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Abstract
Key message  Early root traits, particularly total root length, are heritable and show positive genetic correlations with 
biomass yield in perennial ryegrass; incorporating them into breeding programs can enhance genetic gain.
Abstract  Perennial ryegrass (Lolium perenne L.) is an important forage grass widely used in pastures and lawns, valued 
for its high nutritive value and environmental benefits. Despite its importance, genetic improvements in biomass yield have 
been slow, mainly due to its outbreeding nature and the challenges of improving multiple traits simultaneously. This study 
aims to assess the potential advantages of including early root traits in the perennial ryegrass breeding process. Root traits, 
including total root length (TRL) and root angle (RA) were phenotyped in a greenhouse using rhizoboxes, and genetic cor-
relations with field yield were estimated across three European locations over two years. Bivariate models estimated signifi-
cant genetic correlations of 0.40 (SE = 0.14) between TRL and field yield, and a weak but positive correlation to RA of 0.15 
(SE = 0.14). Heritability estimates were 0.36 for TRL, 0.39 for RA, and 0.31 for field yield across locations. Incorporating 
root trait data into selection criteria can improve the efficiency of breeding programs, potentially increasing genetic gain by 
approximately 10%. This results highlight the potential of early root traits to refine selection criteria in perennial ryegrass 
breeding programs, contributing to higher yield and efficiency.

Introduction

Maximising genetic gain in biomass yield is a key objective 
in breeding programs of perennial ryegrass (Lolium perenne 
L.), a forage grass widely used in pastures and lawns. As 
a component of sustainable agricultural systems, perennial 
ryegrass offers natural and cost-effective feed options with 
high nutritive value for dairy and livestock sectors, promotes 
soil and water resource conservation, reduces erosion, and 
contributes to biodiversity within agricultural landscapes 

(Humphreys 2005; Katuwal et al. 2013; Pilgrim et al. 2010). 
Despite its agronomic importance, progress in breeding has 
been modest, with annual improvements in yield ranging 
between 0.2% and 0.6% under grazing conditions (Wilkins 
and Humphreys 2003; Conaghan et al. 2008; McDonagh 
et al. 2016) The slow pace of genetic gain in perennial 
ryegrass breeding is attributed to several inherent com-
plexities, including its predominantly outbreeding nature, 
the weak correlation between selection based on individual 
plants and performance in swards, lengthy breeding cycles, 
and the complexity of simultaneously improving multiple 
economic traits (Humphreys 1997; Fè et al. 2015b).

Yield, defined as the total biomass or harvestable out-
put, is a quantitative trait shaped by a complex interplay 
of genetic, environmental, and management factors (Voss-
Fels et al. 2019). Heritability estimates for yield in peren-
nial ryegrass typically range between 0.3 and 0.6, indicat-
ing moderate to high genetic influence (Devey et al. 1989; 
Conaghan et al. 2008; Fè et al. 2015a). However, improv-
ing yield through traditional methods remains challenging. 
Field trials, necessary for accurate yield measurement, are 
costly, time-consuming and limited in their ability to han-
dle large numbers of replicates, and the need for diverse 
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environmental testing to account for genotype-by environ-
ment-interactions further complicates the process (Wilkins 
and Humphreys 2003). Additionally, genotype-by-environ-
ment interactions significantly affect yield, complicating the 
selection of genotypes with consistently superior perfor-
mance across varying environments (Conaghan et al. 2008).

To enhance breeding efficiency, it might be beneficial to 
identify correlated traits to increase predictability of yield 
in the early stages of breeding programs. Root development 
has emerged as a trait of interest in plant breeding aimed at 
improving yield and performance across diverse environ-
ments (Hammer et al. 2009; Nacry et al. 2013; Wang et al. 
2016). Efficient early root development can improve plant's 
ability to establish, persist, and perform well in different 
environmental conditions (Lynch 2013, 2007; White 2019). 
This is because roots play an important role in nutrient and 
water uptake, anchorage, mechanical support, storage, and 
overall plant health (Herder et al. 2010; Smith and Smet 
2012). Research on crops like wheat, rice, maize, soybean 
and legumes have shown the significant link between root 
development and plant growth (Uga et al. 2013; Sandhu 
et al. 2017; Adeleke et al. 2020; Müller et al. 2020; Chen 
et  al. 2021). Recognizing the importance of early root 
development and integrating its evaluation into breeding 
programs can contribute to higher yields and better forage 
quality, as well as improved adaptability to nutrient-poor and 
water-limited environments (Herder et al. 2010). In peren-
nial ryegrass, the potential of early root traits as proxies for 
field yield has not been thoroughly investigated. Integrating 
root traits measured under glasshouse environment offers a 
potentially cost-effective and reliable method for predicting 
field performance, addressing the limitation of traditional 
field-based selection.

Multivariate models are valuable for integrating multiple 
correlated traits into the breeding process (Thompson and 
Mayer 1986; Jia et al. 2012; Arojju et al. 2020). The use 
of multivariate models allows for estimation of the genetic 
correlation between traits and potentially improve the accu-
racy of genomic estimated breeding values predictions, 
thus enhancing selection accuracy and genetic gain (Jia 
et al. 2012; Mrode 2014; Rutkoski et al. 2016; Hayes et al. 
2017). In our study we used bivariate models to assess the 
genetic correlations between early root development traits 
and biomass yield in perennial ryegrass. Our focus was on 
implementing early root traits, which can be phenotyped 
under greenhouse conditions, to act as indicators for field 
yield. Incorporating these traits into selection criteria, aims 
to improve the breeding process by increasing the accuracy 
of the predictive yield outcomes and enhancing the over-
all genetic gain (Fernandes et al. 2018; Mrode 2014). This 
approach could address one of the practical challenges of 
field-based selection, replacing one replicate with cost-effec-
tive and scalable alternative through early root phenotyping.

We hypothesize that early root development traits of 
young seedlings can act as proxies for field yield across 
multiple years and locations. Additionally, we propose that 
incorporating these traits into selection criteria will increase 
the genetic gain in a commercial perennial ryegrass breed-
ing program. By estimating the genetic correlation between 
early root development traits and yield in field experiments 
in a commercial breeding program, we aim to assess the 
potential advantages of incorporating early root traits into 
the selection process.

Materials and methods

Plant material and genotyping

In total 239 families of diploid forage type perennial ryegrass 
were provided by DLF Seeds (Store Heddinge, Denmark). 
Of these, 235 were F2 full-sib families from a commercial 
breeding program, while the remaining four were commer-
cial varieties (Abosan, Bovini, Fabiola, and Goyave). F2 
families originated from pair-crosses between single plants 
(self-pollination avoided due to self-incompatibility), after 
which seeds from both plants were pooled to form an F1 
family and then multiplied in isolated plots (random mating 
occurring within each family from F1 to F2).

Sequence data was generated using the Genotyping-
by-Sequencing (GBS) approach, following the protocols 
described by Byrne et al. (Byrne et al. 2013) and Elshire 
et al. (Elshire et al. 2011). For genotyping F2 families and 
commercial varieties, a pooled sample of approximately 100 
seedlings per family grown on Rockwool blocks was uti-
lized. Genomic DNA extracted from the pooled samples was 
digested using the ApeKI (5-bp recognition site) and PstI 
(6-bp recognition site) restriction enzymes and subsequently 
sequenced on an Illumina HiSeq4000 platform. The result-
ing sequencing data were aligned to the reference genome of 
L. perenne (Nagy et al. 2022). Genetic variants were called 
using GATK 4.2.6.1 and filtered based on a quality score of 
30, a missing rate above 0.5, and a minor allele frequency 
(MAF) below 0.01. After quality filtering a total of 123,231 
SNPs were retained for further analyses.

Experimental setup and growth conditions

Plants were grown in custom-made plastic rhizoboxes 
(20  cm × 2.5  cm × 37 cm) with a transparent plexiglass 
front plate. The plexiglass was covered with black plastic 
foil to prevent algae growth. Rhizoboxes were angled at 60° 
relative to the horizontal plane, with the plexiglass plate 
positioned beneath them, promoting root growth along the 
visible side (Supplemental Figure 1). Each rhizobox was 
filled with 1.8 L of substrate (a mix of peat and local topsoil) 
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and manually supplemented with 300 ml of water. Three 
seeds were sown in each box at equal distances between 
each other, with three boxes (replicates) used for each family 
(Supplemental Figure 1b).

An incomplete split-plot design was used to allow phe-
notyping of 239 families in triplicate. To accommodate the 
limited number of available rhizoboxes (180), the phenotyp-
ing process was divided into four blocks, with each block 
containing 179 families. The commercial variety Abosan 
consistently served as the control line, occupying the 180th 
entry in each block to ensure consistency.

The experiment was conducted over three months, from 
August to December, within a single experimental green-
house compartment (Research Center Flakkebjerg, Aarhus 
University, Denmark). The greenhouse conditions were con-
trolled with additional heating and LED artificial lighting 
(16/8 h and 20/14 °C day/night). After sowing, all families 
in each block were allowed to grow for 21 days before data 
collection.

Root imaging and analysis

Non-destructive root phenotyping was conducted 21 days 
after sowing (DAS). A Sony RX0 camera was used in a 
light box to ensure consistent illumination, capturing high-
resolution visual spectrum images (3200 × 4272 pixels) for 
each rhizobox. A total of 718 images were obtained, with 
three pictures per family, and up to three plants per box.

Images were analysed to extract relevant root traits. Prior 
to analysis, the images were cropped (1750 × 3100 pixels) 
to remove the background. Image segmentation was per-
formed using RootPainter (Smith et al. 2020), a software 
that utilizes a GPU server and convolutional neural network-
based deep learning models. The training dataset consisted 
of 300 root images measuring 700 × 700 pixels. Training 
and annotation were completed within 210 min, following 
the protocol established by Smith et al. (2020). The resulting 
model was used for root segmentation and total root length 
(TRL) extraction from each image. The software generated 
TRL values, expressed as the total number of root pixels per 
box, capturing the cumulative root length for all three plants 
grown in each rhizobox.

RootPainter and SeminalRootAngle tool (Smith et al. 
2024) were used to record the root angle (RA) for each 
seedling in the rhizobox. RootPainter was used to segment 
the roots and identify the position of each seed within the 
box. The SeminalRootAngle tool then generated a skeletal 
structure of the root system by defining a semi-circle around 
the root origin. This approach included cropping to exclude 
roots beyond a specific radius. The RA was finally measured 
as the angle between the two outermost roots relative to the 
seed’s position.

Field experiment

The F2 families were sown in October 2020 in sward plots at 
three locations: Store Heddinge Denmark, Stanway, United 
Kingdom (UK), and Ballycanvan Big, Ireland. The same 
plants were maintained throughout two consecutive harvest 
seasons (2021 and 2022). Plot sizes were 12.5 m2 in Den-
mark and 11.5 m2 in the other locations, arranged in 14 trials 
(or blocks), each containing 18 families. In Denmark, trials 
were sown in two replicates, and families within each trial 
were arranged in a Latin square design. In UK and Ireland, 
only one replicate per trial was sown, precluding a Latin 
square arrangement in those locations. Families within trials 
were selected to have similar heading date, and plots were 
randomized within each trial/replicate. The experiment fol-
lowed specific management practices at each location with 
families grown for two harvest years. In Denmark conserva-
tion management was followed with 4 cuts per year (each 
leaving 6 cm of grass). In Ireland simulated grazing manage-
ment resulted in more frequent cuts (leaving 3 cm of grass): 
9 times in 2021 and 6 times in 2022. In the UK, conservation 
management with 4 cuts was followed in 2021, but due to 
poor growth caused by drought, only 4–5 cuts were har-
vested in 2022 under simulated grazing management.

Traits analyzed

Three key traits were analyzed in this study: TRL, RA, and 
biomass yield. TRL and RA were measured under glass-
house conditions, while biomass yield was recorded in the 
field across three locations over two consecutive harvest 
seasons. TRL represents the cumulative root length per 
rhizobox, derived from the segmented root images. RA 
measures the angular spread between the outermost roots of 
each seedling. Both traits were quantified using the image 
analysis methods detailed in Sect. “Root imaging and analy-
sis”. Biomass yield (kg of green matter per plot) was meas-
ured in field trials at three locations with varying manage-
ment practices (Sect. “Field experiment”). To account for the 
wide variability in yields across locations and cuts, the data 
was log-transformed to normalize it and stabilize variance 
across the dataset.

Statistical model and methods

Root recording (TRL and RA) in the rhizobox experiment 
was designed as an incomplete block design of na = 239 
families and three replicates in four incomplete blocks 
denoted, j = {1, 2, 3, 4} . Recording of roots were modelled 
by

(1)zij = �i + �j + �ij
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where zij is the mean root recording of up to three germi-
nated full-sib seeds, nij ∈ {1, 2, 3} in a rhizobox, i.e. in all 
boxes at least one seed germinated in each replicate for fam-
ily i =

{
1, 2,… , na

}
 sown in rhizobox ij of block j , �j is the 

fixed block effect, �i ∼ N
(
0, �2

�
G
)
 is the family effect, G is 

the genomic relationship matrix calculated using a modifi-
cation of VanRaden’s (VanRaden 2008) method, as adapted 
by Cericola et al. (Cericola et al. 2018), which incorporates 
family-level allele frequency information instead of indi-
vidual genotypes, and �ij ∼ N

(
0, �2

�

)
 is the residual effect.

The field data of yield yikl� was modelled by

where �l� is the fixed yield level at location l and cut � , 
� =

{
1, 2,… , nl

}
 , nl is the number of cuts over the two years 

of the experiment at the three location, l = {1, 2, 3} , �k� is 
the combined field trial (or block) and cut effects, 
�k� ∼ N

(
0, �2

��

)
 of field trial j = 

{
1, 2,…ml

}
 , ml = 14 , ai is 

the additive genetic family effect, ai ∼ N
(
0, �2

a
G
)
 of family 

i , �il is the combined family-location effect, �il ∼ N
(
0, �2

a�

)
 

covering additive and nonadditive genetic interaction effects, 
�ikl is the random variation between plots �ikl ∼ N

(
0, �2

�

)
 , eikl� 

is the random residual variance between cuts within plots 
eikl� ∼ N

(
0, �2

e

)
.

The two above models in Eq. (1) and Eq. (2) were com-
bined in a bivariate model where:

� =
(
�1,… �i,…

)� and a =
(
a1,… ai,…

)� are vectors of 
additive genetic family effects of all individuals in G , and �2

�
 , 

�2
a
 and �2

�a
 are associated genetic variances and co-variances. 

The remaining random effects, �j� , �il , and �ijl were assumed 
to be uncorrelated.

For the field data an extended version of Eq. (3) is repre-
sented by Eq. (4):

where a1 , a2 , and a3 are additive genetic effects in the three 
locations associated with the variances and co-variances 
across all individuals included in G . The non-additive 
genetic interaction effects for family-locations were esti-
mated in �il.

(2)yikl� = �l� + �k� + ai + �il + �ikl + eikl�

(3)

(
�

a

)
∼ N

(
0

0
,

[
𝜎2
𝛼

𝜎
𝛼a

𝜎
𝛼a

𝜎2
a

]
⊗ G

)
,

(
𝜀is
eijl𝜏

)
∼ N

(
0

0
,
𝜎2
𝜀

0

0 𝜎2
e

)
,

(4)
⎛⎜⎜⎜⎝

�

a1
a2
a3

⎞⎟⎟⎟⎠
∼ N

⎛⎜⎜⎜⎝

0

0

0

0

,

⎡⎢⎢⎢⎣

𝜎2

𝛼
𝜎
𝛼a1

𝜎
𝛼a2

𝜎
𝛼a3

𝜎
𝛼a1

𝜎
𝛼a2

𝜎
𝛼a3

𝜎2

a1
𝜎
a12

𝜎
a13

𝜎
a12

𝜎2

a2
𝜎
a23

𝜎
a13

𝜎
a23

𝜎2

a3

⎤⎥⎥⎥⎦
⊗ G

⎞⎟⎟⎟⎠
,

�
𝜀is
eijl𝜏

�
∼ N

�
0

0
,
𝜎2

𝜀
0

0 𝜎2

e

�
,

Let y =
(
z11, zij…, y1111, yikl� ,…

)T be a vector of all 
recording from both traits, i.e. boxes and field experiments, 
where T represents the transpose of the vector. Let y∗ = KTy 
be a linear function of y so that y∗ contains none of the fixed 
effects which are part of y . Hence the REML estimate of the 
random parameters in � is then obtained by the maximum 
of the log-likelihood function �(y∗|�) , and for the first trait 
in the bivariate model (Eq. (3)) recorded as mean values in 
the boxes given by zij we have:

where f  is the Gaussian probability function applied on each 
of the residuals �ij which are weighed according to 1∕nij serv-
ing as a correction factor to account for varying number of 
seeds, nij defined in Eq. (1) to be the number of germinated 
seeds in a rhizobox ij . Narrow sense heritability of average 
root records in rhizoboxes was calculated as:

where �2
�
 was multiplicated by D = 1.7 to adjust for the rate 

of homozygosity obtained from the mean diagonal elements 
of G, ns = 3 denote the number of replicates in the rhizobox 
experiment, and nij is the mean number of seeds that ger-
minated per rhizobox. Heritability of average field records 
was calculated as:

where nL = 3 is the number of locations per family, 
nC = 21.6 is the mean number of observations per trial-cut, 
nR = 4 is the total number of replicates per family across all 
locations and nT = 9.8 is the mean total number of cuts for 

(5)�(�∗|�) ≈ ∑
ij

lnf

(
εij

nij

)

(6)h2
�
=

D�2
�

D�2
�
+

�2
�

ns∗nij

(7)h2
a
=

D�2
a

D�2
a
+

�2
a�

nL
+

�2
��

nC
+

�2
�

nR
+

�2
e

nT

each plot. For calculation of the individual heritability in the 
three locations the following numbers were used, nL = 1 , 
nR = 2 in DK and nR = 1 in UK and IR.

The bivariate model describes the additive effects in 
boxes and the additive effects in fields, and the genetic varia-
tions of the two traits are described by the bivariate Gaussian 
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distributions of breeding values in 
(
�i, ai

)T (Falconer and 
Mackay 1996). In such a bivariate distribution the correlated 
effect on ai from �i is obtained by

where b is the regression coefficient, �2
�
 and �

�a
 are genetic 

variance and genetic co-variance described in the bivariate 
model above Eq. 3.

Different genetic potential was assumed for the lines in 
the three locations and thus model with four dimensions was 
introduced, and thereby the correlated effect from �i on ali is 
obtained by

where bl is the regression coefficient associate to the loca-
tion l = {1, 2, 3} and �

�al
 are genetic co-variance described 

in Eq. (4).
All statistical analyses and model fitting described above 

were conducted using the DMU software package (Madsen 
and Jensen 2013).

Response to selection

According to Falconer and Mackay (Falconer and Mackay 
1996) the genetic response to selection per generation, R , is 
given by the equation:

where i is the selection intensity, r is the accuracy, �a the 
genetic standard variance of yield. In the present cases, we 
aimed to estimate the response to selection for two traits 
using combined data from both rhizoboxes and field trials. 
This introduces a multivariate selection approach (Mrode 
2014), represented as:

where �2
I
 is the variance of selection index for the com-

bined selection information from rhizoboxes and field 
trails, � =

(
�2
�
, ��a

)T is the vector of genetic variances and 
co-variances described in Eq. 3, and � is the phenotypic 
covariance matrix for the two traits. The diagonal values in 
� were obtained similarly to the denominator values used 
for calculating narrow sense heritability in Eqs. (6) and (7) 
and the off-diagonal elements in � were identical to ��a . The 
accuracy of the combined selection information is given by 
r = �I∕�a and the response to selection is R = i�I (Mrode 
2014). All calculations described above were performed in 
R R Core Team (2023).

(8)ai|�i = b�i =
�
�a

�2
�

�i

(9)ali|�i = bl�i =
��al

�2
�

�i

(10)R = ir�a

(11)�2
I
= �T�−1�

Results

Greenhouse and field data

After 21 days under greenhouse conditions, the mean num-
ber of germinated seeds per rhizobox was 2.7 (SD 0.5), 
with a mean TRL of 3.19 kilo pixels, and mean RA of 
52.3 degrees. Both traits showed high phenotypic varia-
tion, with coefficient of variation (CV%) of 40.4 for TRL 
and 34.3 for RA (Table 1).

A total of 9,190 yield recordings were collected across 
the two years of field trials at the three locations. Ireland 
recorded a higher number of cuts per season (up to nine), 
resulting in more yield measurements per family and con-
tributing to the phenotypic variation observed. Yield val-
ues ranged from below 5 kg to 60 kg per plot (Fig. 1), with 
a CV% of 99.2 across all cuts and locations, reflecting the 
substantial variability due to environmental conditions and 
management practices. To account for this variation, yield 
data were log-transformed. Figure 1 shows yield patterns 
across locations, years, and seasons, reflecting the impact 
of management practices. In Denmark and the UK, the first 
cuts of the season in early spring were significantly larger 
than subsequent cuts, while cuts in Ireland showed more 
uniform yields across the growing season.

Table 1   Summary of the observed traits for plants grown under 
greenhouse conditions and field conditions for the 239 families. Root 
length and angle were recorded in greenhouse and yield of each cut 
was recorded in the field trials.

DK   Denmark, UK  United Kingdom, IE  Ireland, year 1 indicate the 
first year of harvests (2021) and year 2 the second (2022)

No. of obs No. of cuts Mean Std. dev CV%

Total root length 
(kpx)

700 – 3.19 1.29 40.39

Seminal root angle 
(deg)

668 – 52.3 18.0 34.30

Yield, all cuts (kg) 9190 32 11.24 11.15 99.20
Yield (kg), year 

1, DK
1888 4 18.83 15.4 81.80

Yield (kg), year 
1, UK

928 4 20.07 16.61 82.77

Yield (kg), year 
1, IE

2094 9 6.67 2.68 40.18

Yield (kg), year 
2, DK

1887 4 9.88 6.65 67.32

Yield (kg), year 
2, UK

1010 5 7.52 7.53 100.1

Yield (kg), year 
2, IE

1383 6 6.47 2.76 42.68
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Covariance estimates

Variance components were estimated using bivariate models 
for TRL and field yield, as well as for RA and field yield, 
assuming identical genetic variation across locations (Eq. 3). 
The variance of the family-location interaction effect ( �2

a�
), 

was small, with values of 0.0003 for TRL and 0.0004 for RA. 

However, when models were fitted with location-specific 
genetic effects (Eq. 4), the family-location interaction effect 
became negligible, i.e., �2

a�
= 0.000 (Table 2). This indicates 

that environmental factors played a larger role in yield vari-
ation than genetic differences between locations. In both 
bivariate models, the variance components for the combined 
field trial and cut effects ( �2

��
 ) were significant, with values 

Fig. 1   Yield recordings 
(n = 9190) for each location 
(Denmark, UK, and Ireland) 
and cut across two growing 
seasons of the experiment

Table 2   Estimated residual variances of TRL and RA records in 
greenhouse, and variances of environmental and genotype by loca-
tion effects, i.e., trial-cut, family-location, plot, and residual effects of 
yield recorded in the field experiment in three locations: Denmark, 
UK, and Ireland. The model includes two genetic effects: α, the fam-

ily-level additive genetic effect for greenhouse root traits, and α, the 
additive genetic effect for field yield. Location-specific genetic effects 
denoted by a₁, a₂, a₃ for Denmark, UK, and Ireland, respectively. Var-
iances represent different sources of variation, including genetic and 
environmental components. Standard errors are shown in parentheses

*For field yield, the log-transformed values were used to adjust for the inhomogeneity of variation in yield at the three locations in Denmark, 
UK, and Ireland

Traits Variance component Estimates of model with � and a Estimates of model 
with � , a1 , a2 , and 
a3

Field yield (kg)* Trial-cut, �2

��
0.030 (0.002) 0.029 (0.002)

Family-location, �2

a�
0.0003 (0.0003) 0.0000 (0.0004)

Plot, �2

@
0.0016 (0.0003) 0.0010 (0.0003)

Root length (kpx)

Residuals, 

{
�2

�

�2

e

2.12(0.13) 2.12(0.13)

Field yield (kg)* 0.0196(0.0003) 0.0196(0.0003)

Field yield (kg)* Trial-cut, �2

��
0.030 (0.002) 0.029 (0.002)

Family-location, �2

a�
0.0004 (0.0003) 0.0000 (0.0004)

Plot, �2

@
0.0016 (0.0003) 0.0010 (0.0003)

Root angle (deg)

Residuals, 

{
�2

�

�2

e

697.7 (46.3) 695.1 (46.0)

0.0196 (0.0003)0.0197 (0.0003)Field yield (kg)*
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of 0.0293 for the model with TRL and 0.0300 for the model 
with RA. The associated standard errors were 0.0022 and 
0.0023, respectively. (Table 2).

Genetic correlations

The genetic correlation between greenhouse-recorded root 
traits and yield from field cuts observed across the three 
locations was 0.40 for TRL and 0.15 for RA (Table 3). The 
correlation of 0.40 (SE = 0.14) between TRL and yield 
across all cuts, locations and years indicates a significant 
shared genetic influence. In contrast, the correlation of 0.15 
between RA and yield, although positive, had a relatively 
high standard error of 0.14, suggesting a weak and uncertain 
association.

These genetic correlations indicate that breeding values 
for TRL and yield are moderately related (Fig. 2). To quan-
tify this relationship further, we calculated the genetic 
regression coefficient b using Eq. (8) b =

�
�a

�2
�

=
0.0037

0.085
= 0.044 

where �
�a

 is the genetic covariance between TRL and yield 
and �2

�
 is genetic variance of TRL (as per Eq. (8). This coef-

ficient suggests that an increase in TRL by one kilopixel in 
the greenhouse corresponds to a proportional increase of  
e0.044 = 1.045 or 4.5%, in field yield, considering the log-
transformed response variable.

Figure 2 illustrates the genetic association between the 
predicted breeding values for TRL and field yield. The 
breeding values for TRL ranged from –0.64 to 0.70 kilopix-
els, while those for the log-transformed field yield ranged 
from –0.13 to 0.09 kg per cut. The positive slope observed in 
Fig. 2 reflects the genetic correlation of 0.40, demonstrating 
that genotypes with higher breeding values for TRL tend to 

also have higher breeding values for yield. Genetic correla-
tions between TRL and field yield were also estimated sepa-
rately for each location using models with location-specific 
genetic effects. The correlations were 0.45 (SE = 0.15) in 
Denmark, 0.26 (SE = 0.15) in the UK, and 0.22 (SE = 0.17) 
in Ireland (Table 3). These results demonstrate a consist-
ent positive relationship between TRL and yield across dif-
ferent environments, although the strength of the associa-
tion varies by location. In contrast, the genetic correlations 

Table 3   Estimated variances (in 
diagonal), co-variances (above 
diagonal) and correlations 
(below diagonal) of the 
additive genetic effects of root 
length and angle recorded 
in greenhouse (α) and yield 
recorded in the field experiment 
in three locations (a1, a2, a3,): 
Denmark, UK, and Ireland. 
Standard errors are shown in 
brackets

Fig. 2   Scatter plot showing the genetic association between predicted 
breeding values for total root length (TRL) measured in greenhouse 
rhizobox experiments and field yield across all locations and years. 
Each point represents one of the 239 families evaluated. The x-axis 
displays the breeding values for TRL (kilopixels), and the y-axis 
shows the breeding values for log-transformed field yield (kg per cut). 
The solid line represents the linear regression fit, indicating a positive 
association between TRL and yield. The genetic correlation between 
TRL and field yield was estimated to be 0.40 (standard error = 0.14)
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between RA and field yield were more variable and gener-
ally weaker:  – 0.03 (SE = 0.14) in Denmark, 0.13 (SE = 0.15) 
in the UK, and 0.30 (SE = 0.16) in Ireland suggesting a less 
consistent relationship.

Location‑specific genetic correlations

Genetic correlations between TRL and field yield in the 
three locations are based on estimated covariances of 
0.005 (Denmark), 0.004 (UK), and 0.002 (Ireland), along 
with their associated variances. Using Eq. (9), the coef-
ficients of the regression lines associated with the plots 
of breeding values of TRL in the greenhouse and field 
yield in the three locations were calculated as: 
bDK =

�
�aDK

�2
�

=
0.005

0.08
= 0.06   ,  bUK =

0.004

0.08
= 0.05   , 

bIE =
0.002

0.08
= 0.025 .. Since log-transformation of yield was 

used as the response, the associated proportion of yield 
increase for each location was given by ebl ∶ e0.06 = 1.064 
or 6.4% increase in Denmark, e0.05 = 1.051 5.1% increase 
in UK and e0.025 = 1.025 or 2.5% increase in Ireland. 
These results indicate that TRL measurements from the 
greenhouse can predict deviations and genetic progress 
for yield in these locations. Specifically, genetic progress 
could be twice as high in Denmark compared to Ireland 
for the same selected families when selected based on the 
same rhizobox records (Fig. 3).

Heritability estimates

Narrow-sense heritabilities (h2) of the analyzed traits 
were calculated using the variance components estimated 
from the bivariate models described in Eq. 3 and 4. Herit-
abilities of root traits were calculated using Eq. (6), and 
of field yield with Eq.  (7). Using the bivariate model 
assuming identical genetic variances across locations 
(Eq.  (3)), the heritability of TRL was estimated to be 
0.36, and RA was 0.39 (Table 4). The heritability of field 
yield across all locations, years, and cuts was estimated 
to be 0.31. When using the bivariate model with location-
specific genetic variances (Eq. (4)), the heritability esti-
mates for TRL and RA were 0.35 and 0.40, respectively 
(Table 4). The heritability estimates for field yield varied 
by location: 0.39 for Denmark, 0.48 for the UK, and 0.30 
for Ireland.

Fig. 3   Scatter plots showing the genetic associations between pre-
dicted breeding values for TRL measured in greenhouse rhizobox 
experiments and field yield at each of the three locations: a Denmark, 
b United Kingdom, and (c) Ireland. Each point represents one of the 
239 families evaluated. The x-axis displays breeding values for TRL 

(kilopixels), and the y-axis shows breeding values for log-transformed 
field yield (kg per cut). Solid lines represent linear regression fits for 
each location. The genetic correlations between TRL and field yield 
were estimated to be a 0.45 (standard error = 0.15) for Denmark, (b) 
0.26 (SE = 0.15) for the UK, and c 0.22 (SE = 0.17) for Ireland

Table 4   Narrow sense genetic heritability (h2) estimates for yield, 
total root length and root angle, based on two types of bivariate mod-
els: one assuming a single identical genetic effect across locations (α 
and a) and another allowing for location-specific genetic effects (α, 
a1, a2, and a3) in Denmark, UK, and Ireland. To standardise the vari-
ance across the three locations, yield values were log-transformed

Traits Estimates of model 
with � and a

Estimates of model 
with � , a1 , a2 , and 
a3

Root length (kpx) 0.36 0.35
Field yield (kg) 0.31 0.39, 0.48, 0.30
Root angle (deg) 0.39 0.40
Field yield (kg) 0.31 0.39, 0.48, 0.30
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Response to selection

The benefit for commercial breeding was evaluated through 
two scenarios. The first scenario considered a breeding pro-
gram relying solely on field recordings, while the second 
scenario incorporated additional data from three rhizoboxes 
per family, similar to the present experiment. In scenario 1, 
we calculated the expected genetic gain from the current 
field experiment involving 239 F2 families and 4 replicates. 
Assuming that 2 families are selected as the final outcome, 
the proportion of selection is 2/239, and the selection inten-
sity is i = 2.7 . In scenario 2, we performed pre-selection 
using rhizobox data, doubling the number of F2 families 
to 478. From these 478 families, we selected the top-per-
forming half (239 families) for further field trials, based on 
root development traits in the rhizoboxes. This increased 
the selection intensity, resulting in a proportion of selection 
of 2/478 and a corresponding selection intensity of i = 2.9.

The expected response to selection was calculated using 
Eq. (10) and the results are summarized in Fig. 4. The calcu-
lations considered varying numbers of field replicates, rang-
ing from 1 to 10. The expected genetic gain is presented 
relative to a baseline genetic gain obtained from scenario 1, 
assuming 4 field replicates without rhizobox information. 
Both scenarios showed that genetic gain increased with 
the number of field replicates. Furthermore, incorporat-
ing rhizobox information added approximately 10% more 
genetic gain across all levels of field replication.

Discussion

Our study focused on early root development traits to 
increase the genetic gain in biomass yield of perennial 
ryegrass. We examined the heritability and genetic correla-
tions of these traits across multiple years and locations in a 
perennial ryegrass breeding program. We hypothesized that 
early root traits measured in controlled greenhouse environ-
ments could serve as an indicator of long-term field yield. 
Our findings demonstrated a positive genetic correlation 
between traits like TRL in 21-day-old seedlings and field 
yield. These results support integrating root trait measure-
ments into breeding strategies to promote the development 
of high-yielding perennial ryegrass varieties.

The narrow-sense heritability of yield in perennial 
ryegrass varies considerably, due to factors such as popula-
tion, location, year, and cutting practices (Fè et al. 2015b; 
Fernando et al. 1997; Ravel and Charmet 1996). In our study, 
conducted over different years and locations, we observed a 
moderate narrow-sense heritability for yield at 0.31. These 
findings align well with previously reported heritability esti-
mates across different environments, which typically range 
between 0.30 and 0.35 (Fè et al. 2015b; Jahufer et al. 2021; 
Lin et al. 2017) and within locations within specific environ-
ments, which show a broader range of heritability estimates 
from 0.44 to 0.60 (Fè et al. 2015b; Guo et al. 2018).

Similarly, when examining root traits, our study identified 
a heritability of 0.36 for TRL of 21-day-old seedlings meas-
ured in rhizoboxes, which closely matches previous reports 
of a heritability of approximately 0.35 for total root weight 
in mature plants grown in tubes (Crush et al. 2006). This 
consistency across different developmental stages and meth-
odologies suggests that early-stage TRL measurements may 
serve as a reliable proxy for overall root biomass, providing 
a potentially practical approach for early selection in breed-
ing programs (Malinowska et al. 2017; Tackenberg 2006).

For RA, we observed a narrow-sense heritability of 0.39, 
which is comparable to that of TRL. However, this contrasts 
with significantly higher broad-sense heritability reported 
for seminal root angle in other crops such as rice (Uga et al. 
2015), wheat (Colombo et al. 2022; Richard et al. 2015) and 
barley (Jia et al. 2019). These differences between narrow 
and broad-sense heritability suggest that the genetic regula-
tion of root angle is more complex, potentially involving 
significant non-additive genetic effects. This complexity 
underscores the need for further research into seminal root 
angle to clarify the underlying genetic mechanisms.

Examining the genetic correlations between root traits 
and yield can help us understand how root architecture 
might influence crop productivity (Ogrodowicz et al. 2023; 
Robinson et al. 2018). In our study, the genetic correlations 
between TRL and yield across all cuts, years, and locations 

Fig. 4   The expected genetic gain in two breeding scenarios: one with-
out pre-selection from rhizoboxes (field only, empty  black circles) 
and another incorporating pre-selecting data from three rhizoboxes 
per family (solid black points). The genetic gain is presented relative 
to the baseline genetic gain obtained from a field experiment with 
four replicates and no rhizobox information
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were moderately strong and positive (0.40). This consistent 
positive correlation, observed over two growing seasons, 
suggests potential benefits of early root system develop-
ment for sustained yield (Chesworth et al. 1998; Viana et al. 
2022). This persistence may be explained by the influence 
of locally (or broadly) adapted alleles, as demonstrated by 
Chen et al. (Chen et al. 2021) in switchgrass, who found 
that these alleles contribute to the positive genetic correla-
tion between above- and belowground biomass, influencing 
both shoot and root development. Similar findings have been 
reported in grain crops, where specific root traits observed 
under controlled glasshouse conditions in barley (Robinson 
et al. 2018) and wheat (Bai et al. 2019; Xie et al. 2017), were 
correlated with grain yield, highlighting the broader role of 
root architecture in resource acquisition and productivity.

In addition to genetic correlations, the dynamic interac-
tion between root and shoot growth is important for main-
taining plant productivity under stress conditions. Li et al. 
(Li et al. 2021a, b), demonstrated that reduction in root 
biomass due to defoliation led to decreased shoot growth 
in perennial grasses, highlighting the importance of root 
plasticity and shoot–root interactions in maintaining plant 
performance. This supports the idea that robust early root 
development not only enhances root growth but also contrib-
utes to shoot productivity through coordinated genetic and 
physiological feedback mechanisms, underscoring the value 
of root traits in improving yield outcomes.

While our observed genetic correlations indicate a rela-
tionship between root traits and yield, these relationships 
are not definitive. Other genetic factors, independent of 
the traits measured, may also play a role in determining 
yield outcomes. The bivariate model used to assess yield 
variation (Table 2) captures only a portion of the variance, 
suggesting that other factors—such as environmental vari-
ability, genotype-by-environment interactions, or unmeas-
ured genetic traits—may also significantly impact yield. 
In addition to genetic factors, robust root development and 
turnover may enhance soil water retention, particularly in 
water-limited environments, thus indirectly contributing to 
improved yield (Macleod et al. 2013). Therefore, explor-
ing the specific genetic correlation between root traits and 
yield across diverse environmental conditions can be use-
ful for refining location-specific breeding strategies aimed 
at improving yield stability. The three experimental loca-
tions—Denmark, Ireland and UK—fall within the Atlantic 
maritime macroclimate of Northwestern Europe (Bednar-
Friedl et al. 2022). Despite this general climatic similarity, 
variations in microclimate, local soil types (Joint Research 
Centre, European Soil Data Centre 2024), and cut manage-
ment practices, ranging from about four cuts per year in 
UK and Denmark to nine in Ireland, influenced our results 
(Fig. 1). The bivariate model showed varying degrees of 
genetic correlation between the TRL and biomass yield in 

each location. Although all locations had a positive genetic 
relationship between these traits, the strength varied signifi-
cantly, with correlations in UK (0.25 + − 0.15 SE) and Ire-
land (0.22 +  − 0.17 SE) being nearly half of those observed 
in Denmark (0.45 and 0.15 SE). Such inconsistencies in the 
relationship between root traits and agronomic performance 
have also been reported in other species (Colombo et al. 
2022; Robinson et al. 2018), suggesting that the adaptive 
value of early root development depends on specific envi-
ronmental conditions.

Root angle is an important trait for understanding plant 
performance and yield potential. While studies have demon-
strated the influence of RA on grain yield in various crops, 
its specific impact on biomass yield in perennial forage crops 
remains less explored (Fusi et al. 2022; Uga et al. 2013). In 
our study, we found a positive genetic correlation between 
RA and field yield (0.15), although the substantial standard 
error (0.14), suggests that this result should only be con-
sidered indicative (Table 3). Further analysis of the genetic 
correlations between RA and yield across the three locations 
revealed distinct patterns compared to TRL. In Denmark and 
UK, correlations between RA and yield were near zero or 
non-significant, with high standard errors. In contrast, Ire-
land showed a positive correlation (0.30, 0.16 SE) between 
RA and yield, while the correlation for TRL was lower in 
comparison to the other locations (Table 3). These findings 
point to a potential location-specific effect of RA on yield, 
indicating that different types of root architecture may pro-
vide growth advantages under varying environmental condi-
tions (Hostetler et al. 2024; Lynch 2021; Rogers and Benfey 
2015).

Perennial ryegrass demonstrated heritable variation in 
both above- and below-ground traits (Table 4), indicating 
a substantial genetic basis for their development. Nonethe-
less, both shoots and roots are highly influenced by environ-
mental factors, dynamically adapting to various stressors 
and biological interactions (Rich and Watt 2013; Li et al. 
2021a, b). This interaction between genetic and environ-
mental influences is highlighted by the genetic correlations 
observed in our study, which vary for different locations. 
Despite occupying distinct environments and serving dif-
ferent functions, the genetic correlation between shoot bio-
mass and below-ground traits suggests that shared genetic 
mechanisms may influence their coordinated development 
and growth. This is consistent with other studies that have 
suggested coordinated regulation through shared genetic 
pathways or interconnected biological processes (Puig et al. 
2012; Naz et al. 2013; Siddiqui et al. 2020; Chen et al. 2021; 
Li et al. 2021a, b).

Incorporating early root traits into selection can enhance 
genetic gain in biomass yield. Our comparison of breed-
ing scenarios indicates that pre-selection using rhizobox 
data increases selection intensity and genetic gain by 
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approximately 10% compared to field-only methods (Fig. 4). 
By measuring root traits in young seedlings under controlled 
conditions, we can pre-select the most promising families 
before sufficient seeds are available for field testing. This 
early selection reduces the number of families that need to 
be evaluated in the field, directly addressing the limitations 
of traditional field trials—which are often constrained by 
space, time, and cost—while allowing for a larger number of 
entries and replicates. While only nine seeds per family were 
scored for TRL and RA, heritability estimates and signifi-
cant genetic correlations with field yield indicate that these 
samples sufficiently captured between-family genetic vari-
ation. Root traits measured on these nine plants were also 
correlated with biomass yield data collected from a much 
larger population in the field, further supporting the robust-
ness of our findings. Similar strategies have been explored in 
other crops, such as wheat, where integrating root traits like 
deeper root length has shown potential for improving breed-
ing efficiency, yield, and stress tolerance (Tracy et al. 2020; 
Ober et al. 2021). However, further research is needed to 
determine the optimal number of families for pre-selection 
to ensure efficiency.

Our study highlights the value of early root development 
traits, particularly TRL, in enhancing genetic gain in peren-
nial ryegrass breeding programs. We hypothesized that root 
traits measured in young seedlings could act as indicators 
for field yield across several environments and years, and 
our results confirmed this hypothesis. TRL showed signifi-
cant heritability and a positive genetic correlation with field 
yield, suggesting that incorporating early root traits into 
selection criteria can improve yield outcomes.

Incorporating early root traits alongside conventional 
field traits can increase genetic gain by improving predic-
tion accuracy and selection intensity, ultimately contributing 
to the development of high-yielding ryegrass varieties for 
future biomass production.
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