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1   |   INTRODUCTION

Energy cropping systems are a potential replacement 
for petroleum energy sources which are inducing global 

climate change (Aravindhakshan et al.,  2010; Gelfand 
et al.,  2020). However, energy cropping systems must 
overcome multiple hurdles: the industry lacks infrastruc-
ture, must contend with already high land demand (based 
on both agricultural or conservation value), and must 
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Abstract
The seasonal timing of the transition from vegetative to reproductive growth 
has a major impact on biomass accumulation in switchgrass. Late-flowering 
switchgrass cultivars produce greater biomass, a critical trait for sustainable bio-
energy production. Genomic prediction (GP) may allow rapid selection of late-
flowering individuals with reduced time and expense for field evaluations. To 
evaluate GP, two flowering time traits (heading date and anthesis date) were 
collected on 1532 genotypes from four breeding populations: Midwest, Gulf, 
Atlantic, and Hybrid. These were sequenced using genotype-by-sequencing 
(530,792 single-nucleotide polymorphisms). Predictive ability of single-trait and 
multi-trait models were evaluated by cross-validation, by prediction of a prog-
eny trial (n  =  122), and through prediction of yield performance in a parallel 
experiment (n = 52). Predictive ability was not improved by sharing information 
among breeding groups. Overall, multi-trait models provided an advantage dur-
ing cross-validation, but a smaller advantage during progeny prediction. Within 
populations, GP resulted in lower per-cycle progress than previously reported 
field evaluations (3.1 vs. 5.0 day−1 cycle−1). However, GP cycles are potentially 
much faster than field evaluations. When directly predicting biomass yield, the 
Hybrid training population had a predictive ability of 0.54–0.63. This reinforces 
the strong linkage between biomass yields in swards and flowering time. These 
results highlight the value of GP for rapid yield improvement in switchgrass, par-
ticularly in a breeding program designed to share information between biomass 
yield trials and low-cost flowering time evaluations.
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domesticate entirely novel high-energy yielding crops. 
The perennial grass switchgrass (Panicum virgatum L.) is 
a potential biomass energy source or feedstock for high-
value fuels or products (Masum et al.,  2020; Sanderson 
et al., 2006; Wright & Turhollow, 2010).

Switchgrass contains three major ecotypes and many 
regional subpopulations (Evans et al.,  2018; Lovell 
et al., 2021). Midwest ecotypes generally have greater cold 
and drought tolerance and naturally occur in the north-
ern continental United States. Gulf ecotypes occur in the 
southern United States and Mexico and tend to produce 
greater biomass, have greater diversity, and have greater 
disease resistance (Uppalapati et al., 2013; VanWallendael 
et al.,  2020; Zalapa et al.,  2011). Atlantic ecotypes occur 
along the Eastern United States and contain a range 
of flowering times and winter survival traits (Lovell 
et al., 2021). Hybrid cultivars of Midwest and Gulf popula-
tions have been created in an effort to combine beneficial 
traits from distant genetic pools (Casler & Vogel,  2014). 
Determining which switchgrass germplasm and breeding 
strategies will provide the greatest long-term yield gain for 
the north-central United States is an unresolved question 
(Casler, Vogel, et al., 2018).

Biomass yield is the primary economic limitation for 
sustainable switchgrass production (Brandes et al., 2018; 
Fike et al.,  2017; Perrin et al.,  2008). Breeders have re-
ported prior yield gains between 1%–4% per selection 
cycle, for selection cycles that generally require 4 to 6 years 
(Casler & Vogel, 2014). More rapid yield progress is lim-
ited by long cycles of selection based on direct measures of 
phenotype, by low heritability for sward yield (Bhandari 
et al., 2011; Nayak et al., 2020; Ramstein et al., 2016), and 
by resource-intensive measurements (Casler, 2020; Casler 
& Ramstein, 2018). One alternative strategy for yield im-
provement in switchgrass is selection for delayed flower-
ing (Casler, 2019; Casler, Vogel, et al., 2018). Individuals 
selected for delayed flowering time produce greater yield 
in many crops harvested for biomass due to an extension 
of vegetative growth and greater utilization of the growing 
season (Cuevas et al., 2016; Jensen et al., 2011; Schwartz 
& Amasino, 2013). Delayed flowering also results in an in-
crease in height, which is an additional surrogate for yield 
(Boe & Casler, 2005; Van Esbroeck et al., 1998). However, 
height is subject to increased environmental variance 
relative to flowering time (Bhandari et al.,  2011; Dalid 
et al., 2018; Price & Casler, 2014a, 2014b, 2014c; Vogel & 
Mitchell, 2008).

Morphologically, floral development in switchgrass 
begins with panicle emergence from the leaf sheath 
(heading), continues through anthesis, fertilization, and 
eventual seed ripening (Moore et al., 1991). Exact dates for 
fertilization and seed ripening are difficult to identify, but 
the date of initiation of heading and anthesis can be visually 

determined and recorded. High correlations between an-
thesis and heading date have been reported in switchgrass 
(r > 0.9; Lipka et al.,  2014; Price & Casler,  2014a; Taylor 
et al., 2018). The major advantages of flowering time se-
lection are its high heritability and strong relationship as a 
surrogate for sward yield (Casler & Ramstein, 2018; Price 
& Casler, 2014a). The relationship between delayed flow-
ering time and yield is well studied in the Midwest ecotype, 
which flowers and begins to senesce early in the growing 
season (Casler,  2019). The impact of delayed flowering 
time on yield has not been reported for hybrid breeding 
populations and Gulf ecotype cultivars. An experiment by 
Van Esbroeck et al. (1998) carried out a single cycle of di-
vergent selection in the Gulf cultivar Alamo. While yield 
was not recorded, late-flowering plants produced more 
leaves per tiller and were taller than early flowering selec-
tions in Texas. In Wisconsin, two cycles of selection within 
a northern adapted Midwest population resulted in a 11-
day difference between early and late selections, which 
corresponded to a yield difference of 2.0  Mg ha−1 (Price 
& Casler, 2014a). In a subsequent experiment, divergent 
selection for flowering time was carried out on two north-
ern adapted populations and reported an average gain of 
5 days cycle−1 with an associated average yield increase of 
0.54 (2.3%) Mg ha−1 cycle−1 (Casler, 2019).

Genome-wide prediction (GP) simultaneously assigns 
marker effects to a dense array of genetic markers to pre-
dict breeding values for genotypes in a population. GP 
outperforms prior prediction methods for quantitative 
traits (Arruda et al., 2016; Crossa et al., 2017). For switch-
grass, adoption of GP can accelerate breeding progress by 
improving selection accuracy for low-heritability traits, 
reducing the need for phenotyping, and accelerating se-
lection cycles (Casler & Ramstein, 2018; Lipka et al., 2014; 
Poudel et al., 2019). With GP, a selection cycle can occur in 
a single season, a reduction from up to 5 years per cycle for 
biomass yield (Simeão Resende et al., 2014). Promising GP 
accuracies have been reported for many switchgrass traits, 
although many of these prediction accuracies are inflated 
due to population structure (Fiedler et al.,  2018; Lipka 
et al., 2014; Poudel et al., 2019; Ramstein & Casler, 2019; 
Ramstein et al.,  2016). Prior GP accuracy within breed-
ing populations for yield have been 0.20–0.23 (Casler & 
Ramstein,  2018; seeded sward plot yield) and 0.10–0.25 
(Fiedler et al., 2018; spaced plant plot yield). While prog-
ress can be made with low GP accuracy, these values result 
in marginal overall gains relative to phenotypic selection 
for yield and any erosion of prediction accuracy will result 
in negligible improvements (Casler & Ramstein, 2018).

An alternative is to apply GP to flowering time as 
a yield surrogate (Casler & Brummer,  2008; Casler & 
Ramstein, 2018). Compared to GP of yield, GP of delayed 
flowering time has multiple advantages. Flowering time 
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can be reliably measured in unreplicated spaced-plant 
conditions and yield improvements due to delayed flow-
ering time can improve performance across a range of 
environments (Casler, 2019). The aim of this study is to 
evaluate GP as a strategy to select for delayed floral ini-
tiation in switchgrass breeding populations. Specifically, 
this study will (1) quantify the repeatability and predic-
tive ability for flowering time traits in various switchgrass 
breeding populations (2) evaluate the utility of sharing ge-
nomic information between switchgrass breeding popula-
tions, (3) determine the effect of multi-trait (MT) models 
on GP, and (4) validate-flowering time predictions using 
cross-validation, a progeny trial, and a sward yield trial.

2   |   MATERIALS AND METHODS

2.1  |  Field experimental design

In this study, the experimental units for the GP train-
ing data were unreplicated, randomized greenhouse-
grown spaced plants (previously described in Tilhou & 
Casler, 2021). The training population nursery was estab-
lished in row plots in 2016 at a single location (Arlington, 
WI; 43° 18′ N; 89° 21′ W). Each row contained seedlings 
from a single breeding population with 90 cm between 
rows, 30 cm within rows and 25 plants per row. To simplify 
data collection, alternating seedlings were killed in spring 
2018, resulting in up to 13 plants per row spaced 60 cm 
apart (n  =  1532). The training population was blocked 
into sets of 20 rows within the Midwest and Hybrid breed-
ing groups. Gulf ecotype seedlings were planted across 
four plots within the same field and each plot was consid-
ered a block. Due to winter mortality, blocks consisted of 
between 80 and 128 unreplicated seedlings.

Training populations included Midwest ecotypes, Gulf 
ecotypes derived from Kanlow, a stabilized hybrid culti-
var (Liberty), and a diverse set of recently collected pop-
ulations including both Gulf and Atlantic ecotypes. All 
genotypes are tetraploids undergoing selection for cold tol-
erance and late-flowering traits. The Midwest population 
is the results of one cycle of selection for late-flowering 
and greater height from the WS4U population (Casler 
et al., 2006). The Hybrid populations is from a stabilized 
cultivar from Midwest (Summer) and Gulf (Kanlow) par-
ents (Vogel et al., 2014).

A row-plot validation trial was established using seed 
collected from open-pollinated plants selected from the 
training nursery. Due to uneven germination, the valida-
tion nursery only included families collected from Hybrid 
(5 families) and Midwest parents (5 families). These seed-
lings were randomly assigned to family rows (15 seed-
lings per row) and rows were assigned using a completely 

randomized design (30 cm between plants, 90 cm between 
rows; n = 28–45 progeny per family). The validation trial 
was planted in May 2020 at the same location as the train-
ing study. All plants were allowed to grow during the es-
tablishment year and biomass was removed after killing 
frost. No fertilizer was applied during the establishment 
year. Genotypes within this trial were used to validate GP.

2.2  |  Phenotypic data collection

Heading date was recorded as the day of year with 50% of 
panicles being visible. Anthesis date was recorded as the 
day of year in which at least 50% of panicles contain 50% 
protruding anthers (Casler & Ramstein,  2018). In 2018, 
only anthesis data was collected on the training popula-
tions. During 2019 and 2020, heading and anthesis dates 
were collected on the training populations. During the 
summer of 2021, heading and anthesis dates were col-
lected on the validation population. Measurements from 
2018, the first year of data collection, were discarded if 
they were determined to be biologically implausible and 
were attributed to human error during the first year of 
data collection. Specifically, anthesis dates measurements 
which differed by greater than 2 weeks from mean of an-
thesis dates recorded during 2019 and 2020 were set as 
missing.

2.3  |  Generation of best linear unbiased 
predictions

One- and two-stage linear mixed models were used to gen-
erate best linear unbiased predictors (BLUPs) for geno-
types (Cullis et al., 1996; Schulz-Streeck et al., 2013). The 
following models were also used for trait prediction by 
masking the observed performance of genotypes and gen-
erating genomically estimated breeding values (GEBVs). 
The correlation between GEBVs and BLUPs is the pre-
dictive ability for the model. The following single-stage 
linear model was used to obtain BLUPs of flowering time 
(anthesis date, heading date) using either the complete 
training dataset or subsets containing different breeding 
populations:

where yjkl is an observation, pj, Mk and bl are the effects 
of an j-th genotype (random) in a k-th year (fixed) and l-
th block (fixed), and ϵjk are residuals (i.i.d. ~N[0; �2

�
]). The 

symbol μ represents the experiment-wide mean. Genotypic 
effect variance–covariance structures were estimated using 
marker relationships (pj ~ MVN[0,G�

2
g]). The G matrix of 

yjkl = � + pj +Mk + bl + �jkl,
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genomic relationships between genotypes was calculated 
using A.mat in the rrBLUP package (Endelman, 2011). This 
model was solved using the R package “sommer” (R Core 
Team; Covarrubias-Pazaran, 2016).

Because of uneven measurement effort between the 
flowering time data collection (2 years for heading date 
and 3 years for anthesis date), MT models used a two-stage 
approach where adjusted means were calculated for each 
trait individually, then MT models were used to obtain 
genomic BLUPs. For the second stage, adjusted means 
were weighted based on the inverse of the square root of 
their standard error from the first stage (Cullis et al., 1996; 
Schulz-Streeck et al., 2013). For the first stage of analysis, 
adjusted means were obtained using the model:

where yjk is a yield surrogate, pj, Mk and bl are the effects 
of an j-th genotype (fixed), k-th year (fixed), and l-th block 
(fixed), and ϵjk are residuals (i.i.d. ~N(0; �2

�
).

For the second stage, the adjusted means were used to 
predict trait BLUPs using the following model:

where yjk is adjusted means of the observed trait, μ is the 
overall mean, gj, is the effect of the j-th genotype and ϵjkl 
are residuals. For the MT model, yjk consisted of anthesis 
and heading date BLUEs, which were predicted simulta-
neously assuming unstructured covariance between traits. 
Genotypic effect variance–covariance structures were esti-
mated using marker relationships (gj ~ MVN[0, G�

2
g]).

Repeatability was calculated as

where �2
G

 is genotypic variance, and vBLUP
Δ

 is the mean 
variance between all pairs of genotypic BLUPs (Cullis et 
al., 2006; Schmidt, Hartung, Rath, et al., 2019). This alter-
native heritability estimator can more accurately account 
for unbalanced experimental designs and resulted in more 
realistic repeatability estimates in populations containing 
population structure.

For the validation genotypes from a companion experi-
ment (SPACE, described below), reliability was calculated 
as

where VgBLUP
i

 is the prediction error variance for the geno-
type i (from the diagonal of the C22g matrix), and Vgi is the 
diagonal of the G matrix (Schmidt, Hartung, Bennewitz, et 

al., 2019). This statistic is similar to heritability and is cal-
culated on a genotype-difference basis, providing individual 
estimates for genotypes (Schmidt, Hartung, Bennewitz, et 
al., 2019).

2.4  |  DNA sequencing and analysis

Leaf samples were collected for DNA extraction and geno-
typing by sequencing during the fall of 2020. Genotype-
by-sequencing occurred on an Illumina NovaSeq 6000 
(2 × 150 bp) sequencer at the University of Wisconsin 
Biotechnology Center, targeting a read depth of 250 mil-
lion reads per sample. The data analysis of sequencer 
outputs was performed in TASSEL (Glaubitz et al., 2014). 
Sequencer outputs were aligned to the reference genome 
(P. virgatum v 5.1) to call single-nucleotide polymor-
phism markers (SNPs). Resulting SNPs were filtered for 
minimum taxa coverage (0.01), minimum locus coverage 
(0.2), minor allele frequency (0.05), and for significant 
linkage disequilibrium with at least one other marker. 
Imputation of missing markers (37%) was done through 
the Beagle program, resulting in a total of 530,810 mark-
ers (Browning et al., 2018). Individual ancestry was evalu-
ated using the R package LEA (Frichot & François, 2015), 
which calculates admixture coefficients for each genotype 
using sparse non-negative matrix factorization, a strategy 
similar to STRUCTURE (Pritchard et al., 2000). Principal 
components of marker data were calculated to evaluate 
the degree of population structure within and between the 
breeding groups based on markers in linkage equilibrium 
(r < 0.2; 97,901 markers). Weir and Cochran's weighted 
Fst was also calculated between breeding groups with 
potential admixed genotypes (max LEA admixture coef-
ficient <0.5) omitted (Weir & Cockerham, 1984). For GP, 
markers were pruned based on linkage disequilibrium 
with pairwise correlations >0.95, reducing the number of 
markers to 430,792.

2.5  |  Prediction validation strategies

Broadly, the predictive ability of the above models was 
evaluated using leave-one-out cross-validation, progeny 
validation, and by yield prediction in a parallel experi-
ment. Leave-one-out cross-validation involves masking 
the observations of a single genotype from a model and 
generating a GEBV for the individual. This process is 
then repeated for all individuals in the target popula-
tion and the correlation between GEBVs and BLUPs is 
calculated as the predictive ability. Leave-one-out cross-
validation was used within each breeding group in the 
training population to assess predictive ability both with 

yjkl = � + pj +Mk + bl + �jkl,

yjk = � + gj + �jk,

R2 = vBLUP
Δ

∕2�2G,

r2i = 1 −
VgBLUP

i

Vgi
,
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and without supplemental information from additional 
breeding groups. Leave-one-out cross-validation was also 
used to evaluate ST and MT models within each breeding 
group. When validating ST and MT models, ‘true’ breed-
ing values were assumed to be those predicted within the 
ST and MT models, respectively.

Validation was also carried out on individuals from 
half-sib families derived from parents selected from the 
training population (validation trial described above, 
n = 122) by predicting progeny BLUPs using GEBVs de-
rived from the training dataset. Finally, the model was ap-
plied to a field trial of 52 half-sib families of Gulf (n = 20) 
or Hybrid ancestry (n  =  32), referred to as the SPACE 
study (Tilhou et al., 2022). Families in this field trial were 
evaluated for multiple traits, including sward yield (2.5 
observations per family) for 2 years. The merged marker 
arrays from the current study and SPACE study resulted 
in 48,265 shared SNPs. The combined dataset will allow 
quantification of the relationship between flowering time 
and sward yield in Gulf and Hybrid populations.

3   |   RESULTS

Principal component analysis largely aligned with ex-
pectations for the Midwest and Hybrid breeding groups 
(Figure 1). The Gulf nursery contained multiple subpopu-
lations and a large degree of diversity. Based on admixture 
coefficients, the Gulf population was subdivided into two 
breeding groups (Figure S1; Table S1). These groups were 
assigned to Gulf and Atlantic breeding groups with the 
latter group conforming with reports of germplasm from 
the United States East Coast (Lovell et al.,  2021). These 

Atlantic subpopulations were recently incorporated into 
the nursery and have not cross-bred with the primary Gulf 
breeding group or each other. Therefore, multiple clus-
ters can be observed within the Atlantic breeding group 
(Figure 1). By contrast, the Hybrid and Midwest breeding 
groups resulted in single clusters, with minimal evidence 
of within-breeding group population structure (Figure 1). 
Breeding group identity had a large influence on the mean 
and variance of flowering time traits (Figure 2).

An initial cycle of leave-one-out validation for anthesis 
date resulted in minor or major reductions in predictive 
ability when unrelated breeding groups were included 
in the training population for predictions (Table 1). This 
was further supported by a low (0.02) mean pair-wise 
correlation between breeding group marker effects for 
anthesis date (not presented). The only exception was an 
improvement in predictive ability in the Atlantic breeding 
group when predicted using the complete dataset. This 
represents improved accuracy due to similarity among 
individuals within subpopulations, which will not be use-
ful for a random mating population. This strong popula-
tion structure within the Atlantic breeding group makes 
it unrepresentative of a realistic breeding population. 
Therefore, the Atlantic subpopulations were omitted from 
remainder of the analysis.

Within the remaining breeding groups, repeatability 
estimates for flowering time traits were moderate to high 
in both the ST and MT models (Table 2). The genetic cor-
relation between the two flowering time traits were strong 
in MT models (Table 2). The Midwest breeding group con-
tained the lowest additive genetic variance for both traits 
(12.3 and 3.7 for anthesis and heading date, respectively) 
but the highest repeatability for both flowering time traits 

F I G U R E  1   The first two principal 
components of 1532 switchgrass 
genotypes based on 97,901 single-
nucleotide polymorphism markers in 
linkage equilibrium (r2 < 0.2). Point 
shapes indicate breeding group identity 
and color indicates the mean observed 
anthesis dates. The percent variance of 
each principal component are indicated in 
parentheses.
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(0.8 and 0.75 for anthesis and heading date, respectively). 
The MT model resulted in an increase in repeatability for 
every breeding group-trait combination, with the excep-
tion of Gulf anthesis (0.77 to 0.64, Table 1). Genotypic cor-
relations between flowering dates were approximately one 
for both Gulf and Hybrid breeding populations and 0.77 
for the Midwest breeding population.

Predictive ability based on leave-one-out cross vali-
dation was greater in the Gulf breeding group relative 
to Midwest and Hybrid groups for both flowering traits 
(Table 3). The Gulf breeding group also had greater MT 
cross validation predictive ability relative to other breed-
ing groups, despite having a reduced repeatability es-
timate in MT models (Table  2). The MT model resulted 
in increased predictive ability for all breeding group-trait 
combinations with the exception of heading date predic-
tion in the Midwest breeding group (0.65 to 0.59, Table 3). 
Progeny predictive ability was lower than cross-validation 

estimates for the Midwest breeding population, but equal 
to or greater in the Hybrid breeding population. Relative 
to cross-validation, MT models provided similar improve-
ment over to single-trait models within the progeny vali-
dation with the exception of heading date in the Midwest 
breeding group. Predictions of sward biomass yield within 
the Gulf and Hybrid breeding groups ranged from low to 
strong. Overall, prediction of Gulf sward yield was nearly 
zero, with insignificant (p > 0.05) relationships between 
predicted flowering time and yield. Flowering time pre-
dictive ability for yield was surprisingly strong within the 
Hybrid breeding population (0.30–0.43; Table 3). Heading 
date predictions resulted in greater predictive ability rel-
ative to anthesis date and MT models also improved pre-
dictive ability relative to ST. Within the 17 Hybrid families 
with GEBV reliability estimates greater than zero, predic-
tive ability ranged from 0.54 to 0.63.

Within the flowering time measurements, there was 
minimal inter-annual variation. Therefore, correlations 
among BLUPs from subsets of the training data simulat-
ing reduced field measurement effort indicated generally 
strong correlations between subset BLUPs and the entire 
dataset (Table S2). This indicates that 1 year of measure-
ments can often be sufficient for ranking individuals in a 
breeding population.

4   |   DISCUSSION

4.1  |  Sharing information among 
breeding groups was not valuable

This study incorporated a wide array of switchgrass 
ecotypes and breeding populations. Despite the use 
of isolated crossing blocks for breeding populations, 
a number of admixed or intermediate genotypes were 

F I G U R E  2   A histogram of the mean 
heading dates and anthesis dates (ordinal 
day of year) of genotypes in four breeding 
groups. The histogram is normalized for 
sample size due to differences in breeding 
group population size. The area under 
each curve is equal to one.

T A B L E  1   Genomic prediction ability for anthesis date within 
and between switchgrass breeding groups. Each scenario used 
leave-one-out validation where training datasets were composed 
of the remainder of the target population and the supplementary 
group. The complete supplementary training scenarios 
incorporated genotypes from all breeding groups. Diagonal values 
(bold) indicate predictive ability without supplementary training 
populations

Supplementary 
training dataset

Target population

Gulf Atlantic Midwest Hybrid

Gulf 0.70 0.60 0.55 0.41

Atlantic 0.18 0.60 0.44 0.34

Midwest 0.69 0.54 0.56 0.33

Hybrid 0.67 0.58 0.52 0.43

Complete 0.53 0.68 0.51 0.38



      |  7TILHOU AND CASLER

found (Figure 1). This could be due to seed contamina-
tion, mixed parental ancestry, or accidental genotype 
replacement. Particularly among breeding populations 
with Gulf ancestry, winter damage can allow a volunteer 
seedling to overtake the planted seedling. The Atlantic 
breeding population was also often difficult to differen-
tiate from Gulf individuals and contained a high level of 
genetic structure and variable flowering time and winter 
survival traits (not presented). These new populations 
and admixed individuals will require further evaluation 
to determine their value in a long-term breeding pro-
gram. This inadvertent survey of breeding population 
diversity highlights the challenge of maintaining seed 

purity within a breeding program of outcrossing semi-
wild crops.

In this experiment, the Gulf breeding group had a num-
ber of unexpected results, such as predictive ability greater 
than repeatability, a reduction in repeatability in MT models, 
a genetic correlation greater than 1, and poor performance 
in yield prediction validation. These anomalies are most 
likely the result of population structure. Alternatively, there 
could be a confounding association between winter injury 
and flowering time (not presented). The Gulf population 
contained individuals which suffered from chronic winter 
damage which could delay flowering time measurements 
due to delayed spring recovery and growth.

T A B L E  2   Mean flowering date (ordinal day of year), additive genetic variance (�2
A
), error variance (�2

e
), repeatability (R2), and genetic 

correlation (rG) for both heading date and anthesis date across three switchgrass breeding groups and two modeling strategies, single-trait 
(ST) and multi-trait (MT)

Breeding group Mean

Anthesis date

ST �2
A

ST �2
e

ST R2 MT R2 MT rG

Gulf 250 14.1 2.6 0.77 ± 0.03 0.64 ± 0.04 1.05

Midwest 215 12.0 8.6 0.80 ± 0.02 1.00 ± 0.04 0.77

Hybrid 237 17.5 39.8 0.56 ± 0.03 0.72 ± 0.03 0.97

Breeding group Mean

Heading date

ST �2
A

ST �2
e

ST R2 MT R2 MT rG

Gulf 218 22.3 32.4 0.67 ± 0.03 0.69 ± 0.03 1.05

Midwest 194 3.6 4.6 0.75 ± 0.02 1.00 ± 0.03 0.77

Hybrid 206 6.0 12.2 0.63 ± 0.03 0.78 ± 0.03 0.97

T A B L E  3   The predictive ability of a training population (breeding group) based on single trait (ST) and multi-trait (MT) genomic 
models for flowering time using cross validation, progeny validation, and validation via sward yield prediction

Breeding group

Anthesis date predictive ability

Yield validationLeave one out cross validation Progeny validation

ST MT ST MT ST MT

Gulf (n = 292) 0.70 0.74 — — NS/NSa NS/NSa

Midwest (n = 529) 0.56 0.69 0.50 0.61 — —

Hybrid (n = 420) 0.43 0.69 0.73 0.90 NS/0.54a 0.30/0.58a

Breeding group

Heading date predictive ability

Yield validation
Leave one out cross 
validation Progeny validation

ST MT ST MT ST MT

Gulf (n = 292) 0.71 0.74 — — NS/NSa NS/NSa

Midwest (n = 529) 0.65 0.59 0.60 0.60 — —

Hybrid (n = 420) 0.63 0.68 0.63 0.81 0.38/0.60a 0.43/0.63a

Note: NS, not significant (p < 0.05).
aYield predictive abilities are presented for the complete dataset (n = 20 and n = 32 for Gulf and Hybrid families, respectively) and for predictions with 
repeatability greater than zero (n = 6 and n = 17 for Gulf and Hybrid families, respectively).
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In agreement with prior reports, supplementing TPs 
with distant relatives of the target population did not 
improve predictive ability (Table 1; Desta & Ortiz, 2014; 
Heffner et al.,  2011; Riedelsheimer et al.,  2013). A 
reasonable expectation of shared linkage blocks be-
tween genotypes is required for accurate predictions 
(Gianola, 2021; Ramstein & Casler, 2019). The exception 
to this trend was an improvement in predictive ability 
within the heterogeneous Atlantic breeding popula-
tion (Table 1). This can be attributed to more accurate 
prediction of sub-population identity for a genotype, 
rather than more accurate predictions of genotype per-
formance within sub-populations. Broad TPs therefore 
could be useful for predicting traits of a genotype of un-
known or admixed origin, but this training data will pro-
vide no benefit within an organized, recurrent selection 
breeding program.

4.2  |  Potential progress in flowering 
time and yield through GP

The training populations used in this experiment could 
predict flowering time with accuracy sufficient for gain 
equivalent to or greater than phenotypic selection for 
flowering time. Further, these gains could be maintained 
with substantial reductions in phenotyping effort (Tilhou 
& Casler, 2021; Table S2). Assuming selection of the top 
10% of a population (selection intensity: 1.75), the repeat-
ability, variance, and predictive ability estimates from 
progeny validation indicate that Midwest and Hybrid 
breeding groups could delay anthesis by 3.4 (MT 3.7) and 
7.1 (MT 7.8) days in one selection cycle, respectively. For 
the Midwest population, this is slightly below the real-
ized gains of 5 days per cycle for phenotypic selection 
reported by (Casler, 2019). In extrapolating this to yield, 
based on either Casler (2019; 0.13 Mg ha−1 day−1) or Price 
and Casler  (2014a; 0.18 Mg ha−1  day−1), the above flow-
ering time alterations would increase yields from 0.44–
0.67 Mg ha−1  cycle−1 for the Midwest breeding group. 
Again, this value is slightly slower than a 2-year visual 
selection regime for biomass on a per-cycle basis (Casler 
& Vogel,  2014). However, GP cycles only require a sin-
gle year, compared to the 2 years required for surrogate 
field measurements (or longer for yield measurements). 
Notably, a rapid GP cycle could also occur over winter 
(Alexander et al., 2014; Castro et al., 2011). The rate of pre-
dictive ability erosion is unknown for a switchgrass breed-
ing program with recurrent selection for which there is 
no updated training population. However, this erosion 
of predictive ability would have to be substantial to re-
sult in lower predicted progress compared to phenotypic 
evaluations.

The relationship between flowering time and yield 
has only been reported for breeding populations derived 
from early flowering Midwest ecotypes. This experiment 
found evidence of a strong relationship between sward 
yield BLUPs and flowering time BLUPs in Hybrid popula-
tions, with a slope of 0.43 Mg ha−1 day−1 in 17 Hybrid pop-
ulations (Casler, 2019; Price & Casler, 2014a). The Hybrid 
population correlations between flowering time BLUPs 
and seeded sward BLUPs were comparable to the yield 
surrogates evaluated in the SPACE study (Tilhou & Casler, 
2022). For example, SPACE genetic correlations between 
seeded sward yields and alternate breeding plot types 
(using spaced plants rather than seeded swards) ranged 
from 0.52–63. The flowering time BLUP predictions were 
also comprable than the internal reliability measure for 
seeded swards in the SPACE experiment (mean r2 = 0.48). 
Lastly, the predictive ability for sward yield BLUPs using 
flowering time was 0.54–0.63 within reliable families, 
which is greater than previously reported GP accuracy for 
sward yield of 0.20–0.23 (Casler & Ramstein, 2018). Even 
accounting for the small sample size of the SPACE exper-
iment, this relationship indicates that flowering time and 
yield may be strongly linked and can account for a major 
portion of variance for sward yield observed in the SPACE 
study.

The MT models evaluated in this study could shorten 
the time required for genotype evaluations by model-
ling anthesis date and heading date as correlated traits. 
Specifically, these MT models allow multiple measures 
in a single growing season. Generally, MT models are 
the most effective when one easily measured trait cor-
relates with an important low-heritability or difficult to 
measure trait (Bhatta et al., 2020; Lado et al., 2018; Lenz 
et al., 2020). In the current study, there was a modest ben-
efit in cross validation predictive ability despite combining 
two easily measured traits (Table 3). Although the MT im-
provement resulted in only marginal improvements in the 
progeny and yield validation strategies, MT appears to im-
prove single-year BLUP estimates, particularly for anthe-
sis date (Table 3; Table S2). Collecting only a single year 
of field data allows a breeder to update training popula-
tions more rapidly. A further, low-cost addition to a single-
season MT strategy would be plant height, which appears 
to have lower heritability, but is linked to both flowering 
time and biomass yield (Bhandari et al.,  2011; Casler & 
Ramstein, 2018; Nayak et al., 2020; Price & Casler, 2014a).

4.3  |  Breeding opportunities 
going forward

Overall, this experiment indicates that rapid recur-
rent GP for flowering time could provide more rapid 



      |  9TILHOU AND CASLER

progress per year than phenotypic selection for sward 
yield. However, selection based exclusively on flower-
ing time is not the optimum strategy. Simeão Resende 
et al.  (2014) concluded that GP is the most beneficial 
when any of the following are true: (a) individual meas-
urements for a trait is impossible, (b) a breeder cannot 
select within families, or (c) measurements are time in-
tensive. GP for flowering time meets none of these cri-
teria. In addition, recurrent GP for flowering time alone 
could erode the variance in a population or decouple 
flowering time from other mechanisms for increased 
yields (Casler, 2019).

Therefore, flowering time measurements are the most 
useful as a supplement to yield evaluations. Casler and 
Ramstein (2018) reported that supplementing selection 
for yield with an additional yield surrogate resulted in 
10%–32% greater progress using among and within fam-
ily selection (Casler & Brummer, 2008). The advantage 
of among and within family selection is that selection 
pressure is placed among families on biomass yield, 
using sward plots, and within families on flowering time 
using spaced plantings. This also becomes a drawback to 
among and within family selection, because information 
is not shared between the yield measurements of half-sib 
families and individuals measured for surrogate traits. 
This results in a large amount of wasted labor. Using a 
MT model, a breeding program could instead incorpo-
rate parallel yield and surrogate trait measurements. 
Specifically, a breeder could collect both flowering time 
and yield from half-sib sward plots but only flowering 
time from a larger set of genotypes planted in spaced 
plant nurseries. By modelling the genetic correlations 
between flowering time and yield, this strategy could 
provide yield predictions for a large number of spaced 
plants in the training population where only the flow-
ering time has been recorded (Lado et al., 2018). In the 
current dataset, the highest performing Hybrid family 
from the SPACE study (n = 32) had a sward yield BLUP 
of +1.02 Mg ha−1. Applying the estimated correlation be-
tween flowering time BLUPs and sward yield BLUPs (a 
mean of 0.43 Mg ha−1  day−1; Table  3), then the Hybrid 
population in the training dataset (n  =  402) contained 
dozens of genotypes with superior yield potential and 
four genotypes with twice the predicted sward yield 
GEBV of the highest ranked SPACE family. An additional 
facet to this strategy is the substantial genotype-by-
environment effects previously reported in switchgrass 
(Boe & Casler,  2005; Casler, Sosa, et al.,  2018; Casler, 
Vogel, et al.,  2018; Cassida et al.,  2005). By contrast, 
flowering time has a large but latitudinally predict-
able genotype-by-environment relationship with yield 
(Casler, 2019). Therefore, a breeding program could eval-
uate a large number of genotypes for flowering time at 

a single location and model their potential sward perfor-
mance using yield trials at multiple sites.

5   |   CONCLUSIONS

This study found that GP ability was not improved through 
sharing information between switchgrass breeding popu-
lations. Within breeding populations, flowering time GP 
can result in per-cycle breeding progress slightly less than 
previously reported phenotypic selection progress for 
flowering time (3.4 vs. 5 day−1 cycle−1) and sward biomass 
yield (0.44–0.67 vs. 0.71 Mg ha−1 cycle−1). Since cycles of 
GP cycles are shorter than phenotypic evaluation-based 
selection cycles, this indicates that GP can be a valu-
able tool to accelerate yield improvements in switchgrass 
breeding. Further, predictions based on Hybrid breed-
ing population flowering time measurements could ac-
curately predict sward yield performance in a parallel 
study (0.54–0.63 predictive ability), indicating potentially 
tight linkage between flowering time and biomass yield. 
Therefore, a MT breeding program sharing information 
between flowering time measurements and sward yield 
measurements could potentially result in rapid yield im-
provements in switchgrass.
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