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The Ontario Cereal Crop Committee conducts cereal crop performance trials
annually, providing a rigorous basis for variety testing and farmer recommendations.
This data holds valuable information to be mined for insight. Historical winter wheat trial
data between 1971 and 2018 was analyzed to (i) quantify genetic, agronomic, and
overall progress in yield gain for winter wheat; (ii) compare the predictability of variety
estimates for subsequent years based on single year or multiyear evaluations; and (iii)
assess the potential of genomic prediction using molecular markers applied to trial
entries. Genetics contributions to trial yield have been linear, yet overall yield gains are
stagnating because of yield reductions due to non-genetic effects. Multiple-year trials
and single year trials have similar predictive powers. Genomic prediction of yield has a
high accuracy of 0.65. Markers predict yield because of kinship rather than because of
linkage to causative QTL.
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1 CHAPTER 1 – Introduction
Canada is one of the top five wheat exporters in the world, and wheat is its
largest crop export earner (Agriculture Canada 2017). In 2017, over 27 million
tonnes of wheat were produced. 91% of wheat in Canada is grown in the Western
Prairies, with spring wheat mainly cultivated due to the cold winters (Statistics
Canada 2018). Ontario contributes roughly 7.9% of Canada’s total wheat production
with more than 76.5% of winter wheat being produced within the province (Statistics
Canada 2018). By far, winter wheat is the most widely grown cereal in the province.
Barley is the second most widely grown. In 2017, 372 000 hectares of winter wheat
were harvested, resulting in 2 185 000 tonnes of production. Barley, on the other
hand, was harvested at 30 400 hectares, resulting in 99 000 tonnes of production.
The spring counterpart of wheat, which is sown during the winter, was harvested at
14 730 hectares in 2017, resulting in 114 000 tonnes of production.
Food supply must be doubled over the next few decades to meet the
increasing demands due to population growth and consumption (Foley et al. 2011).
Furthermore, worldwide population continues to grow but the increase in arable land
has staggered (Fischer et al. 2014). Advancements in breeding programs must be
made and translate into improvements in on-farm yield for the demand for food to be
met. Across the world, performance trials are conducted to achieve two goals, i)
provide farmers with reliable predictions of varietal performance regarding available
entries (ie. new and old entries) across diverse environments, and ii) make critical
decisions regarding which entries should be kept for testing, and subsequently,
which entries should be removed from the testing system (Smith et al. 2001). This
data ensures only reliable information is used for commercial entry
recommendations. A wealth of information can be found in historical performance
1

trial data, allowing for greater understanding of genetic, agronomic, and overall trial
progress for optimizing future breeding strategies and agronomic policies. Crop
performance trial (CPT) data is notoriously unbalanced because different entries
constantly move in and out of the testing system. Here, we interchangeably refer to
varieties as entries and genotypes. Each year, entries are introduced and evaluated,
and if they perform poorly, they are eventually replaced by new entries. As a result,
entries may appear only for a few years before being removed from the system. The
repeatability, or predictive power of entry performance in a given year and
subsequent years is of interest to understand the optimal number of years entries
should be tested before being deemed inferior and dropped. Predicting yields based
on genotype alone, genomic prediction, may also be possible by modelling historical
variety yield data as a function of marker data (Meuwissen et al. 2001). Such
predictions may help selections for or against newly developed lines.
Crop performance trials can reflect the potential of on-farm yields because
trials typically combine land and management practices that generate high yields
with the best-yielding genetics. Understanding whether yield gaps, the difference
between on-farm yields and performance trial yields, will shed insight into
developments or stagnation in agronomic practices, specifically in Ontario. Typically,
yields from CPTs tend to be higher than on-farm yields due to differences in
management practices between farmers and on trials, pests, diseases, etc (Laidig
et al. 2014). Lobell et al. (2009) studying yield gaps across the world found yield
gaps varying from 20% to 80%, suggesting 20% (of theoretically potential yield) to be
the upper limit thought to be attainable. This highlights the potential for agronomic
practices across the world to be modernized to close the yield gap in order to
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maximize yield to better meet the growing food and energy demands of the
population.
CPT are the basis of cultivar recommendation to farmers. Thus, the continual
addition of better performing entries and removal of inferior entries over time reflects
the genetic improvement of genotypes by breeding programs. To better understand
the genetic and non-genetic (agronomic) gains in CPT, yield progress within
performance trials can be dissected by partitioning historical trends into genetic and
non-genetic gains, the latter which is typically a result of changes in agronomic
practices and climate (Silvey 1978, 1981, 1986, Piepho et al. 2014).
This thesis involves the digitization and analysis of Ontario Cereal Crop
Committee (OCCC) performance trial data using recent statistical approaches that
have been utilized by various countries and institutions, such as trend modeling and
genomic prediction of yield (Smith et al. 2001, Mackay et al. 2011, Piepho et al.
2014). Specifically, I focus on winter wheat data for various years from 1988 to 2018.
The dissection of genetic, agronomic, and overall trends in performance trials are
performed to quantify advancements, or lack thereof, in breeding programs,
agronomic practices and climate change. Additional analyses focus on the suitability
of training genomic prediction models using Ontario winter wheat entries for field
evaluation, as well as the power of multiple year vs. single year trial data to predict
genotypic performance in future years.

3

2 CHAPTER 2 - Literature Review
2.1 Crop Performance Trials
The Ontario Cereal Crop Committee (OCCC) has conducted annual performance
trials for cereal crops to my knowledge, dating back to the early 1930’s with the
purpose of evaluating crop genotypes for yield and agronomic characteristics over a
number of locations within testing areas, and across years. The primary purpose of
these trials is for recommending varieties, or entries, for registration and for relaying
variety information to farmers for commercial use (Palermo 2015). The purpose
behind registration in government databases is to provide a standardized method of
ensuring varieties have information related to it and are not fraudulent.
Evaluation and performance trials are commonly referred to as multi-environment
crop performance trials (CPTs). The OCCC acts as the recommending body to the
Canadian Food Inspection Agency, and are the coordinators of testing cereal
performance and disseminating the results to the public. To generate each annual
Ontario CPT report, numerous entries are grown across various areas in Ontario,
which are further sub-divided into testing sites. These areas, also known as
agricultural regions or test areas in Ontario, which are indicated by roman numerals
in Figure 1, are divided based on thermal zones defined by the corn heat unit
(CHU), a measure of cumulative heat over growing seasons (Major et al. 1983).
Crop performance trials provide information regarding the commercial value of
crop genotypes in growing areas throughout the province for farmers. In Ontario,
CPTs are designed as randomized complete block, alpha lattice, lattice, or any other
recognized experimental design for at least 4 replicates with harvested plot area no
less than 3m2 per replicate, and inter-plot gap no larger than 0.46m. Seeds are sown
at 350-450m viable seeds/m2 (OCCC 2017). Planting date, density, and
4

management are all according to protocols outlined by the OCCC (OCCC 2017).
Other traits, such as kernel weight, seed specific weight, protein content, are also
recorded in some locations in addition to yield.
CPT data is notoriously unbalanced due to entries constantly moving in and out
throughout the testing system. Each year, entries are introduced and evaluated at
several sites. If they are deemed to be poor performers, are replaced by new entries
the following year. As a result, entries may appear only for a few years before being
removed from the system. An issue that may arise with unbalanced data is that
selection results in missing data that is not entirely random. Piepho and Möhring
(2006) showed through simulation that selection is ignorable so long as all data used
in selection decisions are included in the analysis.
Using mixed models allows for the analysis of unbalanced, multi-environmental
trial data such as CPT data. When a researcher’ goal is to evaluate entry
performance, that is to predict an entries performance in subsequent years or trials
and make comparisons between entry performance, then BLUPs (genotypes as
random effects) are superior to BLUEs (genotypes as fixed effects). This is because
BLUPs provide more reliable estimates of entry performance as a result of
regression towards the mean (Smith et al. 2001; Piepho et al. 2008). In addition,
BLUPs are also able to account for pedigree information in its prediction of genotypic
performance, however this is not explored in this thesis. The use of mixed models
(and hence BLUPs) have become routine in the evaluation of performance trials in
Australia since the 1990’s, and even more recently, since 2012, in the Canadian
prairies (Smith et al. 2001, 2005; Friesen et al. 2016). The use of mixed model
analyses with performance trial data has consistently resulted in entry performance
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predictions that are more realistic, meaning commercial yields obtained by farmers
are par with those predicted by performance trials in terms of entry ranking.

2.2 Dissecting Historical Trends
2.2.1 Genetic, Agronomic, and Overall Performance Trial Trends
The wealth of data in performance trials can be dissected by partitioning historical
trends for a trait into overall, genetic and non-genetic gains, the latter typically a
result of changes in agronomic practices and climate (Brisson et al. 2010;
Graybosch and Peterson 2010; Mackay et al. 2011; Rijk et al. 2013; Laidig et al.
2014; Piepho et al. 2014). These studies use regression analysis to understand the
rate of change in yield attributable to genetic and non-genetic sources, with plots of
adjusted genotypic and/or year means against time to understand such trends.
Furthermore, the purpose of performance trials, to make decisions regarding entries,
and to ensure accurate entry predictions, must first be understood in a greater
context. Performance trials exist to release superior entry to meet the growing
demands of our population, through food and energy sources. Fischer et al. (2014)
found that, (i) in order to halve hunger, the minimum target for global yield increase
must be 1.1% per annum (relative to 2012 yield), and that (ii) across the world, the
increase in arable land has been staggering while the population still continues to
grow. Investigating the rate of entry improvement and understanding the impact of
agronomic practice is critical in ensuring food and energy demands are met to feed
the growing population. In addition, it is also important to understand yield gaps
between on-farm yields and potential yield through performance trials as yields from
performance trials tend to be higher than on-farm yields (Lobell et al. 2009). By
dissecting overall trial trends, we can compare them against on-farm averages to
understand yield-gaps for winter wheat in Ontario.
6

2.2.2 Estimating Genetic and Non-Genetic (Agronomic) Trends
Understanding genetic gain sheds insight into the state of breeding programs, for
example whether progress is stagnating or advancing. Genetic gain in grain yield
can be estimated using several methods. One method is to conduct yield trials with
superior entries at various time periods and comparing yield with either a historic
check entry, or the average yield across all entries (eg. Donmez et al. 2001; Fufa et
al. 2005). A disadvantage to this approach is that newer pathogens can affect yield
of older entries, and thus bias the performance of newer entries. Alternatively,
historical performance trial data can be used. In performance trials, entries are
constantly dropped (poor performers) and updated (potential entries arising from
breeding). Entries which continually span these performance trials provide the basis
for genetic gain (Laidig et al. 2014). Thus, in the analysis of performance trials for
genetic gain, entry yield is regressed on entry year of registration. A model, ranging
from simple linear regression, where only the year of release is accounted for, to
more complex linear mixed models can be fit to quantify the year of release and
entry yield associations (Graybosch and Peterson 2010; Mackay et al. 2011;
Piepho et al. 2014; Wu et al. 2014). Similarly, the non-genetic gain, which can be
attributed to primarily agronomic and long-term climate-related sources, can be
dissected by studying trends in year effects. The yield of developments and changes
in agronomic practices and management can be revealed by dissecting the
agronomic trend. For example, the introduction of fungicide treatments for winter
wheat and barley in the UK reduced the agronomic effect for treated trials, and
increased the agronomic effect for untreated trials (Mackay et al. 2011). More recent
statistical approaches to investigating trends uses mixed linear models, which are
based on removing and isolating effects of factors that account for variation in yield.
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British researchers Mackay et al. (2011) utilized a two-stage approach to do so. In
the first step, they fit a linear mixed model with genotype, location and year factors,
with genotype and year as fixed effects and location as a random effect. Genotype
and year were treated as fixed effects as opposed to random effects, a standard in
the analysis of CPT data (Smith et al. 2001, 2005; Piepho et al. 2008) due to
underlying correlations that genotypic and year effects have with time that occur
when they are fit as random rather than fixed (Mackay et al. 2011). In the second
step, adjusted genotype means are plotted against time, and adjusted year means
are plotted against time to assess genetic and agronomic trends, respectively. If the
relationship between adjusted means and time is linear, the fitted linear model slope
provides the rate of change in yield/per annum for agronomic and genetic factors.
Thus, understanding the rate at which entry improvement occurs and agronomic
practices is critical in ensuring that increasing food demands are met. Furthermore,
understanding contributions to yield by partitioning genetic and non-genetic trends
will reveal information critical to improving breeding programs and agronomic
practices. The approach of using mixed linear models to partition genetic agronomic
trends across unbalanced historical CPT data for Ontario winter wheat is used in this
thesis.
Trend studies have been conducted across the world, such as for Dutch crops,
specifically for winter wheat, spring barley, potato and sugar beet, all of which
exhibited a significant, positive linear genetic trend (Rijk et al. 2013). Similarly, a
study performed in the UK studying various crops between 1948 and 2007 found that
entry effects on average increase roughly linearly over time. Year effects were more
variable, as expected for all crops although some linear increase was observed for
maize and beets (Mackay et al. 2011). More specifically, for maize and beets,
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advancements in plant breeding and agronomic practices contributed equally,
whereas for cereals and oil seed rape, most of the improvement was attributable to
plant breeding.
2.2.3 Yield Gaps
Understanding whether yield gaps, the difference between on-farm yields and
performance trial yields will shed insight into developments or stagnation in
agronomic practices and potential improvements that could be made to close the
gap. Performance trials, when conducted intensively (ie. application of fungicides
and pesticides) are appropriate proxies for potential yield if farmers and growers also
use intensive practices. Lobell et al. (2009) argue that although not all regions have
intensive trials, yield gaps can still be studied when non-intensive trials are used as a
proxy for potential yield if caution is given to how yield potential is defined. (Fischer
et al. 2014) uses a yield gap benchmark for economic obtainability of 30% on the
farm level, and 25% on the trial level.
It is important to understand yield gaps between on-farm yields and potential
yield through performance trials because in practice, yields from performance trials
tend to be higher than on-farm yields. Closing the yield gap between on-farm yields
and performance trials will result in optimal yield productivity, a challenge that must
be tackled to meet demands of population growth. Over the past few decades,
various research efforts have gone into understanding whether and why yield gaps
exist, as well as whether on-farm yields are plateauing (Lobell et al. 2009; Brisson
et al. 2010; Lin and Huybers 2012). Notably in France, (Brisson et al. 2010) found
that on-farm wheat yields stagnated in the last 2 decades, and could be partially
attributed to climate change and unfavorable crop rotations. In a study done by
(Laidig et al. 2014) they found that across all crops studied in Germany CPT
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between 1983 to 2012, yield levels on-farm were much lower than trial station yields,
ranging from 23 to 43% lower, indicating improvements could be made to farmers
agronomic practices to improve their yield. They do note that the relative magnitude
of the yield gap in 2012 has decreased since 1983 for several crops, the absolute
size of the gap for all crops has increased over the period studied.

10

2.3 Prediction of Entry Performance in Performance Trials
2.3.1

Reliability of Entry Evaluation - Entry BLUPs
In performance trials, crops must be field tested in several regions due to the

presence of Genotype x Environment (GxE) interactions (Gauch and Zobel 1996).
The nature of performance trials conducted across several years and several
locations allows for the dissection of the GxE variation into Genotype by Location,
Genotype by Year, and Genotype by Year by Location. Of the three partitions of
GxE, yearly (seasonal) variation and its interactions tends to be the greatest source
of yield variation (Yan et al. 2000; Bilgin et al. 2015; Friesen et al. 2016). Due to
the instability of varietal performance across testing locations and years due to GxE,
a central belief to entry recommendation is that the greater the number of years an
entry is tested in, the better one can predict its performance across subsequent
years and locations.
In agricultural research, a breeder typically generates thousands of candidate
genotypes from an initial cross. Of these thousands, a handful will be chosen to be
entered into crop performance trials. A subset of these will be registered. Selections
must be made among numerous entries which requires estimation of an entries
genotypic value. Ideally, genotypes with the highest values are selected by the
breeder and advanced into CPTs. The estimation of breeding and genotypic values
can be made using mixed models, where factors (such as genotype, environment,
etc) are considered as either random or fixed. The distinction between random and
fixed effects is that a variable is treated as a fixed effect when the specific groups, or
levels, of the variable are of interest, such as three differing amounts of fungicide
applied to a crop, or the effect of gender (eg. Male and Female) on a disease. In this
case we are interested in making inferences regarding the mean of these treatments
11

from the population. In contrast, a term can be defined as a random effect when the
groups are not of interest, and instead considered a random sample from a
population, hence its name. In this case, we are interested in the variance of the
variable’s population. Fixed effects are estimated by Best Linear Unbiased
Estimation (BLUE), whereas random effects are predicted using Best Linear
Unbiased Prediction (BLUP). In the mixed model framework, (Smith et al. 2001)
asserts that entry effect is best treated as random effects as opposed to fixed effects
as BLUPs provide more reliable estimates of variety performance due to its property
of regression towards the mean, which is a result of the model accounting for genetic
variation (Smith et al. 2001; Piepho et al. 2008). In the case of entry
recommendation for farmers, their observed yield will be closer to predictions made
through performance trials. It should be noted that BLUEs and BLUPs can provide
similar results, provided that there is a large enough sample size (Piepho et al.
2008).
Research into the reliability of cultivar performance in one year’s multi-location
CPT for a subsequent year has been conducted for various institutions and
performance trials around the world. Yan and Rajcan (2003) compared single vs
multi-year data predictions of soybean performance as determined by tBLUPs, or the
t-statistic of the BLUP using Ontario CPT data from 1991 to 2000. The tBLUP
evaluates whether an entries BLUP is significantly higher, lower or no different than
the overall mean (Yan et al. 2002). It should be noted that Yan and Rajcan (2003)
conducted their study using a one-tailed test, however we use a two-tailed test as we
are comparing whether a given entries BLUP is significantly greater or smaller than
the overall mean. The tBLUP is the ratio of the BLUP to its standard error and is a
two-tailed t-test for each cultivar against the grand mean. This results in a threshold
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of 2.00 tested at the 5% level of probability. Using this threshold, a cultivar can be
classified into three groups, superior (t ≥ 2.00), inferior (t ≤−2.00), and intermediate
(−2.00< t < 2.00). Thus, if the tBLUP of a cultivar is greater than 1.67, it is
significantly greater than the mean, at the 5% critical value. Conversely, if the tBLUP
is less than -2.00, it is statistically smaller than the mean. If multiple year data is able
to predict cultivar performance with greater accuracy than single-year data, then
cultivar tBLUPs from multiple-year data correlated with a subsequent year should
have a greater Pearson correlation coefficient than with single-year data. They found
that a single year’s worth of MET data resulted in sufficient power for identifying
genotype performance the following year, with 2 to 4 years of data resulting in only
slightly better predictions. However, we believe that correlating the BLUP, which is a
direct measure of entry performance, is preferred to correlating the tBLUP if the
purpose is to directly compare entry performance.
Ma and Stützel (2014) evaluated the predictive ability of German winter
wheat recommendation trials from 1991 to 2001 using Markov Chains to classify
entries based on tBLUPs (Yan et al. 2002) into inferior, intermediate, and superior
groups on the national, regional and location level. They concluded that for superior
entries in a given location, two years regional data resulted in the greatest predictive
power, and two years data for a specific location yielded the greatest predictive
power for intermediate and inferior entries. Furthermore, they found a single year’s
data to be much less predictive than two years. Friesen et al. (2016) performed a
similar analysis on spring wheat data from 2000 – 2009 in the Canadian prairies,
where they sequentially analyzed data for the years 2000 - 2007, 2000 - 2008, and
2000 – 2009 and compared BLUPs for entries common to the analyzed datasets.
They found that BLUPs of entries in mixed model analyses of 2000 to 2007 data only
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exhibited 0 to 8% difference of BLUPs when the entries accumulated additional
information in 2000 – 2008 and 2000 – 2009, suggesting negligible increase in
accuracy of entry performance when adding additional year’s worth of data. When
entry, or genotypic values were arithmetic means as opposed to BLUPs, they
fluctuated between 53 to 108%, highlighting the predictive accuracy of BLUPs for
entry performance for subsequent years.
2.3.2 Genomic Prediction
2.3.2.1 Genotype-By-Sequencing
Molecular markers are a key tool in studying germplasm population structure
and genetic diversity (eg. Struss and Plieske 1998; Huang et al. 2002; van
Inghelandt et al. 2010). Single Nucleotide Polymorphisms, or SNPs, are the most
abundant source of genetic variation in crops, and their coverage along the genome
has been extensively utilized in plant breeding applications. Before the advent of
next-generation-sequencing technologies, (NGS), SNP arrays were used, but the
high cost per sample has been a considerable barrier for both breeders and
researchers. The recent availability of high-throughput sequencing techniques such
a Genotype by Sequencing (GBS) and rapidly declining costs has allowed for SNP
discovery to be routinely applied to breeding programs for any crop.
Genotype by Sequencing (GBS) is a low-cost, reduced representation
sequencing method, which utilizes restriction enzyme digestion to reduce the amount
of sampled chromosomal DNA (Elshire et al. 2011, Poland et al. 2012b). The
nature of GBS allows for samples to be multiplexed, that is, multiple individuals to be
pooled into a single library, greatly reducing the cost of sequencing per sample and
allowing for both marker discovery and genotyping simultaneously for many samples
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(He et al. 2014). The introduction of GBS has allowed for accessible, and practical
SNP discovery and genotyping.
2.3.2.2 Genomic Prediction
First proposed by Meuwissen et al. (2001), genomic selection is based on
the principle that information from a vast number of markers distributed across the
genome can be used to capture variation in the genome to estimate phenotypic
traits. Genomic selection is a form of marker assisted selection that assumes
quantitative trait loci are in linkage disequilibrium with at least one marker (Goddard
and Hayes 2007). The end goal is to estimate breeding and genotypic values for
individuals, which will be carried forward in a breeding program or selected for field
trials. Genomic prediction uses a training population of individuals that have been
genotyped (molecular markers) and phenotyped (eg. measured trait such as yield) to
develop a model. The model can then be used, given only genotypic data from an
individual, to predict genomic estimated breeding value (GEBV) for individuals heldout or not used in the training of the model. GEBV can be used to select individuals
for breeding, enhancing genetic gains by i) accelerating the breeding cycle and ii)
improving field-testing efficiency as phenotyping is no longer required for all
individuals (Meuwissen et al. 2001). The accuracy of genomic prediction can be
estimated as the correlation between the GEBV and the observed values for the
validation population, or those individuals that were not used to train the model. In
wheat breeding, the genotypic value is of interest, rather than the breeding value
(Piepho et al. 2008; Heffner et al. 2011). Due to the declining costs of NGS
technology and advent of reduced representation methods such as GBS, resulting in
relatively inexpensive and accessible genotypic information, genomic selection has
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become practical and thus widely studied in crops such as wheat (Poland et al.
2012; Dawson et al. 2013; Arruda et al. 2015; Sarinelli et al. 2019).
As the number of SNP, or marker predictors, are typically in the thousands,
while the population to train the model (n) may have hundreds or fewer individuals,
we encounter the large p, small n problem, where the number of predictors (SNPs)
are larger than the number of observations (predictions). In the case of ‘large p,
small n’, the predictors often exhibit high multicollinearity, and multiple linear
regression models can no longer be fit as marker effects become mathematically
impossible to estimate (Piepho 2009; Crossa et al. 2010; Jannink et al. 2010).
Overfitting is also an issue, where noise in data is exaggerated in the training set,
resulting in a model that is too fine-tuned to the training set. The model performs
poorly (ie. much lower prediction accuracy) on the held-out, validation set.
Penalized regression methods have been developed and utilized to overcome
the ‘large p, small n’ problem encountered in genomic prediction, such as Ridge
Regression best linear unbiased prediction (RR-BLUP) and the Least Absolute
Shrinkage and Selection Operator (LASSO) (Tibshirani 1996; Meuwissen et al.
2001). In RR-BLUP, all markers are assumed to be random effects with a common
variance, and they are equally shrunken towards zero. LASSO performs both
shrinkage and variable selection (ie. sets some marker effects to 0). Bayesian
methods have also been proposed as alternatives that intrinsically have markerspecific shrinkage properties, such as Bayes A, Bayes B, and the Bayesian LASSO
(Meuwissen et al. 2001; Park and Casella 2008). Alternatives to the marker-based
models are the ‘GBLUP’, or kinship-based model, which uses kinship to predict a
line’s performance, or the realized additive relationship matrix derived from
molecular markers. Using the molecular marker matrix to determine relationships
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among lines results in more accurate predictions of GEBV than pedigree-based
relationship matrices, which calculate the additive relationship matrix using
coefficients of ancestry (Hayes et al. 2009; Crossa et al. 2010; Arruda et al. 2015).
Additionally, the use of GBLUP results in almost identical predictions of GEBV as
RR-BLUP when molecular markers used in RR-BLUP are used to calculate the
realized-additive relationship matrix (Habier et al. 2007; Hayes et al. 2009). The
realized additive relationship matrix in GBLUP enables more complex models than
allowed with RRBLUP using additional covariates, such as GxE interactions (Heslot
et al. 2013; Jiang and Reif 2015).
Over-fitting can be reduced through fold cross-validation, where the dataset is
divided into several folds and each fold is iteratively used as a testing population,
and the remaining folds are used as the training (Poland et al. 2012; Sarinelli et al.
2019). In studies that analyze traits in a two-step approach, where the trait of interest
is taken as an adjusted value over several locations or environments, overfitting can
be further reduced using cross-validation methods that use repeated sampling to
create the training and testing populations (Arruda et al. 2015; He et al. 2016).
The wealth of data available in historical performance and breeding trials could
be complemented with genomic information to study the practicality of genomic
prediction. Such studies have been conducted to understand how several factors
affect genomic prediction, as well as how practical (ie. are genomic prediction
accuracies high and thus feasible or low?) genomic selection may be in the
populations used within the trials. Mackay et al. (2011) performed genomic
prediction to determine if there is a relationship between genetic information and
yield using 158 historical UK winter wheat lines tested in CPT between 1948 and
2007. Their results showed that when older entries were used to predict newer
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entries, the correlation between predicted and observed values was weak (r = 0.17),
however when the training and testing datasets had similar representations of both
old and new entries, the correlation was much stronger (r = 0.83). The authors
attributed the ability to predict yield in their dataset to the model using kinship
amongst the lines rather than the model tagging QTL of small effect. Dawson et al.
(2013) using 622 genotypes from Mexico’s CIMMYT winter wheat breeding trials
over 17 years (1992 – 2009 except for 1993) evaluated the overall accuracy of
genomic predictions for untested entries in a subsequent year. To do so, they
employed a leave-one-year out validation approach to genomic prediction, where the
entries for a given set of years were used to predict breeding values for untested
entries in subsequent years. They found a mean accuracy across the 17 years of
0.43. Storlie and Charmet (2013) evaluating 368 elite winter wheat historical
breeding lines grown across 11 years (2000 – 2010) in 6 locations in France
estimated genomic values using i) leave-one year out cross validation, pooled across
years cross-validation where adjusted yield means were calculated ii) with and iii)
without location as a covariate. The prediction accuracy when using the leave-oneyear-out approach (r = 0.2) was much lower than when genotypes were randomly
selected (r = 0.4 – 0.5). Their results suggest that prediction of wheat yield in future
years is difficult to predict, possibly attributable to QTLxEnvironment effects.
Sarinelli et al. (2019) assessed the predictive ability of 467 winter wheat lines from
2008 to 2018 in winter wheat panel in the US for grain yield, test weight, heading
date, plant height, and powdery mildew resistance, finding predictive accuracies
ranging from 0.56 to 0.73.

2.4 Hypotheses and Objectives
There are three objectives of this thesis:
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(i)

Dissecting the relative contributions of genetic and non-genetic sources of
long-term yield of winter wheat across Ontario

(ii)

Assessing the predictability of cultivar performance from estimates derived
from single-year trials vs multiple-year trials

(iii)

Infer the population structure and assess the predictive accuracy of
genomic prediction in the Ontario winter wheat CPT
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3 Chapter 3 – Analysis of genetic, non-genetic and onfarm yield trends of Ontario Winter Wheat performance
trials
3.1 Abstract
Around the world, varietal performance trials are conducted to assess
genotypic performance and to disseminate variety recommendations to farmers.
These trials analyzed over time can yield important information on how plant
breeding efforts, crop management practices and climate have affected crop yields.
Using crop performance trial (CPT) data for winter wheat in Ontario, Canada from
1988 to 2018, we i) assessed trial, genetic, and agronomic trends to yield and ii)
examined the difference in yields between trial trends and provincial on-farm
averages. Mixed linear models incorporating regression terms were used to dissect
overall, genetic and agronomic trends for CPT for two time periods, between 1988 to
2003, and between 2004 to 2018. Between 1988 to 2003, trial yields increased at a
rate of 0.12 tonnes/ha/annum (2.67% per annum) but remained stagnant thereafter
to 2018. On-farm yield increased at a rate of 0.068 tonnes/ha/annum (1.2% pa since
1988) between 1988 to 2018. Genetic improvements in yield have occurred at 0.038
tonnes/ha/annum (0.82% pa since 1988) and 0.025 tonnes/ha/annum (0.40%pa
since 2004) between the periods of 1988 to 2003 and 2004 to 2018, respectively.
Agronomic effects on trial yields varied over the time period, significantly increasing
at 0.078 tonnes/ha/annum (1.67% pa) pre-2003, but have had negative effects with
time since 2004. Yield gaps calculated using both intensive and non-intensive trial
data show that intensive trial data, which reflect current farmer and grower practices,
agree with yield gaps of an agronomically developed region. Overall, this study
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sheds light onto the impact of genetic and agronomic contributions to the progress of
winter wheat yield trials in Ontario and their divergence from farm yields.

3.2 Introduction
Food supply must be doubled over the next few decades to meet the increasing
demands due to population growth and consumption (Foley et al. 2011). To meet
these demands, advancements in breeding programs and agronomy must translate
into improvements in on-farm yield. Crop performance trials (CPTs) are performed
by institutions around the world to provide farmers with an evaluation of relative
cultivar performances across environments within or close to the farmers growing
area. CPT are the basis of cultivar recommendation to farmers; thus the continual
addition of better performing cultivars and removal of inferior cultivars reflects the
genetic improvement of genotypes. An analysis of historical performance trial data
can reveal genetic and non-genetic trends, along with overall trial progress relative to
on-farm gain, allowing for the optimization of future breeding strategies.
The Ontario Cereal Crop Committee (OCCC) has conducted annual performance
trials for cereal crops in Ontario dating back to the early 1930’s with the purpose of
evaluating crop genotypes for yield and agronomic characteristics over a number of
locations within testing areas. Each year, several entries are grown across various
regions in Ontario, and these regions are further sub-divided into testing sites.
These areas, or test areas, are divided based on thermal zones defined by the corn
heat unit (CHU), a measure of cumulative heat over growing seasons (Major et al.
1983; Figure 3.1). This thesis focuses solely on winter wheat performance trials
conducted in Ontario. We refer to varieties and genotypes interchangeably as entries
in this study.
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Ontario is the predominant grower of winter wheat within Canada (Statistics
Canada 2018) and understanding genetic and agronomic contributions sheds insight
into advancements in breeding programs, agronomic practices, and the impact of
climate change. The wealth of information found in historical performance trials can
be used to partition genetic and non-genetic gains over time for a trait of interest,
such as yield (Laidig et al. 2008, 2016; Brisson et al. 2010; Mackay et al. 2011;
Rijk et al. 2013; Piepho et al. 2014). The influence of abiotic and biotic factors can
also be studied in large datasets spanning many entries and environments to screen
climatic sensitivity and tolerance in historical entries (Pidgeon et al. 2006; Mackay
et al. 2011). Trend studies typically utilize regression analysis to understand the rate
of change in yield, and to partition genetic and non-genetic sources of variation. To
visualize trends, genotype and/or year yield estimates are plotted against time. Nongenetic effects on yield are referred to here as ‘agronomic’ effects. Agronomic effects
are annual differences in yield that may be due to weather, agronomic practices,
policy, and climate change.
Studies have been conducted on yield progress for winter wheat in countries
across the world. Genetic progress was estimated to be 0.8% and 1.3% per annum,
relative to a check cultivars for the northern and southern region of the Great Plains
of the US, respectively between 1959 and 2008 (Graybosch and Peterson 2010).
In Finland, (Peltonen-Sainio et al. 2009) estimates genetic improvement at a rate of
0.029 tonnes/ha/year between 1970 and 2005. In France, Brisson et al (2010)
found genetic progress to be between 0.094 and 0.128 tonnes/ha/year for up to the
past 50 years. In the UK, genetic progress was found to be 0.071 tonnes/ha/year
between 1948 and 2007, and 0.061 tonnes/ha/year between 1990 and 2009
(Fischer and Edmeades 2010; Mackay et al. 2011). In the Netherlands, across the
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northern, central and south-western regions, genetic progress was found to be on
average 0.090 tonnes/ha/year (Rijk et al. 2013). Across different growing zones in
China, genetic gain from 1945 to 2010 for wheat yield was estimated to range
between 0.020 to 0.103 tonnes/ha/year (or roughly 0.33 to 1.42% per year) (Wu et
al. 2014). Specifically, in Northern China, (Zhou et al. 2007) found a significant
linear trend in yield between 0.032 to 0.072 tonnes/ha/year. Overall, genetic
progress for winter wheat yield across the world has been linear and is attributable to
advancements in breeding programs and their interactions with developments in
agronomic developments.
Here, we use the trend modeling approach by Laidig et al. (2014, 2016, 2017)
and Piepho et al. (2014), referred to as a one-step approach, which consolidates
the two-step mixed model approach by Mackay et al. (2011). The two-step approach
uses a three-way mixed linear model with genotype, location, and year as factors to
obtain adjusted means for genotype and year. Adjusted means are the average of a
factors mean, taken as the average of other covariates in a mixed linear model.
Adjusted means for year are then plotted against calendar year to visualize the nongenetic (agronomic trend), and genotypic means plotted against year of entry to
visualize the genetic trend. The genetic and non-genetic trends are then obtained by
regressing the adjusted means onto the calendar year. In contrast, the one-step
approach explicitly models fixed regression terms for calendar year and year of first
entry, whose respective slopes over time represents the non-genetic and genetic
trends. Mackay et al. (2011) found for all crops in UK CPT between 1948 and 2007,
entry effects increased roughly linearly over time. Year effects were variable and was
not significantly linear over time. A positive trend of year effects over time was
attributed to improvements in agronomy practices. More specifically, for maize and
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beets, advancements in plant breeding and agronomic practices contributed equally,
whereas for cereals and oil seed rape, most of the improvement was attributable to
plant breeding. Laidig et al. 2014 analyzing 12 crops from German CPT over the
period of 1983 to 2012, found significant linear increase in yield for all crops over the
30 years analyzed, with no evidence that genetic increases were stagnating in
Germany. For winter wheat, they found genetic progress to be 0.053 tonnes/ha/year.
A primary goal of performance trials is to assist farmers in recommending which
cultivars to grow, given the farms location. The purpose of performance trials are to
predict a cultivars’ performance in the field. Thus, the observed yield of farmers for a
chosen cultivar should be close to relative predictions made through performance
trials (Smith et al. 2001). In practice, yield gaps, the difference between trial yields
and farmer yields, occur due to a combination of agronomic practices, pests and
diseases, land quality, management differences, and other factors (Lobell et al.
2009). In their study of yield gaps across the world, Lobell et al. 2009 found yields
gaps ranging from 20 to 80% of performance trial yields.
Over the last four decades, a plateau in on-farm yield has been observed across
several countries across the world for cereals and winter wheat and has been
attributed to climate change, changes in agronomic practices as a result of political
and economic shifts, as well as unfavorable crop rotations (Peltonen-Sainio et al.
2009; Brisson et al. 2010; Lin and Huybers 2012). Thus, it is of interest to
investigate whether stagnation has also occurred in on-farm yield averages in the
Canadian province of Ontario.
Our objectives for analysis of Ontario historical wheat performance trials are to:
i)

Understand performance trial and provincial farm average trends between
1988 to 2018, and the yield gap between the two.
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ii)

Quantify and assess genetic and non-genetic trends that affect yield
between 1988 to 2018.
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3.3 Materials & Methods
Sources of Data
Ontario Performance Trial Data
The winter wheat performance trials are tests for agronomic traits organized by
the Ontario Cereal Crop Committee (OCCC). Trials are funded by the Ontario
Ministry of Agriculture, Food and Rural Affairs, the Ontario Wheat Producers
Marketing Board, and the sponsors of entries. The same entries, also referred to as
varieties and genotypes in this study, are typically tested at a number of locations
within a single year (Palermo 2015). The entries tested in each year vary across
years because entries are removed and new entries are added in each year. Testing
sites, or locations remain mostly consistent such as Elora, Ottawa, Woodslee and
Ottawa, but some vary from year to year depending on sponsor interest. Prior to
2000, the trial data could be found in performance trial books, which are paperbound reports published and disseminated annually by the OCCC. Reports contain
mean yield (tonnes/ha) for each location evaluated in a given year. Historically, the
entry performance was reported as location means until the year 2000. From then
on, entry performance was reported relative to the location mean as an index (Index
= 100 * cultivar yield/location yield) as opposed to location means to provide farmers
with a more intuitive representation of performance. The paper reports were digitized
by first scanning them then the text was parsed using ABBYY Fine Reader 14
(ABBYY 2017 ), an optical character recognition software, and extracting the
recognized tables using Tabula v1.1.1 (Aristarán 2018). Digitized data was proofread for errors and data tidying was performed in R using custom scripts. Data after
the year 2000 was digital and provided by Dale Anderson, an OCCC member.
Intensive trials, where crops are treated with foliar fungicides to combat diseases,
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were introduced into the OCCC in 2008. We were provided with intensive trial data
from 2012 to 2018. Unless noted, the data used in all trend analyses were for nonintensive trials, ie. without the application of fungicides.
For each trial held at each location, cultivation was followed according to OCCC
protocols (OCCC 2017). At each location, trials were designed such that entries
were replicated at least 4 times with a harvested plot area no less than 3m2 per
replicate and inter-plot gap no larger than 0.46m. Design options included
randomized complete block design, alpha lattice, and lattice. Seeds were sown at
350-450 viable seeds/m2 (OCCC 2017). For all winter wheat entries in the CPT,
grain yield, test weight, thousand grain weight, Hagberg falling number, and plant
height are recorded, but only yield was digitized and analyzed here. All data used in
analyses are thus based on estimated genotypic values within locations. The dataset
used in this analysis was filtered such that entries grown for fewer than 3 years were
removed. The rationale was that yield estimates of entries grown less than 3 years
would contribute little reliable information to our entry estimates. For trend analysis,
we used the longest, unbroken series of years available (1988 to 2018). A summary
of the data is shown in Table 3.1. The data set includes trials from 1971, 1977,
1978, 1979, and 1985. An entries year of entry is the first year the entry entered into
the performance trials. If an entry was present in one of these earlier years, then it
was estimated to have entered in that year. The year of entry is used to calculate the
genetic trend, the rate of entry yield change measured by tons/ha/per annum.
Conversely, the calendar year is used to calculate the non-genetic (agronomic)
trend.
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Provincial Yield
Average on-farm provincial yield (tonnes/ha) for winter wheat was estimated
as the ratio of production (tonnes) to the area (hectares) of wheat harvested in a
given calendar year using data on the provincial level from Statistics Canada, which
is obtained from their field crop surveys conducted during March, June, July,
November, and December of each year (Statistics Canada 2018). The following
options were selected to obtain the table used in this analysis: ‘Ontario’, ‘Harvested
Area (Hectares)’, ‘Production (Metric Tonnes)’, and ‘Wheat, Winter remaining’.
‘Wheat, Winter remaining’ indicates the remaining winter wheat of the previous year
that remains after winterkill.
Statistical Analyses
Dissecting Genetic and Non-Genetic Yield Trends Over Time
The baseline three-way mixed model for understanding variation in a trait due
to genotype, location and year influences is given by:
Yijk = u + vi + lj + yk + (vy)ik + (yl)kj + (vl)ij + eijk

(1)

Where Yijk is the yield of entry i at location j in year k, u is the overall mean, v i is
the effect of the ith entry, yk is the effect of the kth year, lj is the effect of the jth
location, (vy)ik is the interaction between entry i and year k, (yl)kj is the interaction
between year k and location j, (vl)ij is the interaction between entry i and location j,
and eijk is the error term, the sum of the within-trial error and entry x location x year
interaction. Here, this initial model given by eqn (1) acts as a baseline model. All
terms here are treated as random until mentioned otherwise (eg. in obtaining
adjusted means for visualizing trends) in subsequent extensions of eqn (1).
To understand the contributions of plant breeding and agronomic and
management practices towards winter wheat yield in Ontario, genetic and non-
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genetic influences to yield progress over time were partitioned from the CPT data.
We used the one-stage approach taken by Piepho et al. (2014) and Laidig et al.
(2014). Fixed regression terms for calendar year, and year of first entry for a given
entry were incorporated into a standard three-way model (eqn 1). All mixed models
were fit using the lme4 package in R (Bates et al. 2015). This one step approach
models year and genotypic effects by direct regression terms :. Genetic and nongenetic trends over time are given by the slope of modelling vi and yk in eqn (1) as
functions of year. Given eqn (1), genotypic effects vi can be directly modelled as
(Piepho et al. 2014):
vi = βri + Hi

(2)

which is substituted into vi in eqn (1), where β is the linear regression coefficient
for rate of genetic change amongst introduced genotypes over time, and ri is the first
year of testing for the ith entry, and Hi is the deviation of vi from the genetic trend line
given by βri. Similarly, the agronomic (non-genetic trend) is given by modeling the
year effect yk by:
yk = γtk + Zk

(3)

which is substituted into yk in eqn (1), where γ, is the linear regression coefficient
for the yield changes over years that are non-genetic, tk is the calendar year and Zk
is the deviation from the non-genetic trend line given by γtk. Both ri and tk are treated
as fixed effects. Significance of a regression coefficient tested at a critical value of
0.05 indicates whether the coefficient, or slope, is significantly different from zero.
Thus, to partition genetic and non-genetic trends, the full model is given by the
substitution of eqns (2) and (3) for vi and yk, respectively, into eqn (1), giving:
Yijk = u + (βri + Hi) + (γtk + Zk) + lj + (vy)ik + (yl)kj + (vl)ij + eijk (4)
with term identities as defined in the above paragraphs.
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Yield Gap
Yield gaps between Ontario winter wheat performance trials and provincial onfarm yields from 1988 to 2018 were investigated. The average production in
tonnes/hectare for winter wheat in Ontario was computed from yearly crop estimates
using data provided by Statistics Canada as noted in the ‘Provincial Yield’ section
(Statistics Canada 2018).
Model for Provincial On-Farm Trends
The trend of provincial yields was modelled using the following simple linear
regression:
Yk = u + wtk + ek

(5)

where w is the coefficient for the on-farm yield trend, tk the year, Yk is the provincial
average farm yield, and ek is the residual.
Model for Yearly Yield Progress in the Crop Performance Trials
To estimate the overall trial trend, which represents the yield change in the
trials due to stable factors within each year, the following model was used (Laidig et
al. 2014, 2016, 2017):
Yijk = u + yk + (vy)ik + (yl)kj + lj + eijk

(6)

where term identities are identical to eqn (1). To capture the entry effect,
entries were assumed to be nested in year, and entry effects not nested within year,
vi, (vl)ij were dropped relative to eqn (1). Yk is then modelled as a function of the
calendar year, again using eqn (3) where the slope for the calendar year, tk,,
represents the change in performance trial means over the period.
Model for Yield Gap
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The trend of the yield gap over time was estimated by simple linear regression
of the difference between the trial yield average and provincial average yields on to
the calendar year:
dk = u + btk + ek

(7)

where dk is the difference between estimated trial yields and provincial average
yields in year k, u is the overall mean trial and provincial farm difference, b is the
linear coefficient for the gap trend, representing the change in yield gap over years,
and tk is the calendar year.
To quantify yield gaps at the beginning (1988) and end (2018) of the studied
period, differences between provincial average yields and overall trial means for any
year k (dk) are calculated as a percent of linear overall trial yield regression
estimates in 1988 and 2018. The rationale of using common denominators is to be
able to quantify yield gaps as a percentage and compare them. If the percentage of
yield gap between 1998 and 2018 is similar in magnitude, then the yield gap has not
changed much relative to the baseline year of 1988.
Relative Performance Gain from 1988 to 2018
To quantify the differences in trial performance levels at the beginning and at
the end of the period analyzed, the difference between the overall linear regression
yield estimate in 1988 and 2018 was calculated. This number was then expressed
relative to the overall regression estimate in 1988.
Visualizing Trends
Genetic, non-genetic, and overall trial trends over time were visualized by plotting
means adjusted for covariates using their respective models below. These adjusted
means were obtained using the emmeans function in the emmeans package in R
(Lenth et al. 2018). The genetic trend was visualized by obtaining genotype-group
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adjusted means for each ri (year of entry) by modelling the entry effect of the ith
entry, Vi in eqn (1) as (Piepho et al. 2014):
Vi = Cp + Hi

(8)

Where Cp is a fixed categorical effect for p = 1, …, P, the year in which entries
are first grown, ri. Adjusted means for Cp were obtained and plotted against ri (year of
testing).
To visualize the non-genetic trend, the year effect yk from eqn (1) was treated as
fixed to obtain adjusted year means. The adjusted year means are then plotted
against calendar year tk. Similarly, to visualize the overall trial trend, yk in eqn (6)
was treated as fixed to obtain adjusted year means, which are then plotted against
calendar year, tk.
Based on the models outlined in this chapter, the following trends were visualized:
1. Genetic trend (eqn 8): Plot of adjusted genotype group means for genotype
year of trial entry Cp against calender year.
2. Non-genetic/agronomic trend (eqn 1): Plot of adjusted year yield estimates yk
against calendar year tk
3. Trend of provincial farm yields (eqn 5): Plot of annual average farm yield
against calendar year
4. Overall trial trend (eqn 6): Plot of adjusted year means for yk yield estimates
corrected for location and entry x year effects against calendar year tk
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3.4 Results
Yield Variation Due to Genotype, Environment and Genotype x Environment
The most important components of yield variation are year and location
(collectively known as environmental variation) (Table 3.2.). The dominant effect is
year x location variation, accounting for more than half of the variation in yield. The
influence due to location (14.3%) was greater than year, (10.3%) suggesting location
variation is more influential than seasonal variation. In total, genotypic contributions
are 7.9% of total yield variation. Generally, the relative contributions of factors to
yield for Ontario winter wheat historical trial data are in agreement with those
estimated for spring wheat performance trials analyzed in the Canadian Prairies from
2000 to 2009, and winter wheat performance trial data analyzed in Ontario from
1989 to 1998 (Yan et al. 2000; Friesen et al. 2016).
On-Farm and Performance Trial Yields over Time.
The overall trend obtained in performance trials was compared with provincial
on-farm yield between 1988 to 2018 in Table 3.3. To assess rates of change (given
by regression coefficients) more intuitively, regression estimates are also expressed
as a percentage of the yield level in 1988. Relative gain is also presented between
the years studied, which is calculated as the difference in yield between the
beginning and end of the period studied divided by the yield at the beginning of the
period studied.
The annual Statistics Canada yield estimates for winter wheat in Ontario,
alongside production (tonnes) and area harvested (ha) are shown in Figure 3.2. The
provincial yield remains relatively steady between 1988 until 2001, where both
production area and total production rise and again, remains relatively steady until
2018. The dramatic decrease in farm yields seen in 1996 is due to the extreme wet
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and cool weather experienced in Southern Ontario, resulting in an outbreak of blight
fungus and drastic reduction in both grain quantity and quality (Environment and
Climate Change Canada 2017). An increase in yield production around 2001
corresponds with the increase in area harvested. Provincial on-farm yield progress is
linear (at a = 0.001). Between 1988 and 2018, the provincial on-farm yield gain was
on average, 0.068 tonnes/ha/annum, or 1.2% per annum since 1988. Performance
trial yields steadily increase until 2003, where it then declines and plateaus for the
last decade (Supplementary Figure 1). Given this distinct pattern separating these
two time periods (ie. pre and post 2003), we analyzed linear trends by splitting the
dataset into the two aforementioned periods and analyzing them separately. The two
periods are defined as, 1988 including up to 2003 (1988 to 2003), and after 2003
(2004 – 2018), which will be referred to as “pre-2003” and “post-2003”, respectively.
Yield gain for trials pre-2003 increased at a linear rate of 0.12 tonnes/ha/annum, or
2.67% per annum (Figure 3.3). Post-2003, yield gains decreased at a rate of -0.016
but was found to be not significantly linear (α = 0.05). Between 1988 and 2003, the
relative yield gain was 40.9% and 43.2% for on farm and trial yield, respectively. In
contrast, between 2004 and 2018, the relative yield gain was much lower at -3.6%
and 15.5% for trial yields and on-farm yields, respectively.
Farm yields are generally lower than performance trial yields due to nutrient
differences in soil, pests, diseases, and management practices (Lobell et al. 2009).
We examined whether yield gap, the difference between trial and provincial farm
yield, for Ontario winter wheat remains constant, widens, or narrows over time. If
yield gaps in 1988 and 2018 are the same magnitude, then the yield gap has
remained the same. Similar to the trend analysis, yield gap was quantified at the
beginning and end of the pre and post-2003 periods (Table 3.4). The yield gap was
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22.0% and 23.3% at the beginning (1988) and end (2003) of the pre-2003 period,
whereas it was 23.5% and 8.32% at the beginning (2004) and end (2004) of the
post-2004 period. During the pre-2003 period, yield gap was found to be not
significantly linear and thus not quantified. During the post-2003 period, the yield gap
was found to be significantly linear, decreasing at a rate of -1.08% per annum (0.069 tonnes/ha/annum). The difference between overall trial yield and provincial on
farm yield appears to be closing, which can be attributed to a plateau in trial yields
occurring sometime in the last decade (ie. since early 2000’s) (Figure 3.3). It is
possible that overall trial yields have stagnated, or even declined since the mid
2000’s.
Dissecting Genetic and Agronomic Trends
Regression coefficient estimates for performance trial genetic and agronomic
trends are shown in Table 3.3. Genetic trends for both time periods (pre and post
2003) are significantly linear at α = 0.001. Expressed relative to the overall trial yield
in 1988, genetic contributions to grain yield occurred at an average rate of 0.82%
(0.038 tonnes/ha/annum) per year up until 2003. Relative to overall trial yield in
2004, genetic contributions to grain yield have occurred at an average rate of 0.40%
(0.025 tonnes/ha/annum) per year up until 2018. The agronomic (non-genetic) trend
for pre-2003 is significantly linear (α = 0.05), occurring at a rate of 1.67% per annum,
or 0.078 tonnes/ha/annum. However, for post-2003, the agronomic trend for yield
was found to be not significantly linear (α = 0.05), and thus is not quantified.
Agronomic (non-genetic) factors appear to be primarily responsible for changes in
trial yields relative to genetic (factors) prior to 2003. However, the opposite seems to
be true for after 2003.
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Figure 3.4 depicts adjusted means for genotypic and year (agronomic) effects
plotted against calendar year pre-2003 (1988 to 2003), and post-2003 (2004 to
2018). Pre-2003, both genetic and agronomic effects exhibit a linear trend, with
agronomic effects being more variable. Post-2003, genetic trends continue to exhibit
a linear trend (α = 0.05) but with more variability than pre-2003. However, the
agronomic trend sharply declines from 2006 onwards and plateaus until 2018. The
post-2003 agronomic trend is not significantly linear (α = 0.05) (Figure 3.4).
Visualizations of annual agronomic, overall and provincial adjusted mean yields
exhibit similar patterns across years, suggesting the effects of years on yield
response in performance trials are highly correlated with the effects of years on farm
yields, which is to be expected (Figure 3.2; Figure 3.3).
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Table 3.1 Summary of Ontario Winter Wheat Performance Trial Data for Grain Yield (tonnes/ha).

Crop

Total

Mean

Total

Total

Observations

Yield

Years Locations

Total

Location-

Average

Mean

Variety x

Entriesa

Year

Entries Per

Ageb

Location-Year

Combinations

Year

Percentage c
(%)

Winter

5966

5.74

31

29

108

291

23

Wheat
a

Only varieties occurring in at least 3 years were included.

b

The average duration in years an entry is kept in the trials.

c

Percentage of all possible variety x location x year combinations, representing the imbalance of the data.
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6.61

6.14

Figure 3.1. The division of OCCC winter wheat CPT in the province of Ontario, Canada into testing areas
I, II, III, and V. (OCCC 2018).
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Table 3.2 Variance component estimates and percentages for Ontario winter wheat performance
trials, on combined analyses of years 1988 to 2018, based on eqn (4)

Variance Component
Estimate

Percentage of
Variation (%)

Term
Genotype (Hi)

0.0837

4.7

Year (Zk)

0.185

10.3

Location (Lj)

0.256

14.3

Genotype x Year (vy)ik

0.037

2.1

Year x Location (yl)kj

1.03

57.2

Genotype x Location (vl)ij

0.020

1.1

Residual (eijk)

0.186

10.4
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Table 3.3 Regression coefficient estimates and standard error (SE) for performance trends in Ontario winter wheat CPT from 1988 to 2018 (tonnes/ha)

Period Analyzed

Estimates of Linear Trends
Genetic

Non-Genetic

Estimate ± SE

%a

Estimate ± SE

1988 - 2003

0.038*** ± 0.008

0.82

0.078* ± 0.03

2004 - 2018

0.025** ± 0.008

0.40

-0.047ns ± 0.02

a

Trial
%a

Estimate ± SE

1.67

0.12** +± 0.03

2.67

-0.74

-0.017ns ± 0.02

-0.26

Relative percent increase (%) based on baseline overall trial performance. Eg. Genetic: (slope/ baseline overall trial yield in 1988) * 100

*, **, ** significantly different from zero at the 0.05, 0.01 and 0.001 levels of probability, respectively.
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%a

Table 3.4 Summary of yield means and regression coefficient estimates for overall Ontario winter wheat CPT and provincial farm harvests for grain yield from
1988 to 2018 (tonnes/ha).

Period Analyzed

Overall Trial Means

On-Farm Provincial

Estimates of Linear Trends

Overall Trial

Yield Gapc (%)

Yield Gap
(Overall – Farm)

Diff a(%)

1988

2018

Diff a(%)

6.68

2.01 (43.2)

3.64

5.13

1.49 (40.9)

0.12** +± 0.03

6.13

-0.23 (-3.6)

4.87

5.62

0.76 (15.5)

-0.016ns ± 0.02

Beginning

End

Year

Year

1988 - 2003

4.67

2004 - 2018

6.36

Estimate ± SE

%b

Estimate ± SE

%b

Beginning Year

End Year

2.67

0.037ns ± 0.02

0.81

22.0

23.3

-0.26

-0.069** ± 0.02

-1.08

23.5

8.32

Difference between 1988 and 2018 is given by (final year overall yield – baseline year overall yield) / baseline year overall yield * 100%
eg. (6.68 – 4.67)/4.67 * 100 = 43%
bRelative percent increase (%) based on 1988 overall trial yield performance. eg. Overall: (overall slope / overall trial yield in 1988) * 100
cYield gap calculated as the difference between the regression estimates of overall trial and farm yield in the given calendar year, as a percentage of the overall trial in the
given calendar year
1988: (4.67-3.64)/4.67 * 100 = 22%
2003: (6.68 – 5.13)/6.68 * 100 = 23%
*, **, ** significantly different from zero at the 0.05, 0.01 and 0.001 levels of probability, respectively.
a%
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Figure 3.2. In Ontario, the A) Annual amount of winter wheat harvested area (ha), and
production (tonnes) based on Statistics Canada data, and B) Provincial on-farm average
yields from 1988 to 2018, generated from data in (A).
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Figure 3.3. Winter wheat A. Overall year means (ie. Adjusted overall trial means, yk in eqn 6)
and provincial on-farm average yields, and B. Yield gap, the difference between overall year
means and provincial on farm average yields from 1988 to 2018, divided into prior to 2003
and after 2003.
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Figure 3.4. Adjusted yield means (least square means) of winter wheat; genetic
(Cp in eqn 8) and agronomic (yk means eqn 1) from 1988 to 2018, divided into
pre-2003 and post-2003.
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Table 3.5. Summary of similar studies on winter wheat grain yield, expressed in t/ha/year

Authors

Region

This Study (2019)
Peltonen-Sainio et
al. 2009

Ontario, Canada

Brisson et al. 2010

France
Northern Great
Plains (USA,
Canada)
Southern Great
Plains (USA,
Canada)

Graybosch &
Peterson 2010

Finland

Mackay et al. 2011

United Kingdom

Rijk et al. 2013

Netherlands

Wu et al. 2014

China

Bilgin et al. 2015

Turkey

Laidig et al. 2016

Germany

Description of Data
CPT; 108 varieties, 1988
to 2018
CPT; 87 varieties, 1970 to
2005
CPT from 1970 to 2008

Genetic
Trend

% Relative
increase since
baseline year

0.030

0.64

0.006

% Relative
increase since
baseline year
0.13

Overall
Trial
Trend

% Relative
increase since
baseline year

0.039

0.029
0.112a

0.12b

0.04

CPT;1959 to 2008

0.79c

CPT;1959 to 2008
CPT; 308 varieties
between 1948 to 2008
CPT; 65 varieties between
1978 and 2010
CPT; 199 varieties
between 1945 to 2010

1.1c

36 lines from 1960 to 2010
CPT; 316 varieties
between 1963 to 2012

Agronomic
(Year) Trend

0.071

0.069

0.090

0.04

0.066

0.99

0.032
0.056

0.65

a

Average of three national variety trials

b

Average of North and South-East Regions, prior to 1996 (longest series of years available)

c

Relative to a control genotype
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0.0075

0.09

0.069

0.77

3.5 Discussion
Sources of Variation Due to Genotype (Entry), Environment and Genotype x
Environment Interaction
Location (14.3%) and year (10.3%) each explained greater yield variation than
genotype (4.7%), with genotype by environment having minor importance (Genotype x
Year:2.1% and Genotype x Location: 1.1%). Year by location is the dominate
environmental effect (57.2%). Winter wheat yield has been shown to be highly sensitive
to environmental fluctuations (Bilgin et al. 2015; Laidig et al. 2016). The large variation
in yield due to location is likely due to the high number (29) of locations used in the CPT
across the past 31 years. Generally, estimates of variance components for the historical
winter wheat data in Ontario from 1988 to 2018 are in agreement with estimates of
variance components for wheat CPT in other regions or shorter time periods in Canada
(Yan et al. 2000; Friesen et al. 2016). These results suggest a common pattern
amongst these crop trials and confirm findings in literature; much of the total variation in
wheat yield is due to static (growing region and interactions) and seasonal factors (year
and interactions), with seasonal variation being of greater importance than static
variation.
Genetic and Agronomic Trends in Performance Trials
The models used here allow for the estimation of genetic and agronomic trends
in a one-step approach using a linear mixed model that which accounts for the variation
that naturally occurs within multi-environment trials such as genotype, year, location and
their interactions with one another (Piepho et al. 2014). The constant influx and outflux
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of entries in the trials, that is the continual introduction of new candidate entries and
removal of older, underperforming entries, is the basis behind the genetic trends in the
models used here (Laidig et al. 2014). Linear trends using linear mixed models capture
genetic, agronomic and overall trends in trial progress. Furthermore, these trends are
reinforced by visual inspection of plots of adjusted means against time (Table 3.3;
Figures 3.4). Initially, trends were analyzed for the longest available series of years,
1988 to 2018. However, after visualizing plots of adjusted overall trial means against
time which revealed a decline and plateau in yields after 2003 (Supplementary Figure
1), we opted to divide the dataset into two distinct time periods to analyze trends, pre
and post 2003. This is because a linear trend was no longer an accurate estimation of
the observed trend.
A significant linear increase in yield gains due to genetic contributions is evident
over the past 31 years. However, genetic contributions have declined slightly (difference
in regression coefficient estimates of 0.013) between 2004 to 2018, relative to between
1988 to 2003. Overall, there is no evidence that genetic progress has or is stagnating.
Genetic gains occurred at an estimated 0.038 tonnes/ha/annum (0.82% pa relative to
1988), and 0.025 tonnes/ha/annum (0.40% pa relative to 2003) and is comparable to
genetic gains around the world (Table 3.5). Genetic progress can be attributable to
factors such as improved breeding techniques and the intensity of breeding programs.
However, there is some variation in the genetic trend (Figure 3.4). This variation is
attributable to the few number of entries that enter the trials in a given year, resulting in
less accurate estimates of the adjusted means. On average, between 1971 and 2018,
3.6 genotypes enter the trials in a given calendar year. A larger number of entries per
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year would result in more accurate estimates of the adjusted means, but this cannot be
changed and it seems we have captured the overall linear pattern of the genetic trend in
our model.
Conversely, the non-genetic trend, or agronomic trend, is annual non-genetic
influences to yield. From 1988 to 2003, the linear trend for agronomic effects over years
was found to be significantly linear (α = 0.05), but exhibited some variability which can
be due to influence from many factors, for example, changes in management practices
and most importantly, changes in weather. However, the linear trend for agronomic
effects over years was found to not be significantly linear between 2004 to 2018. These
trends are reinforced by plots of adjusted year means over time (Table 3.3; Figure 3.4).
The downward agronomic trend occurring from 2003 raises questions as to what
resulted in the decline. One possibility is fusarium head blight (FHB), an aggressive
disease which causes yield loss in winter wheat, was recognized as a significant
disease affecting wheat growing regions in Ontario since 2005 (Pesticide Risk
Reduction Program 2015). The decline of the agronomic trend in 2003 coincides just
two years prior to the official recognition of FHB as a severe disease affecting wheat in
the province. FHB was present in the province (as noted by the present of FHB
resistance breeding programs in the 1990’s), but not severe enough to warrant the
development of a management plan for the disease. Further studies may be necessary
to discriminate and understand the impact of diseases, climate and agronomic
management practices on yield. In the future, to better capture trends present in areas
within Ontario (Figure 3.1), the trend analyses could be applied to individual areas as
opposed to all of Ontario as a whole. This is because varieties may be bred specifically
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for the shorter growing seasons in northern Ontario, as opposed to the longer growing
seasons in the western and southern regions of the province.
Overall Trial Yield, Provincial On-Farm Yields and Yield Gap
The overall trial trend estimates the annual yield progress using varieties, or
entries, registered in the CPT under controlled agronomic practices. (Laidig et al.
2014). The importance of breeding programs can be appreciated when results (ie.
genetic improvements) translate into on-farm progress. Visual assessment of adjusted
trial means against time suggest that yield gains were no longer linear starting since
2003 and have plateaued indicated by random fluctuations around some mean value for
the past decade. Accordingly, we divided the dataset into two periods, pre and post
2003 to better understand and quantify the yield gains divided by these time periods. A
better method given the stagnation in yield may be to use a rising-plateau method,
which is a statistical model for identifying when (the specific year) and whether a time
series trend has plateaued (Lin & Huybers 2012). Trend analyses revealed that gains
in trial yield progress pre-2003 were significantly linear, occurring at a rate of 0.12
tonnes/ha/annum (2.7%). However, after 2003, the overall trial trend was no longer
significant. Graybosch & Peterson (2010), analyzing historical winter wheat yield trials
in the Great Plains of the USA suggested grain yields of winter wheat may have peaked
in the 1990s due to lack of technological and breeding advancements. Genetic progress
has been fairly consistent the past 31 years. Agronomic effects which increased with
time from 1988 to 2003, began declining in 2005 which coincides with the decline and
plateau of overall trial yields. This pattern suggests that yield trial plot management and
climate change, or both, has resulted in yields not being maximized in the last decade.
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Furthermore, the lack of fungicide treatments in non-intensive trials may have resulted
in decreased yields due to the recent wide-spread prevalence of diseases such as
Fusarium Head Blight and Stripe Rust in recent years (Pesticide Risk Reduction
Program 2015; OMAFRA 2017). However, breeding programs such as those lead by
the late Dr. Alireza Navabi at the University of Guelph have recently been initiated to
breed for FHB resistant winter wheat entries. Nonetheless, the results here point to a
stagnation in overall trial yields.
Yield gaps are an estimate of the difference between potential yield, a crops yield
under optimal growth conditions, and average farmers yields. Performance trials, when
conducted intensively are appropriate proxies for potential yield. Closing the yield gap
between on-farm yields and performance trials will result in optimal yield productivity, a
challenge that must be tackled to meet demands of population growth. Recent studies
have investigated yield gaps and their economic importance (Lobell et al. 2009; Lin
and Huybers 2012; Fischer et al. 2014).
Fischer (2015) argues that intensive variety trials, where crops are sprayed with
foliar fungicides to control disease, can only be considered as a true reflection of
potential yield, and thus be a comparison for yield gaps. Conversely, Lobell et al. 2009
suggest that although not all regions have intensive trials, yield gaps can be studied so
long as caution and notice is given to how yield potential is defined. We report yield
gaps between 1988 and 2018 despite the use of non-intensive trial data due to little
non-intensive trial data being available. The application of fungicides and insecticides
were not common practice on-farm in Ontario until sometime between 2001 and 2011
(Peter Johnson 2013; Clearwater et al. 2016). Intensive trials for crop performance
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trials were introduced in 2008 to better reflect management practices of farmers, which
are now run adjacent to the non-intensive trials (Pers. Comm with Peter Johnson, exCereal Specialist at OMAFRA).
Comparing overall yearly trial trends with provincial farm trends to assess how
yield gap has changed throughout the years, we found the yield gap has not
significantly changed between 1988 and 2003, but has significantly declined between
2004 and 2018 at a rate of -0.069 tonnes/ha/annum (-1.08% pa) (Figure 3.2; Table
3.4). There is a clear difference in how the yield gap has changed in the two time
periods. The gap between on-farm yields and overall trial yields has not closed at a
constant rate. The yield gap was similar in 1988 and 2003 at 22.0% and 23.3%,
respectively. In 2004, the yield gap was 23.5%, then drastically dropped to 8.32% by
2018. Visualizations of the on-farm trend reveal that yield gains have increased linearly,
while overall trial gains peaked in 2003, decline, and then plateau (Figure 3.3).
Both on-farm provincial yield and overall trial yields steadily increase from 1988 to
the early 2000’s, with the rate of trial yields increasing at greater rates in the early
2000’s. Ideally, a closing yield gap would be where on-farm yields reach potential yields
by optimizing agronomic practices (Lobell et al. 2009). The observed closing yield gap
here does not indicate that ideal scenario. Rather, the observed closing yield gap in
recent years is due to a plateau in overall trial yields in the early 2000’s combined with a
continual linear increase in provincial farm yields. Provincial farm yields have not
stagnated, reflecting the adaptation of farm management practices in how farmers have
adopted the use of fungicides and pesticides given the prevalence of crop diseases in
Ontario in recent years. This results in greater average yields relative to when
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fungicides and pesticides are not used, which is the case in non-intensive trials, leading
to an underestimation of the yield gap.
To investigate whether the yield gap is closing even when intensive management
practices are accounted for to better reflect on-farm practices, we used available
intensive trial data from 2012 to 2018 for winter wheat CPT in Ontario and calculated
adjusted overall trial means using eqn 6, treating yk as fixed. Adjusted overall trial
means for intensive trials were then plotted against time, identical to analyses
performed for non-intensive trials (Supplementary Figure 2). In 2012, the yield gap
considering intensive trials was 22.4% and in 2018, dropped to 6.33% (Supplementary
Table 1). The yield gap in 2012 is not so different from the yield gap in 2004, which was
23.5%. The average percentage yield gap across the 6 years is 6.37% and 13.3% for
non-intensive and intensive trials, respectively. However, in 2015, overall yield between
non-intensive trials and intensive trials did not differ much, resulting in similar yield gaps
(Supplementary Table 1). Taking the average percentage yield gap without 2015 gives
yield gaps of 6.69% and 14.9% for non-intensive and intensive trials, respectively. We
conclude that the yield gap is larger when trials are conducted with intensive
management practices, ie. treated with fungicides, relative to when non-intensive trials
is used to calculate the yield gap. By quantifying yield gap using intensive trial data,
which better reflect management practices for farmers in the past decade relative to
non-intensive trials, we find yield gap estimates considering intensive trials are closer to
the findings and conclusions of literature of an average yield gap between 20 – 30%
being an economic optimum, eg. Lobell et al. 2009, Fischer et al. 2014, Fischer 2015.
These findings reinforce the need to estimate yield gaps using trial data which most
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accurately reflect on-farm practices and how, in Ontario, as yield gaps accounting for
intensive trials are closer to the economic optimum, farmers have incorporated the use
of fungicides as part of their crop management routines.
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4 CHAPTER 4 - Repeatability of Winter Wheat Performance
and Feasibility of Genomic Prediction
4.1 Abstract
Crop performance trial (CPT) data can be used to assess the consistency of entry
performances over environments and may be used to train genomic prediction models.
It is of interest to understand whether an entry’s performance in one year is indictive of
its performance in subsequent years as field trial testing is laborious and stability of
entry yields is an important genetic attribute to breeders and for growers. Using
historical data to generate genomic prediction models could assist in the decisionmaking process of which entries should be chosen for field evaluation. We found that
multiple years of trial data and single years of trial data result in similar predictions of
entry performance for a subsequent year. One single year, multiple location trial data
results in a consistent pattern of entry performance for subsequent calendar years. This
pattern is attributable to low Genotype x Environment variation (3.40%) in our CPT
dataset. Furthermore, using a set of historical entries tested in CPT between 1971 and
2018, we found that molecular marker-based yield predictions are strong using five-fold
cross validation of all entries (r = 0.65). We attributed the high accuracy to a high
degree of shared alleles and high variation in yield amongst the entries. This study shed
light into insights and improvements that could be integrated into the decision-making
process behind crop performance trials for winter wheat in Ontario.
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4.2 Introduction
Crop performance trials (CPTs) are performed by institutions around the world to
provide farmers with reliable predictions regarding available varieties and to evaluate
varieties head-to-head. Ultimately, decisions regarding which varieties should be kept
for field evaluation and which entries to remove from the testing system must be made.
The wealth of data in CPTs allows one to assess the reliability of entry performance in
single-year trials vs. multiple-year trials. The potential of using molecular markers, that
is genomic information, to predict yield is also of interest. It could allow for one to
assess an entries potential without phenotyping, and use genomic information to assist
in deciding which entries move forward for field evaluation.
The presence of Genotype x Environment (GxE) interactions necessitates trials
conducted across multiple location and multiple years because yield stability as well as
yield potential is important to farmers and growers (Gauch and Zobel 1996; Yan et al.
2000). It follows that the greater the number of years an entry is evaluated, on average,
the more reliable the prediction of its performance in the subsequent year. Despite this,
a number of studies suggest that multi-year CPT do not greatly increase the
predictability of entry performance above single year models. Yan and Rajcan (2003)
compared single vs multi-year data predictions of entry performance for soybean CPT
data from 1991 to 2000 and concluded single year’s CPT data resulted in a consistent
pattern of genotypic performance from one year to the next year, with 2 to 4 years of
data resulting in only slightly better predictions. (Ma and Stützel 2014) evaluated the
predictive ability of German winter wheat recommendation trials from 1991 to 2001
using Markov Chains to classify entries into inferior, intermediate, and superior groups
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on the national, regional and location level. They concluded: i) for superior entries in a
given location, two years regional data resulted in the greatest predictive power, ii) two
years data for a specific location yielded the greatest predictive power for intermediate
and inferior entries and iii) single years data to be much less predictive than two years’
worth of data. (Friesen et al. 2016) performed a similar analysis on spring wheat data
from 2000 – 2009 in the Canadian prairies, where they sequentially analyzed data for
the years 2000 - 2007, 2000 - 2008, and 2000 – 2009, comparing BLUPs for varieties
common to the analyzed datasets. BLUPs of common entries in 2000 to 2007 data
exhibited 0 to 8% difference of BLUPs when the entries accumulated additional
information (ie. observations) in 2000 – 2008 and 2000 – 2009.
Several institutions have explored the use of historical wheat CPTs and breeding
programs to train genomic prediction models and understand the effect of factors such
as marker density and training population composition to optimize genomic prediction
models for yield. (Mackay et al. 2011) briefly trained genomic prediction models using a
set of historical UK winter wheat lines grown between 1948 and 2007 using ridge
regression, and found predictive accuracies (correlation between genomic estimated
values and adjusted genotypic values from field trials) between 0.17 and 0.83.
Predictive accuracy was high (r = 0.83) when the training population composed of
varieties that spanned the entirety of the historical dataset (1948 – 2007) and used to
predict yield in a testing population composed of varieties that also spanned the entirety
of the historical dataset. When a training population composed of old varieties was used
to predict a testing population composed of new varieties, correlation was lower at r =
0.17. Their results suggested kinship to be responsible for high genomic prediction
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accuracy. (Poland et al. 2012a) training genomic prediction models using a panel of
254 advanced breeding lines and 41 371 SNPs obtained prediction accuracies between
0.25 to 0.42. (Dawson et al. 2013) trained genomic prediction models using on 622
genotypes over 17 years between 1992 and 2009 (excluding 1993) using a leave-oneyear out forward validation approach on historical wheat performance trial data from
CIMMYT to predict breeding values for untested entries in subsequent years. The mean
predictive accuracy across the 17 years was 0.43. (Storlie and Charmet 2013) trained
models using 368 elite winter wheat historical breeding lines grown over 11 years (2000
– 2010) in 6 locations in France. Prediction accuracy using various cross-validation
methods to train and assess the ability of genomic prediction models were found to be
between 0.2 and 0.5. The authors attributed the low correlations to year to year
(seasonal) variation. (Sarinelli et al. 2019) assessed the predictive ability of 467 winter
wheat lines from 2008 to 2018 in winter wheat panel in the US. They introduced fixed
effects for markers associated with major genes and found they improved model
predictive ability. In addition to yield, they also tested agronomic traits which include test
weight, heading date, plant height, and powdery mildew resistance. Prediction accuracy
was found to be between 0.56 and 0.73 for the assessed traits.
The objectives of the current study are to:
i)

Compare and assess the predictive ability of entry estimates from a single
year and multiple years of trial data to predict entry estimates of a subsequent
year

ii)

Assess the accuracy of genomic prediction models to predict yield using 74
historical winter wheat entries evaluated in the Ontario winter wheat CPT
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4.3 Materials & Methods
Data Source and Phenotypes
Winter wheat yield data from the Ontario Cereal Crop Committee (OCCC)
performance trials from 1988 to 2018 for Ontario, Canada was used in this study. For
each trial held at each location, a standard field protocol was followed according to
OCCC guidelines. In brief, at each location, trials were organized using a standard
experimental design such as randomized complete block design, alpha lattice, lattice. At
each trial, at least 4 replicates of each entry was planted with harvested plot area no
less than 3m2 per replicate, and an inter-plot gap no larger than 0.46m. Seeds were
sown at 350-450 viable seeds/m2 based on OMAFRA recommendations (OCCC 2017).
This study focuses on entry yield, measured in tonnes/hectare. All data used in
analyses are thus based on these values.
The data used to assess the reliability of entry performance analyses contained
yield data from 2009 to 2018. In the 10 years, there were 96 trials (site-year
combinations) using 83 unique entries grown across 18 locations (Supplementary
Table 2). The number of entries grown in each year, and in common with the other
years are shown in Figure 4.1. Given the limited availability of entry seed, I chose to
encompass as many historical trials and thus as many cultivars as possible. Therefore,
the data used for genomic prediction is from 1971, 1985, and 1988 to 2018. In contrast,
in the previous chapter, the data used to estimate genetic and agronomic trends was
the longest series of years available (1988 to 2018).
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Germplasm
Seeds for 74 winter wheat entries were sourced from the Canadian GeneBank,
US GeneBank, and from our late colleague Dr. Alireza Navabi (Supplementary Table
3). Plants were grown in the University of Guelph’s crop science growth room. Leaf
tissue was harvested at the 2-week leaf-tip stage and lyophilized.
DNA Extraction and Genotyping-by-Sequencing
DNA extractions for the 74 entries were performed on lyophilized leaf tissue
using the NucleoSpin IITM kits from Machery Nagel. Libraries for Illumina Genotype-bySequencing (GbS) were prepared using a PstI/MspI procedure similar to that described
by (Poland et al. 2012b) at the plateforme d’analyses génomiques of the Institut de
Biologie Intégrative et des Systèmes (IBIS, Université Laval, Québec, Canada). The
difference in protocol for GbS is that a blue Pippin (SAGE sciences) was used to size
libraries before PCR amplification (elution set between 50 and 65 min, on a 2% gel).
The GbS library was sequenced at Genome Quebec, using the Illumina HiSeq4000
100PE on a single lane. There are 301 788 270 forward reads and reverse reads, for a
total of 603 576 540 reads.
Reads were demultiplexed (ie. assigned to 1 of 74 entries) using Sabre, which
given a barcode file, identifies if a given barcode is present in the 5’ end of a read, trims
the barcode and places the read into the appropriate barcode file (Najoshi 2013). If a
barcode is not found in a read, it is placed into a file labelled as “unknown”. In our
dataset, 91.8% of reads were demultiplexed, ie. assigned to 1 of 74 entries. The 8.2%
of reads not assigned to 1 of 74 entries were labelled as “unknown” and were
discarded. Reads were then pre-processed, which involved filtering out reads with low
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qualities (phred quality < 15), trimming of Illumina adapters (“AGATCGGAAGAGC”) and
removing reads that after trimming were less than 50 base pairs long using CutAdapt
(Martin 2011). Reads were then aligned to the IWGSC v1.0 reference wheat genome
based on the Chinese Spring with bwa mem using default parameters (Langmead et
al. 2009). On average, 98.1% of reads (7.4 million reads) for each of the 74 entries
were mapped to the reference genome.
Variant calling was performed using Platypus, a haplotype based caller which
utilizes multiple samples to call variants (Rimmer et al. 2014). The parameters used
followed those optimized by (Torkamaneh et al. 2016) for GbS derived reads. These
parameters for SNP calling in platypus require a minimum of two reads per locus, a
mapping quality score of at least 10 and a minimum base quality of 20. Pre-processing,
alignment and variant calling was performed on the Graham High-Performance
Compute Cluster.
SNPs were filtered according to the following criteria:
i)

SNPs must be bi-allelic, in that there are only 2 observed alleles, the
reference, and the variant

ii)

Markers with minor allele frequencies (MAFs) less than 5% were removed

iii)

SNPs with greater than 20% missing calls were removed

iv)

SNPs in high LD (based on R2 ≥ 80%) within 100 base pairs of each other
were removed as these SNPs are redundant (Carlson et al. 2004)

v)

If more than 10% of a given marker’s calls were heterozygotes, then the
marker was excluded
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The final data set consisted of 8 704 SNPs across 74 lines. 6.74% of genotype calls
were missing. Missing values were then imputed using Beagle (Browning et al. 2018).
Population Structure
Population structure was investigated with a principal component analysis (PCA)
of the 8 704 SNPs across 74 lines with TASSEL (Bradbury et al. 2007).
Statistical Analyses
Predictability of Single-Year Trials vs Multiple-Year Trials
All mixed models were fit using the lme4 package in R (Bates et al. 2015).
For multiple-year trials, the following model was fit:
Yijk = u + vi + lj + yk + (vy)ik + (yl)kj + (vl)ij + + eijk (1)
Where Yijk is the yield of variety i at location j in year k, u is the overall mean, v i is the
effect of the ith variety, lj is the effect of the jth location, yk is the effect of the kth year,
(vy)ik is the interaction between variety i and year k, (yl)kj is the interaction between year
k and location j, (vl)ij is the interaction between variety i and location j, and eijk is the
error term, the sum of the within-trial error and variety x location x year interaction. The
multiple-year trial model was fit on all possible sequential combinations of years, ie
starting from 2009, the model was fit from 2009 to 2010, 2009 to 2011, so forth to 2009
to 2018.Then from 2010 to 2011, 2010 to 2012, and so forth to 2010 to 2018. This was
done up until 2017 to 2018, resulting in 45 combinations of multiple-year trials.
For single year trials, the following model was fit:
Yij = u + vi + lj + eij (2)
Where Yij is the observed yield of variety i in location j, and u is the mean yield effect, vi
is the effect of the ith variety, lj is the effect of the jth location, and eij is the error, or
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deviation of the expected values for all entry x location combinations. In both models,
the grand mean was treated as a fixed effect and all other effects treated as random.
For random effects, variance components and Best Linear Unbiased Predictors
(BLUPs) were estimated using Restricted Maximum Likelihood (REML). The single-year
trial model was fit on each year from 2009 to 2018, resulting in 10 single-year models.
Whether an entries BLUP is significantly higher or lower than the overall mean
can be evaluated by the t-statistic of a BLUP, or the tBLUP given by the ratio of the
BLUP to its standard error (Yan et al. 2002). The tBLUP is thus a two-tail test for each
cultivar against the grand mean. At the 5% level of probability, a threshold of 2.00 can
classify a cultivar into 1 of 3 groups, superior (t ≥ 2.00; significantly greater than mean),
inferior (t ≤−2.00, significantly lower than mean), and intermediate (−2.00 < t < 2.00; no
difference from mean). tBLUPs and BLUPs were obtained for each entry in single year
and multiple year trials.
To assess the ability of a single year trial to predict the subsequent year’s entries
performance, the correlation between the BLUP of entries in one year and the
subsequent year was calculated. This was done for each year, from 2009 to 2018, for a
total of 10 years. Similarly, for multiple-year trials, the predictive power was determined
as the correlation between the BLUP of entries from prior year(s), and BLUPs from
entries from the current year.

68

Genomic Prediction
Phenotype
Trial data from 1971 to 2018 was used to estimate the genotypic value of an
entries yield, given by its Best Linear Unbiased Estimator (BLUE). An entries BLUE is
given as vi from the following equation:
Yijk = u + vi + yk + lj + (vy)ik + (yl)kj + (vl)ij + + eijk (3)
Where Yijk is the yield of variety i at location j in year k, u is the overall mean, v i is the
effect of the ith entry (throughout), yk is the effect of the kth year, l is the effect of
location j, (vy)ik is the interaction between variety i and year k, (yl)kj is the interaction
between year k and location j, (vl)ij is the interaction between variety i and location j,
and eijk is the error term, the sum of the within-trial error and variety x location x year
interaction. Variety was treated as fixed to obtain the genotypic value (BLUE), which
was used as a surrogate for phenotype, and all other terms were treated as random.
Mixed models were fit using the lme4 package in R (Bates et al. 2015).
Statistical Models
In ridge-regression BLUP (RRBLUP), marker effects are estimated as random
effects drawn from a common distribution (Meuwissen et al. 2001). Ridge regression is
a form of penalized regression, which shrinks marker effects by a ridge parameter or
penalty, λ. Lambda, λ, is given as the ratio of residual variation and marker variation, or
σ2 e /σ2 u, and the estimated breeding values are equivalents to the best linear unbiased
prediction (BLUP) (Piepho 2009). Shrinking marker effects through RRBLUP
overcomes the “large number of predictors, small number of responses” problem where
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marker effects are known to be poor estimators when using ordinary least squares
regression (Jannink et al. 2010). The model takes on the form of:
Y = Xβ + Zu + e (4)
where Y is the vector of BLUEs for each cultivar as given by vi in eqn (1), β the fixed
effects (overall mean), u the vector of random marker effects, X and Z the design
matrices for fixed and random effects, respectively, and e is the residual. We assume
that u and e have mean of zero and are independent and identically distributed. The
estimates of u, the random marker effects, were obtained using the mixed.solve()
function in the rrBLUP package (Endelman and Jannink 2013). Genomic estimated
breeding values (GEBVs) are given by Zu in eqn (4) (Endelman 2011).
Cross Validation and Prediction Accuracy of Genomic Prediction Models
Model predictive ability was assessed using 5-fold cross validation. In crossvalidation, entries are randomly assigned into five groups. 4 of the 5 groups, or folds are
used as the training set, and the remaining, held-out set was the validation set. In crossvalidation, the model estimates marker effects using the training set (4 groups), and the
GEBV of the validation set (held-out set) are predicted by multiplying the estimated
marker effects with markers (Zu in eqn (4)). The predictive accuracy for a given fold is
calculated as the correlation between the predicted GEBV (Zu in eqn (4)) and the
genotypic value (vi in eqn (3)). Each of the 5 folds independently act as the validation
set, and the mean predictive accuracy across the 5 folds is the overall predictive ability.
To assess the robustness of the predictive accuracy, 5 fold cross-validation was
repeated 100 times. The final predictive accuracy was the mean correlation across the
100 repetitions of cross-validation.
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The genotypic value was chosen to be the measure for prediction accuracy as it
is the primary interest in wheat breeding rather than the breeding value (Piepho et al.
2008; Poland et al. 2012a; He et al. 2016). To investigate the effect of marker density
on predictive accuracy and optimize the number of markers for genomic prediction in
the Ontario winter wheat CPT, marker sets of size 1000, 2000, 4000, 8000, and 8704
(the full marker set after filtering) were randomly selected, with 5-fold cross validation
performed and repeated for 100 repetitions. For each set of markers assessed, the
same folds in 5 fold cross validation were used. For example, for a given repetition, the
assignment of observations to each of the 5 folds were identical for each of the number
of markers assessed for RRBLUP prediction accuracy.
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4.4 Results
Variance Components
For each year from 2009 to 2018 analyzed separately, estimates of variance
components exhibit a similar pattern (Figure 4.2). In all years, location explains the
greatest amount of yield variation, followed by genotype. When yield data from 2009 to
2018 is analyzed together, a pattern similar to the single-year estimates of variance
components can be seen (Table 4.1). The greatest variation in yield is due to
environmental variation, attributable mostly to Year x Location (55.4%), Location
(21.6%) 15.6% of variation is unexplained. Interestingly, year does not account for any
variation in yield, and genotype explains 7.39% of variation. Partitioning Genotype x
Environment interaction into Variety x Location and Variety x Year explains 1.00% and
2.40% of variation in yield, respectively.
Single Year Trials vs. Multiple Year Trials
Single year entry values (ie. BLUPs) moderately (r = 0.37) to strongly (r = 0.89)
predict subsequent years entry values. All correlations between BLUPs from one year of
data and BLUPs in the subsequent year were significant (α = 0.05), except between
2017 and 2018, which exhibited a low, non-significant correlation of 0.37 (Table 4.2).
From analyses of single year trials, the genotypic scores corresponding to the tBLUP
(superior – dark grey; tBLUP > 2.00, inferior – white ; tBLUP < 2.00, and intermediate –
grey; 2.00 < tBLUP -2.00) of cultivars grown in 3 or more years are displayed in Figure
4.3. The pattern of genotypic performance is consistent across individual years. If an
entry performed well in one year (ie. superior – dark grey, significantly above the mean),
then it would likely perform well again the subsequent year, if not intermediately (ie. no
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difference from the mean). Similarly, if an entry was subpar in one year (ie. inferior –
light grey, significantly below the mean), then it was likely to be subpar again, or
intermediate, but never superior.
To test if multiple-year data estimates entry performance for subsequent years
more accurately than single year data, the correlations between one year’s BLUPs and
a prior single year’s BLUPs should be lower than correlations between one year’s
BLUPs and BLUPs estimated from multiple-year data. Generally, correlation coefficients
based on multiple year data exhibited larger correlations than when single year data
was used (Table 4.2). Six of the eight years which used multi-year data had the highest
correlation when 2 – 4 years of data were used. For example, in 2012, when only 2011
data was used, r = 0.77, but when 2 years of data was used (2010 – 2011), r = 0.79.
Characterization of SNPs
A total of 8 704 SNPs was called across 74 historical winter wheat entries. The
number of SNPs called on the B genome were greater than the A genome, which was
greater than the D genome Figure 4.4. 3660, 3714 and 1066 SNPs were called on the
A, B, and D genomes, respectively. A strong relationship (r = 0.81, p < 0.0001),
between the physical chromosome size and the number of SNPs called per
chromosome was found (Figure 4.4).
Population Structure
Principal components analysis show the first (PC1), second (PC2), and third
(PC3) principal components explained 12.2%, 6.0% and 3.7% of variation, respectively.
Visualizations of PC1 vs PC2 and PC2 vs PC3, and grouping of entries into release
dates corresponding to pre-2000 and post-2000 reveal some recognizable contributors
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to population structure, namely the grouping of entries into pre-2000 and a cluster of
pre-2000 and post-2000 entries by PC1 (Figure 4.5). Labelling points by decade
(1970’s, 1980’s, 1990’s, 2000’s and 2010’s) was also investigated but there was no
notable division among pre-2000 entries (Supplementary Figure 3). However, entries
entering trials after 2000 were grouped together as expected.
Genomic Prediction Performance
To investigate the ability of genome-wide markers to predict grain yield for entries
evaluated in the historical OCCC CPT, the predictive accuracy of 8 704 SNPs across
the genome for 74 entries was used for genomic prediction using RRBLUP. We used 5fold cross validation to assess prediction accuracy, which randomly assigns entries into
the training and validation set as described above. With the 74 entries, the mean
prediction accuracy with 5-fold cross-validation across 100 repetitions is r = 0.65.
Increasing the number of markers has a positive but negligible effect on model
prediction accuracy (Figure 4.6). The mean prediction accuracy is 0.62, 0.63, 0.64,
0.64, 0.65, and 0.65 for marker sizes of 1000, 2000, 4000, 8000, and 8704,
respectively. We also investigated the ability of “new” and “old” entries, divided based
on whether they were released after the year 2000 (n = 32), or prior to 2000 (n = 42), to
predict the GEBV of the other group (Figure 4.7). When old entries were used to
estimate marker effects and predict the GEBV of new entries, r = 0.15. Conversely,
when new entries were used to estimate marker effects and predict the GEBV of old
entries, r = 0.32. Lastly, when a random sample of both old (n = 37) and new (n = 37)
entries was used to train the model and predict GEBV for the remaining sample, also
containing both old and new entries, r = 0.64.
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Figure 4.1 The number of entries shared between years, from 2009 to 2018, with the number of entries
grown in each year on the diagonal.
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Figure 4.2 Proportion of variation explained by Variety, Location and Error for Ontario Cereal Crop
Committee Winter Wheat Yield Trials from 2009 to 2018.
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Table 4.1 Variance component estimates and percentages for Ontario winter wheat CPT from 2009 and
2018.

Variance Component Estimate

Percentage of Variation (%)

Term
Genotype (vi)

0.120

6.14

Year (yk)

0

0

Location (lj)

0.425

21.7

Year x Location (yl)kj

1.09

55.8

Variety x Location (vl)ij

0.0196

1.00

Variety x Year (vy)ik

0.0470

2.40

Residual (eijk)

0.253
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12.9

Table 4.2 Correlation coefficients of BLUPs of entries in common, between the present year, and 1 to 9
previous years. Bolded correlations indicate the greatest correlation for the present year.

Present Year
Number of Previous
Years
1
2
3
4
5
6
7
8
9
Mean

2010
2011
2012
***
***
0.56
0.74
0.77***
0.79*** 0.80***
0.80***
0.56
0.76
0.79
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2013
0.70***
0.80***
0.81***
0.81***
0.78

2014
0.53**
0.74***
0.68***
0.73***
0.74***
0.68

2015
0.41*
0.50*
0.55**
0.54**
0.53**
0.54**
0.52

2016
0.41*
0.49*
0.49*
0.55**
0.51**
0.52**
0.52**
0.5

2017
0.89***
0.86***
0.83***
0.81***
0.79***
0.78***
0.77***
0.76***
0.81

2018
0.37ns
0.44*
0.46*
0.48*
0.43*
0.45*
0.44*
0.44*
0.46*
0.44

Figure 4.3. Entry performance (based on two-tailed test of BLUP) grouped into inferior (light grey),
intermediate (grey) and superior (black) for each year from 2009 to 2018. For simplicity, only entries
tested in three or more years are presented.
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Figure 4.4. The distribution of SNPs across the 3 wheat genomes (A), and the distribution of SNPs
across each of the 21 chromosomes, B), and the relationship between physical chromosome size and the
number of SNPs (C).

80

Figure 4.5. Pairwise plots of the A) first and second components, and B) second and third components
from Principle Components Analyses (PCA) of 8 704 molecular markers for 74 historical winter wheat
entries in Ontario CPT, coloured according to release period (pre and post 2000’s).
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Figure 4.6. (A) The mean prediction accuracy across 100 repetitions of 5-fold cross-validation for each of
the marker density classes, and (B) boxplots depicting the distribution of the predictive accuracy of the
100 repetitions.
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Figure 4.7. Predicted yield (GEBV) vs observed yield using 8704 markers on 74 winter wheat varieties,
when the training set contains A) pre-2000 varieties (n = 42) to predict post-2000 varieties (n = 32), when
the training set contains B) post-2000 varieties (n = 32) to predict pre-2000 varieties ( n = 42), and C)
when the training set consists of both pre and post-2000 varieties (n = 37) to predict both pre and post2000 varieties (n = 37)
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4.5 Discussion
The objective of CPT is to accurately predict an entry’s yields for farmers and
growers on their own farms. The evaluation of an entry spans multiple locations and
multiple years due to the presence of Genotype x Environment interaction. Furthermore,
entry evaluation requires extensive work and cooperation. Entries are dropped from
trials when their performance is poor, freeing room for another entry to be tested or
reducing the size of trials. Thus, it is of interest whether an entries performance in one
year is indictive of its performance in subsequent years. The utility of molecular markers
to evaluate the potential of an entries yield in field evaluation is also of interest, as it
could aid in the selection of entries for field evaluation. Investigating these objectives
will allow for potential improvements to be made in the decision-making process of entry
evaluation in Ontario winter wheat CPT. As a result, resource allocation efficiency can
be improved as resources are better distributed for the evaluation of new and improved
entries.
Reliability of Entry Performance in Single Year vs. Multiple Year Data
We find moderate to strong correlations between a given year’s entry estimates
(BLUPs) and the prior year’s entry estimates as seen in the first row of Table 4.2. We
also find a consistent pattern in genotypic scoring for one year and the previous year.
Taken together, we conclude a single year of CPT data allows for the identification and
elimination of superior and poor performing entries. Poorly performing entries in one
year remain poor performers or become intermediate performers the subsequent year
(Figure 4.3). In these trials, over the past decade, an entry has never gone from inferior
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to superior. Conversely, superior performing entries remain superior, become
intermediate, or deteriorate, dropping into the inferior group in later years. We attribute
this pattern of genotypic scoring from year to year to i) higher yielding entries being
released, and ii) disease resistance breakdown. Assuming better performing entries are
being introduced over time and poor performing entries are being dropped, mean yield
increases over years, and previously superior entries are no longer superior. Disease
resistance breakdown, or aging, occurs when an entry’s yield declines over time,
presumably due to the spread of diseases to which the entry is susceptible. Declines in
winter wheat CPT performance over time have been previously studied and established
Mackay et al. 2011, Laidig et al. (2014) and Piepho et al. (2014). The weak
correlations exhibited by 2018 and any number of previous years is due to the poor
yielding entries caused by a flood for the 2018 year. As a result, BLUPs for the 2018
year were not representative and thus correlations with the given year were weaker
than correlations of BLUPs with other years. Nonetheless, estimates of entry
performance using multiple year data comprising 2-4 years are more accurate in
predicting entry estimates for the following year relative to when estimates are made
using single year data, but only by a small margin. One may argue the strong
correlations observed in multiple-year trials are due to bias for entries that succeed and
pass for testing onto the subsequent year. For example, when a single year is
correlated against 3 previous years, only the entries in common between the years are
“evaluated”. However, only the varieties that are well-performing (ie. stable yield,
disease resistant, etc) are retained in the trials by sponsors and move on to be
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evaluated in the subsequent year. Thus we are only evaluating (through correlations)
entries which move on to be tested in the subsequent year and thus have been
established as highly performing. Although the use of multiple years of data does
increase predictive power relative to single year data, the addition of data after 2 years
appears to be negligible.
Here, we observed a minor Genotype by Environment (GxE) interaction.
Partitioning GxE into Genotype x Location (GxL) and Genotype x Year (GxY) gives us
1.00% and 2.40% of variation in yield explained, respectively, for a total of 3.40%. This
negligible GxE variation means that an entries rank varies little depending on the
location and year, suggesting that one could use single year and even single location
data for entry recommendation. Studies which assess GxE in historical CPT datasets
reveal similar findings of minor GxE accounting for under 10% of variation. (Cullis et al.
2000) examined 22 CPT datasets in Australia conducted between 1992 and 1997 and
found GxL and GxY variation to average 3% and 8.6% respectively, over the 22
datasets. Piepho et al. (2014) analyzing a German winter wheat CPT dataset for yield
between 1979 and 2009 estimated GxL and GxY variation using mixed models to be
1.79% and 2.4%, respectively, for a total of 4.19%. Similarly, Friesen et al. (2016)
found estimates of GxL and GxY variation to be 0.2% and 1.4% respectively, for a total
of 1.6% for spring wheat CPT trials in Eastern Canada between 2000 and 2009. We
suggest the observed minor GxE variation is low as entries that are unstable, ie. yield is
greatly affected by the environment, are likely to be dropped from trials in subsequent
years. Additionally, as roughly 10 entries on average are introduced into the trials each
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year, their instability (if at all) would not result in a large contribution to the GxE variation
relative to the already stable 30-40 entries present in the trials for a given year. Thus,
the small GxE could reflect the decision-making process to retain only stable entries (ie.
entries whose yield is consistent across locations) within the trials. Nonetheless, the
small GxE interaction reinforces our results indicating single year trial data allows for the
identification of superior and poor performing entries. Furthermore, the estimated
variance component was zero for the year effect (yk). One would typically expect some
variability from year to year. However in the case of these trials, we find that adjusted
means of year, plotted against time (Figure 3.4) in the previous chapter showed little
variation about some mean value of yield (approximately 5.5) in the past decade. It is
also possible that there is not enough years to capture the year to year variability.
This study shares some similarity to the methodology used by Yan and Rajcan
(2003) to compare the predictive performance of single year vs. multiple year multiplelocation CPT data in Ontario for soybean. In comparing the ability (ie. correlation) of
multiple-year and single-year trials to predict the subsequent year’s entry performance,
we used BLUPs rather than tBLUPs. First, when a researcher’s goal is to evaluate entry
performance, that is to predict an entries performance in subsequent years and to make
comparisons, then BLUPs (genotypes as random effects) are superior to BLUEs
(genotypes as fixed effects). This is because BLUPs provide more reliable estimates of
entry performance as a result of regression towards the mean as anticipated of progeny
by plant breeders (Smith et al. 2001; Piepho et al. 2008). Furthermore, BLUP
maximizes the correlation of true genotypic values and predicted genotypic values. If
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the purpose is to directly compare entries performance, which the BLUP represents,
then we argue that it is more intuitive to correlate BLUPs to assess the predictive power
of single and multiple-year trials, rather than to correlate the tBLUP, which is the ratio of
the BLUPs to its standard error. The standard error is directly related to the number of
observations a given entry has across the years analyzed in the mixed model. Thus, in
correlating tBLUPs we are no longer directly comparing entry performance. Despite the
differences in methodology between this study and of Yan and Rajcan (2003), the
results of this study coincide with their results in soybean CPT; single year, multiple
location soybean trials suffice for identifying superior and inferior entries, with 2 years of
trial data being marginally better, or arguably, no different for predicting the subsequent
year’s entry performance.
An earlier study conducted by Gellner (1989) also assessed the ability of single
year vs multiple year trials to evaluate subsequent year entry performance. Their study
used CPT data of oat and spring wheat data grown in 5 and 6 locations, respectively,
between 1972 and 1987 in South Dakota. All possible combinations of 1, 2, and 3 prior
year yield entry means were used to identify whether those means would be able to
identify the top five yielding entries in the subsequent year. Top yielding was defined as
simply the top 5 highest mean yields for a given year. The best predictors for identifying
the top yielding entries in the subsequent year were i) the mean yields of previous
entries from 1 prior year, which identified on average 1.6 top yielding wheat entries and
2.0 oat top yielding entries across the 6 locations and ii) the mean yields of previous
entries from 3 prior years, which identified on average, 2.0 top yielding wheat entries
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and oat entries. They concluded that the mean yields of entries from one prior year did
not identify the top-ranking entries any differently than when mean yields of entries of
three prior years was used. A similar study by (Bowman 1998) analyzed North
Carolina CPT for 6 crops (wheat, soybean, oat, corn, cotton and barley) over the course
of 10 consistent, but varying years between the 1980’s and 1990’s. To assess the merit
of single year vs multiple year data (only 2 years in this case), they used the frequency
of whether a high yielding variety (not significantly different from the top yielding entry)
was high yielding the next year. Based on their dataset, they concluded that one year of
data is ideal for midseason corn hybrids, whereas two years is accurate for all other
crop. A more recent study by (Friesen et al. 2016) which uses mixed models, analyzed
spring wheat performance trial data from 2000 – 2009 in the Canadian prairies and
found BLUPs differed only between 0 and 8% when entries accumulated more
observations (from data of subsequent years) in 2000 – 2008, and 2000 – 2009, relative
to 2009. Although they do not look at single year trials, the conclusion that
accumulation of more observations does not greatly alter the entry prediction, or BLUP,
remains.
Multiple-year trials yield predictions of entry performance in a subsequent year
with marginally higher correlations relative to when single year trials are used to
estimate entry performance. Thus, we conclude that single year trials are negligible, or
not different from multiple-year trials in predicting entry performance for a subsequent
year. However, this stability of entry performance across years may be due to the low
GxE variation observed in our dataset spanning 10 years from 2009 to 2018. We
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attribute this small GxE variation to the nature of CPT, in that unstable entries are likely
removed from trials the subsequent year, leaving only stable entries to remain
throughout the trials. The low GxE variation was also observed for Eastern Canada
spring wheat CPT and was attributed to the decision-making process of retaining only
highly stable (amongst locations) to be evaluated in subsequent years (Friesen et al.
2016). Furthermore, there is a consistent genotypic scoring pattern from single year
trials. Given the similarity of multiple year trial correlations and single year trial
correlations of entry performance with a subsequent year and the consistent genotypic
scoring pattern arising from single year trial data, we conclude that single year trial data
allows for the identification and elimination of poor performing entries. Overall, our
conclusions are not in agreement with the long standing recommendation made by the
OCCC which asserts farmers and growers should evaluate an entries performance
based on multiple years of data (Ontario Cereal Crop Committee 2018). However, the
OCCC recommendations are based on entry ranking within locations. The results here
i) shed light into the nature of low GxE variation in CPT and ii) reinforces the findings of
past studies assessing the predictive power of single year and multiple year, multiple
location trial data ((Gellner 1989; Bowman 1998; Yan and Rajcan 2003).
Genomic Prediction
After filtering, a total of 8 704 markers were retained for 74 entries across the
three wheat genomes. The greatest number of SNPs were mapped to the B genome,
followed closely by the A genome, and then the D genome. Studies assessing
population structure in various populations of wheat using GbS have documented
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similar SNP distributions across the genomes (Poland et al. 2012b; Wang et al. 2014;
Alipour et al. 2017; Eltaher et al. 2018). Our SNP distribution for the 74 entries
coincide with past studies utilizing GbS for variant calling in wheat. Using PCA,
population structure of 74 entries from the OCCC winter wheat CPT was inferred to
understand how entries used in these historical trials might be related, or connected to
one another. We observed population structure given by the grouping of entries into
two time periods, based on entry into trials prior to, and after the year 2000.
Population structure suggests shared allele frequencies within a sub-population. The
observed population structure is explained by the historical nature of the entries used
in the CPT, which are a result of breeding programs within the province of Ontario. For
example, the entries Genesee, Fredrick, and Houser are parents to several other
entries (Supplementary Table 4). Relatedness amongst entries may also explain why
there is not as distinct of a grouping when the entries are divided by decade – it
appears that entries entering trials during the 1970’s and 1980’s are more related to
one another (ie. share more alleles with one another) than entries entering the trials
after the year 2000 due to shared parenthood (Supplemental Figure 1). Entries
entering the trials in the 1990’s however, are related to entries entering trials during
both prior to the 1990’s, and after the 2000’s.
It is also important to assess the population structure of the population to be used
in training of genomic models. If the training set consists of entries highly related to
entries in the testing set, then estimates of the prediction accuracy will be biased
upwards (ie. greater accuracy than if highly related entries are not present in both the
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training set and testing set) due to shared haplotype blocks between the training and
validation sets (Daetwyler et al. 2013). For example, the study of (Riedelsheimer et
al. 2013) on population structure in 635 lines of maize found prediction accuracy
decreased on average by 42% when full-sibs were replaced with half-sibs in the training
set. (Guo et al. 2014) investigated the impact of population structure on the accuracy of
genomic prediction models in rice (413 inbred lines) and maize (257 inbred lines) panels
for various agronomic and seed kernel traits using stratified cross validation, where
each fold represented different sub-populations, Using a GBLUP model reparametrized
for population structure, they found that when population structure is shared between
training and validation sets and the model accounts for population structure, there is a
decrease in genomic prediction accuracy. (Norman et al. 2018) used a panel of 10 375
wheat lines with 18 101 markers to investigate the effect of the size of the training set,
population structure and marker density on genomic prediction accuracy for thousand
kernel weight, yield, maturity, and glaucousness. A finding from their study corroborates
other studies in that prediction accuracy is greater when the training set has entries
which are highly related to entries in the validation set.
The use of replicating five fold cross-validation results in entries being randomly
assigned into folds, allowing for genetically similar entries to be represented i) equally in
a time period (ie. both old and new entries predict old and new) and ii) unequally
represented (ie. old entries predicts new entries and vice versa) between the training
and testing populations. This results in a mean correlation, or prediction accuracy, of
0.65 across 100 repetitions. We also find that prediction accuracy is reduced when
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relatedness is lower between training and testing sets relative to when relatedness is
higher between training and testing sets (Figure 4.7).To further investigate the
relatedness, or shared alleles between the training and testing populations used in the
genomic prediction models, the correlation of all 8 074 allele frequencies between the i)
old and new populations and ii) when the timeframe of entries entering trials are equally
represented in training and testing populations was calculated, resulting in 0.84 and
0.95, respectively. The high prediction accuracy seen in cross-validation is likely due to
the model estimating kinship, or shared haplotype blocks between the training and
validation sets as opposed to estimating small quantitative trait loci (QTL) effects
corresponding to our trait. It is also possible that the high correlation is a result of large
variation in yield when both the training and validation sets consists of old and new
varieties which results in a greater correlation coefficient.
The ability for markers to predict breeding values in historical CPT was noted by
Mackay et al. (2011) who evaluated the predictive ability of genomic prediction models
using 217 DArT markers from 154 winter wheat entries tested in UK historical wheat
trials from 1948 to 2007 by partitioning entries into old and new and equal
representation based on time period. They found that when RRBLUP models trained
with old varieties (n = 80) predicted new varieties (n = 79), r = 0.17. Likewise, when both
old and new varieties were in the training set and used to predict a test set with both old
and new varieties, r = 0.83. However, they concluded that their genomic prediction
model’s high accuracy (r = 0.83) was due to the model estimating shared kinship in the
training and testing populations as opposed to the model estimating small effect QTL.
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GBLUP is a form of genomic selection that directly utilizes kinship among lines
using the realized additive relationship matrix, or the genomic matrix, which is derived
directly from the molecular matrix (ie. SNP matrix). The predictions of GBLUP (GEBV)
are identical to RRBLUP (Habier et al. 2007; Hayes et al. 2009, Endelman 2011).
However, the use of the genomic relationship matrix and thus GBLUP enables more
complex forms of genomic selection which can account for GxE in multi-location, multiyear trials, as well as population structure (Dawson et al. 2013; Heslot et al. 2013;
Guo et al. 2014; Jiang and Reif 2015). We were unable to source lines across a
continuous stretch of years for the OCCC winter wheat CPT and thus were not able to
exploit the full potential of the genomic relationship matrix, derived from the molecular
marker matrix, in its ability to model GxE covariates in genomic selection. As the
ultimate goal of CPT is to predict the yield of entries for a given region in a subsequent
year, sourcing a greater number of historical lines would enable future studies to assess
the power of incorporating genomic selection using multi-location and multi-year data.
The use of molecular markers across the genome to predict a trait is the basis of
genomic selection. When the number of markers included in the model was increased,
predictive accuracy of RRBLUP showed diminishing gains when more than 4000
markers were used. To understand the number of required markers required, several
studies have assessed the effect varying marker density on predictive accuracy of
genomic prediction models in wheat, such as for fusarium head blight resistance traits.
For example (Arruda et al. 2015) studying fusarium head blight resistance traits of 273
winter wheat lines from the University of Illinois’ wheat breeding program found across 6
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fusarium head blight resistance traits, including more than 1500 to 3000 SNPs resulted
in diminishing gains in prediction accuracy. Heffner et al. (2011) studied the effect of
marker density on genomic prediction accuracy in two biparental wheat populations (
174 and 209 lines) using 484 markers for 9 quantitative traits and found a plateau in
predictive accuracy between 128 and 256 markers, and then a decrease in accuracy
when the number of markers increased to 384. Similarly, Norman et al. (2018) found
increases in prediction accuracy up to 5 000 markers, where accuracy then plateaued
for all 4 aforementioned traits. In all these studies, diminishing gains in predictive
accuracy was also observed with increasing marker density. The principle idea behind
genomic selection is to use markers with enough coverage across the genome to
explain genotypic variability, with QTL being in LD with at least 1 marker (Meuwissen et
al. 2001). Thus, if marker coverage across the genome is sufficient, ie. markers are in
LD with several small-effect QTLs, then genomic prediction accuracy will be high
(Goddard and Hayes 2007). In fact, if too many markers are introduced into the
models, the risk of overfitting – where patterns in the training data overexaggerated and
are irreproducible in the validation data, will reduce predictive accuracy (Hickey et al.
2014). For the OCCC CPT winter wheat yield data, approximately 4000 markers
generate genomic prediction models with high accuracy, any more markers will result in
diminishing gains, although this may change with additional lines and differing
population structure. One can argue that even with 1000 SNPs, the predictive accuracy
does not drop off much relative to when 8000 SNPs (difference of 0.03 between 8000
SNPs and 1000 SNPs), or even when all 8 704 SNPs are used.
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5 CHAPTER 5 – Conclusions
Based on recent literature surrounding the analysis of historical crop performance
trials, the goals of this study was to explore several facets of the OCCC winter wheat
CPT data, namely i) Dissecting the relative contributions of genetic and non-genetic
sources of long-term yield of winter wheat across Ontario, ii) Assess the reliability of
entry performance in single year vs multiple year trials, and iii) Evaluate the predictive
ability of genomic prediction using a subset of 74 entries molecular markers.
Genetic, agronomic, and overall trial trends for yield were partitioned for 31 years,
from 1988 to 2003, and from 2004 to 2018 due to a difference in how the trends
diverged. The use of a rising-plateau model to analyze the trends could be explored in
the future as opposed to simply partitioning the entirety of the time period into two
periods (Lin & Huybers 2012). Furthermore, trends could be partitioned for individual
test areas in the province as opposed to across the entire province due to the different
growth environments in the province. We found genetic progress to be significantly
linear throughout the past 31 years and can be attributable to advancements in
breeding progress. However, overall trial yields appear to have plateaued since the
early 2000’s due to a decline in agronomic trends. The plateau observed in trial yields
could be due to a combination of crop disease prevalence (ie. Fusarium Head Blight
and Stripe Rust) in the province over the last decade, climate change, and/or plot yield
not being maximized due to changes in management practices.
There is little data regarding intensive trials as they were not introduced until
2008. With further accumulation of intensive trial data, it would be possible to dissect
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the effect of disease resistance breakdown, or ageing effects, for entries grown in both
both the intensive and non-intensive trials. It would also allow for an improved analysis
on yield gaps, as intensive trials are most representative of on-farm practices and thus
representative of potential yield. A preliminary analysis of yield gaps using available
intensive trial data (2012 to 2018) reinforces the need for yield gaps to be calculated
using intensive trial data as it results in larger, more realistic estimates of the yield gap
relative to when non-intensive trials are used. This discrepancy in yield gaps between
non-intensive and intensive trials are due to the adoption of fungicides by farmers and
growers as a result of the prevalence of diseases such as fusarium head blight in the
province. It also reveals that the yield gap in Ontario has met, if not exceeded the
economic optimum as suggested in literature. Similar to previous studies, we find that
for the OCCC winter wheat CPT, multi-year CPT data results in marginally better entry
predictions of performance than single-year CPT data. We conclude multi-year CPT
data do not generate better, or any different predictions relative to single-year CPT data
for predicting subsequent year entry performance. Furthermore, single-year CPT yields
consistent genotypic patterns from year-to-year. This pattern allows for single year trial
data to identify superior and poor performing entries in subsequent years.
Population structure attributable to entry year of release was inferred among the
74 historical entries. Lastly, a strong predictive accuracy between yield and molecular
markers for a subset of 74 entries tested in the trials from 1971 to 2018 was found and
was attributed to the population structure that was shared between training and testing
populations. We show that the historical trial data, in combination with publicly available
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government data and genotypic data, could be mined for insights into Ontario’s winter
wheat historical trials which would have otherwise remained unexplored. Furthermore,
these methods can be easily extended to any other crop in the province, and even
extended to the Canadian prairies.
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SUPPLEMENTAL FIGURES

Supplementary Figure 1. Winter wheat A. Overall year means (ie. Adjusted
overall trial means, yk in eqn 5) and provincial on-farm average yields, and B. Yield
gap, the difference between overall year means and provincial on farm average
yields from 1988 to 2018.
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Supplementary Figure 2. Winter wheat A. Overall year means (ie. Adjusted overall trial means, yk
in eqn 5) and provincial on-farm average yields, and B. Yield gap, the difference between overall
year means and provincial on farm average yields from 1988 to 2018.
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Supplementary Figure 3. Pairwise plots of the A) first and second components, and B) second and third
components from Principle Components Analyses (PCA) of 8 704 molecular markers for 74 historical
winter wheat entries in Ontario CPT, coloured according to release decade between 1970 and 2010.
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SUPPLEMENTAL TABLES

Supplementary Table 1. Percentage yield-gap for intensive and non-intensive trials from winter wheat
CPT in Ontario from 2012 to 2018, calculated the ratio between on-farm yield and overall trial yield for a
given year, multiplied by 100%).

Year

2012
2013
2014
2015
2016
2017
2018
Mean

Percentage Yield-Gap
(Intensive Trials)

Percentage Yield-Gap (Non-intensive
Trials)
9.82
1.76
15.8
4.47
3.06
1.89
7.78
6.37
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22.4
7.36
26.2
3.61
15.7
11.5
6.33
13.3

Supplementary Table 2. Locations and the Number of Times they were evaluated in the 2009 to 2018
Ontario Winter Wheat CPT

Location
Bath
Belmont
Elora
Emo
Harriston
Inwood
Kemptville
Kincardine
Moose Creek
Nairn
New Lisgeard
Ottawa
Ridgetown
St. Mary’s
Winchester
Woodslee
Woodstock

Area
1
2
2
5
2
1
3
2
1
2
5
3
1
2
3
1
2
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Number of Years Tested
4
1
10
2
2
9
7
3
1
9
4
10
10
1
2
10
3

Supplementary Table 3. The 74 entries used in the evaluation of genomic prediction and their year of
entry into the CPT. The entry year of entries prior to 1988 are estimated based on available data.
Entry Name

Estimated
Year of
Entry

ionia

1971

fredrick

1971

genesee

1971

talbot

1971

yorkstar

1971

augusta

1985

frankenmuth

1985

gordon

1985

houser

1985

harus

1985

ena

1988

annette

1989

karat

1989

harmil

1989

orbita

1990

rebecca

1990

ruby

1990

karena

1991

zavitz

1991

lucas

1992

casey

1993

diana

1993

freedom

1995

ac_morley

1996

2510

1996

dynasty

1996

ac_cartier

1996

ac_readymade

1997

cdc_clair

1997

2540

1997

patriot

1997

huron

1997

ac_delta

1998
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25r26

1998

ac_mackinnon

1998

ac_zorro

1998

superior

1998

adelaide

1998

ashland

1998

stealth

1999

caledonia

1999

maxine

1999

vienna

2002

carlisle

2002

harvard

2002

ac_sampson

2002

rc_strategy

2003

emmit

2004

ava

2006

wentworth

2006

branson

2007

carnaval

2008

priesley

2008

princeton

2008

keldin

2009

wave

2009

25r39

2009

cm614

2010

gallus

2011

venture

2011

oac_flight

2011

wb425

2011

25r40

2012

emperor

2012

hy_412-srw

2012

25r34

2012

hy_301-hrw

2012

ugrc_ring

2013

marker

2013

ugrc_c2-5

2014

25r46

2014
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25w31

2015

ugrc_gl164

2016

arnold

2017

115

Supplementary Table 4. Prior generation pedigree information for 14 entries in the Ontario Winter Wheat
CPT.

Variety
annette
augusta
ena
frankenmuth
fredrick

Parent 1
MIB-2090
Gensee/Redcoat (B-2747)
Fredrick
Redcoat/ (A-5115)
Washington-1 (WA-1)

harmil
harus
karena
rebecca
ruby
zavitz
2510

Fredrick
Fredrick
Augusta
1-A-36-78-72
Fredrick
Houser
WW-669

Parent 2
H-1-11
Yorkstar
Houser
Genesee/(CD-6707) Cappelle
Cornell-54117-AB-2-B5/3/Washington-1/Genesee//CapelleDesprez (8077-B-921)/4/Tecumseh(75-60-6)/
Yorkstar
H-1-11
Houser
Priboi
NY-629817
Sunbird
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