (2017) showed that in recent 
varieties, breeders succeeded in improving simultaneously 
yield and digestibility. It would be interesting to know which 
regions have been selected for during this process.

Comparison with QTL detected in the literature

We compared the detected QTL with those already published 
for related traits, and more specifically those issued from a 
meta-analysis of QTL for traits related to cell wall biomass 
composition and cell wall biomass digestibility (Truntzler 
et al. 2010), and from Barrière et al. (2016) that assembled 
QTL of in vitro digestibility of NDF (IVDNDF) and identi-
fied their co-localizations with different families of candidate 
genes. Most of the QTL we identified are localized in the 
same regions than those cited in at least one of these publica-
tions. Only one QTL for the NDF was detected in a region 
(bin 7.05 by the “Hybrid genotype” model) where no meta-
QTL and no IVDNDF QTL were identified. This QTL only 
co-localized with female flowering time (DtSILK) and might 
therefore correspond to an indirect effect of flowering time 
on NDF. Reciprocally, most of the QTL regions reported in 
these syntheses are identified in our analysis. This illustrates 
the power of this multiparental hybrid population for detect-
ing QTL and suggests that most QTL with sizeable effects in 
these genetic pools have now been detected.

Interestingly, we found QTL co-localization close to 
regions where some maize bm mutations were mapped. 
Maize bm mutations are known to affect the lignin com-
position and its degradability (Vermerris et al. 2010). For 
instance, the bm3, that codes for the COMT gene, involved 
in the monolignol pathway is located in bin 4.05 where we 
detected QTL for all silage quality traits and where MQTL 
for both cell wall biomass composition and cell wall biomass 
digestibility were identified (Truntzler et al. 2010) as well as 
a QTL for IVDNDF (Barrière et al. 2016). Also, the bm1, 
bm5 and bmr2 were positioned in bin 5.04 and co-localized 
with QTL of quality and productivity traits of this study 
as well as MQTL for both cell wall biomass composition 
and digestibility. As none of our parents carried any of the 
bm mutations, these QTL might thus correspond to allelic 
variation at the same genes, or in regions involved in their 
regulation. All co-localizations between our QTL and those 
published by Barrière et al. (2016) correspond to regions 
where these authors identified candidate genes that encode 
transcription factors such as MYB and NAC, involved in 
the lignin biosynthesis pathway. The resolution of our QTL 
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mapping does not allow to go further in the identification 
of the causal genes. Our results can be used to initiate fine 
mapping, but this process might be difficult since our QTL 
generally present small effects. One notable exception is the 
region on chromosome 1 (bin 1.02) which displays large 
effects for several quality traits and no effect on biomass 
production. Interestingly, the same region was also identi-
fied by Barrière et al. (2010) who pointed out its interest for 
improving maize cell wall digestibility.

In recent studies, Wang et al. (2016) and Li et al. (2016) 
performed genome-wide association analysis of forage quality 
in maize mature stalk of inbred lines evaluated for per se value. 
They investigated cell wall composition (NDF, ADF, LIGNIN, 
CELL and HCELL) and its digestibility via the in vitro dry 
matter (IVDMD) of stalk using a diverse maize population 
of 368 inbred lines genotyped for 560K SNP. Significant 
associations between SNP and these traits were found with 
small effect on the phenotypic variation (4 to 7%). Interest-
ingly, they found a strong association involving NDF, ADF, 
IVDMD and LIGNIN at 155.65 Mbp in the chromosome bin 
6.06, a region where we found QTL co-localization between 
DINAG, DINAGZ and MFU and where major QTL of digest-
ibility and lignin content were found by Roussel et al. (2002) in 
a RIL progeny. Furthermore, the associated SNP is contained 
in the first intron of the gene GRMZM2G140817 (ZmC3H2) 
that is involved in cell wall components biosynthesis pathway.

Implications on breeding strategies

Compared to tester-based evaluation in each heterotic group 
the use of an incomplete factorial can reduce by a factor 2 
the phenotyping effort for a same number of tested lines. 
Also, compared to hybrid panels that have been used to per-
form GWAS, the family structure of our population makes it 
possible to trace founder alleles in the experimental hybrids 
and to easily control for spurious associations due to long-
range linkage disequilibrium at the level of the founder lines.

QTL detection allows the estimation of allelic effects 
of the different founder lines. The founder lines chosen 
for their digestibly within each group (F7088 for Flint 
and F7082 for Dent) have a genotypic score of + 1.38 
and + 0.75 points of digestibility (DINAG), respectively 
(Fig. 3). This is consistent with the good performance of 
the founder hybrid F7088 × F7082 and the fact that each of 
these lines led to the best experimental hybrids based on 
lsmeans for digestibility criteria. Interestingly, the founder 
line that carries the most interesting allele within each 
group is not the same for all QTL. For DINAG, the best 
Flint founder line (F7088) has a predicted value at detected 
QTL which represents only 32% of the best Flint ideotype 
(obtained by summing the best allelic values over detected 
QTL). The corresponding score for the best Dent founder 
line (F7082) corresponds to less than 20%. For MFU, these 

values are 24% for the best Flint founder line (F02803) and 
26% for the best Dent founder line (F04401). This sug-
gests that there is room for possible improvement of future 
inbred lines within each group for these traits.

Using marker-assisted selection (MAS), QTL offer the pos-
sibility to carry out early screening of the available genetic 
material based only on molecular marker information. Fur-
thermore, QTL permit to follow alleles of interest in the 
progeny at different stages of the selection scheme. Inbred 
lines complementary at the QTL level can be easily identified 
to produce the best intergroup hybrid combinations for both 
silage productivity and silage digestibility performances. QTL 
information can also be used within each group to define gen-
otypic ideotypes, select the best inbred lines and then guide 
their intercrossing with the aim of producing future parental 
inbred lines combining the best favorable alleles. This can 
complement genome-wide predictions by allowing a specific 
monitoring of genomic regions with main effects.
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