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Abstract: Both the Linear Phenotypic Selection Index (LPSI) and the Restrictive Linear Phenotypic
Selection Index (RLPSI) have been widely used to select parents and progenies, but the effect of economic
weights on the selection parameters (the expected genetic gain, response to selection, and the correlation
between the indices and genetic merits) have not been investigated in detail. Here, we (i) assessed
combinations of 2304 economic weights using four traits (maturity, plant height, grain yield and grain
protein content) recorded under four organically (low nitrogen) and five conventionally (high nitrogen)
managed environments, (ii) compared single-trait and multi-trait selection indices (LPSI vs. RLPSI by
imposing restrictions to the expected genetic gain of either yield or grain protein content), and (iii)
selected a subset of about 10% spring wheat cultivars that performed very well under organic and/or
conventional management systems. The multi-trait selection indices, with and without imposing
restrictions, were superior to single trait selection. However, the selection parameters differed quite a lot
depending on the economic weights, which suggests the need for optimizing the weights. Twenty-two
of the 196 cultivars that showed superior performance under organic and/or conventional management
systems were consistently selected using all five of the selected economic weights, and at least two of the
selection scenarios. The selected cultivars belonged to the Canada Western Red Spring (16 cultivars), the
Canada Northern Hard Red (3), and the Canada Prairie Spring Red (3), and required 83-93 days to
maturity, were 72-100 cm tall, and produced from 4.0 to 6.2 t ha™ grain yield with 14.6-17.7% GPC. The
selected cultivars would be highly useful, not only as potential trait donors for breeding under an organic
management system, but also for other studies, including nitrogen use efficiency.

Keywords: breeding; LPSI; multi-trait selection; organic agriculture; Prairie provinces; RLPS;
selection index; Smith index

1. Introduction

The conventional management system uses a high quantity of synthetic chemical
fertilizers, herbicides, and insecticides, while an organic management system prohibits the
use of such synthetic chemicals [1]. Chemical fertilizers consist of a high proportion of
nitrogen (N), which is a major nutrient to increase grain yield and grain protein content
(GPC). However, it also increases production costs for wheat growers and causes
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environmental and health risks, including soil acidification, N leaching in groundwater, and
emissions of nitrous oxide (N20) that contribute to global warming [2]. As a result, the global
demand for organic products has been continuously growing over the years. However, over
95% of organic production is estimated to be based on crop varieties (cultivars) that were
bred for the conventional management system, which lack important traits required
specifically under a low-input organic system [3]. For example, organic farmers and food
processors need cultivars with better weed suppression ability and sensitivity, nitrogen-use
efficiency (NUE), rhizosphere competence to suppress soil- and seed-borne diseases, and
tolerance to mechanical weed control [3-6]. In wheat, most semi-dwarf cultivars, specifically
bred for the conventional management system have reduced root systems that make them
very dependent on high nitrogen fertilizers to attain satisfactory GPC, and they are weak in
competing against weeds [7]. Taller cultivars exhibit better competitive ability against
weeds than the shorter ones, due to their better light interception that directly alters
photosynthetic activity in the plants [8-10], but they may be susceptible to lodging that
reduces grain yield. Some studies proposed selecting short-statured cultivars that have erect
leaves with higher leaf area to maximize light interception and increase photosynthetically
active radiation, biomass, and tillering capacity [4,11-13].

The five breeding methods employed to develop cultivars for organic agriculture are
the following: (i) indirect selection under conventional management, (ii) direct selection
under organic management in all generations, (iii) selection under conventional
management in early generations, followed by selection under organic management in
advanced generations, (iv) marker-assisted selection (MAS), and (iv) genomic selection
[4,14,15]. The University of Alberta Wheat Program, Edmonton, AB, has studied the pros
and cons of these methods in diverse spring wheat lines and cultivars evaluated under
both conventional and organic management systems, including comparing yield
components [16-18], the performance of sole crop with mixtures [19,20], weed and
nutrient competitive abilities [8,9,21], breadmaking quality [22], mapping genes and
quantitative trait loci (QTL) associated with agronomic traits [23-29], and comparing the
prediction accuracies of different genomic selection models [30,31]. Recently, we reported
the physical positions of 44 QTLs associated with heading, flowering, and maturity [26]
and 152 QTLs associated with nine agronomic and end-use quality traits in four
recombinant inbred line (RIL) populations, which were evaluated under conventional and
organic management systems [25]. However, only 22% of the QTLs were detected in both
management systems, and the remaining QTLs were detected either in the conventional
(48%) or organic (30%) management systems [25,26], which is likely due to the differential
expression of genes and QTLs associated with nitrogen uptake and metabolism [32-34].
Hence, the management specificity of most QTLs restricts the use of the QTL information
for marker-assisted selection (MAS) to develop improved cultivars for both management
systems. On the other hand, both single-trait and multi-trait genome-wide prediction
models revealed no statistically significant differences (p < 0.05) between the two
management systems [30,31]. The lack of significant differences in prediction accuracies
between the two management systems across seven agronomic traits recorded in three
populations, and the moderate to high accuracies obtained for most traits, regardless of
the management systems, provide breeders with an opportunity to use phenotypic data
generated in one management for predicting the performance of lines in another
management. However, the likelihood of success in any conventional or modern breeding
program depends on the choice of appropriate parental combinations for initiating new
crosses, which determines the genetic variation on which selection will act [35]. For
breeding under low N growing environments, the choice of parents with high grain yield
potential and GPC with early maturity time and short plant height are of paramount
importance, which forms the basis of the present study.

Several studies have reported the advantages of simultaneously selecting for
multiple traits using linear phenotypic selection indices that predict a linear function of
breeding values in diverse crops, including wheat [36-41]. The selection indices include
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the Smith Linear Phenotypic Selection Index (LPSI) [42], the Kempthorne and Nordskog
Restrictive Linear Phenotypic Selection Index (RLPSI) [43], the Eigen Selection Index
Method (ESIM) [44], the Restrictive Eigen Selection Index Method (RESIM) [45], linear
genomic selection index (LGSI) [46], molecular eigen selection index method (MESIM),
and predetermined proportional gain eigen selection index method (PPG-ESIM). As
reviewed recently by Cerén-Rojas and Crossa [47], the choice of the right selection indices
depends on the type of data (phenotype alone, molecular data alone, genomic estimated
breeding value, both phenotype, and molecular markers), the nature of the economic
weights (fixed and known vs. fixed and unknown), and imposing restrictions (constrained
vs. unconstrained). The aim, statistical theory, methodology, and pros and cons of each
linear selection index have been extensively discussed by different authors [45,47-55]. The
primary goals of selection indices are to maximize the selection response, the expected
genetic gains per trait (or multiple traits), and the correlation between an index and the
net genetic merit (H), which help breeders in selecting superior parents for the next
generation (cycle). The selection response refers to the mean of the progeny of the selected
parents, whereas the expected genetic gain per trait is the mean of the population under
selection [50]. Each index is defined as a linear combination of either the observed mean
phenotypic values of the traits of interest with the trait’s economic weights predefined by
breeders, or both phenotype and genomic (molecular markers) data [50,56]. Selection
indices have been used in several species, including wheat [40,57-60]. Most breeders,
however, do not routinely use selection indices, due to the need for a priori knowledge of
fixed effects, variance—covariance matrices, and relative economic weights [55,61]. When
two or more traits are used, the assignment of an optimum economic weight for each trait
has been cited as the major bottleneck for utilizing selection indices [62-64], which may
reflect the relative economic value (market situation), preferences, retrospective results,
generation interval, etc. [61].

In the current study, we chose the Smith LPSI index [42] and the RLPS to select trait
donors based on the selection response, the expected genetic gain per trait, and the
correlation between each index and the genetic merit. The RLPSI represents a constrained
index that imposes restrictions on the expected genetic gain of a specific trait while other
traits either increase or decrease without any restrictions. The objective of the RLPSI is to
enhance genetic change in some traits freely, by restricting the expected changes in the
other traits to zero [65,66]. The LPSI, on the other hand, represents an unconstrained index
that does not impose restrictions on the expected genetic gain of any trait. Both methods
require a predefined economic weight but differ in terms of restricting specific traits.
There has been inconsistent reporting regarding relative economic weights [63], with
some authors using no economic weights at all, some replacing economic weights with
“desired gains” [67], while others assign relative economic weights either randomly [62]
or using an algorithm [61], which forms another basis in the present study. The objectives
of the present study were, therefore, to (i) determine the best economic weight
combinations using four agronomic traits (maturity, plant height, grain yield, and GPC),
(ii) compare single-trait selection and multi-trait selection indices (LPSI vs. RLPSI) with
and without imposing restrictions on the expected genetic gain on grain yield or GPC,
and (iii) select a subset of the top ~10% of the cultivars to serve as trait donors in
developing improved germplasm for production under an organic management system.
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2. Materials and Methods
2.1. Phenotyping

The present study was conducted on 196 cultivars consisting of 176 historical and
modern spring wheat cultivars registered in western Canada between 1905 and 2018, and
20 unregistered advanced breeding lines (Table S1), which all, hereinafter, are referred to
as cultivars. Of the 196 cultivars, 192 represented eight of the wheat classes in western
Canada, originating from 14 breeding programs (institutions), and having been used in
previous studies for molecular diversity and population structure analysis using the
wheat 90K iSelect array [68], genome-wide association mapping [27], and as one of the
populations in genomic selection [30,69]. The germplasm was evaluated for days to
maturity, plant height, grain yield, and GPC at five conventionally (2017-2021) and at four
organically (2018-2021) managed environments at the Crop Research Facility of the
University of Alberta South Campus, Edmonton, Alberta, Canada. Each cultivar was
planted in a 3.0 m x 1.14 m plot at a rate of 300 seeds m=, with six rows of 19 cm spacing
using a randomized incomplete block design with two replications. The number of
replicates per trial in other studies varied between one and six depending on the spatial
heterogeneity of the experimental field, the type of germplasm, trait complexity, and the
number of environments (sites x years combinations), although two replicates provided
sufficient data in genetically homogenous cultivar [70,71]. Trials were planted around
mid-May of every year and harvested between the end of August and mid-September.
The conventional management system received the locally recommended fertilizers and
herbicides. The organic management system received 37 tons of compost per hectare
following the wheat harvest but it was not given any chemical fertilizer or herbicide. The
conventional land follows a four-year crop rotation of barley (Hordeum vulgare), canola
(Brassica napus L.), field pea (Pisum sativum), and wheat, whereas the organic land
followed a three-year rotation of barley, field pea, and wheat. The number of days to
physiological maturity was recorded when 50% of the peduncles in a plot turned yellow,
whereas plant height (cm) was measured from the base of the plants in the middle of the
plot to the tip of the heads, excluding awns, at physiological maturity. Grain yield per plot
was weighed after drying the grains to a moisture content of 13.5%, which was then used
to estimate yield per hectare. Grain protein content (%) was estimated using SpectraStar™
2500 Near Infrared Reflectance (NIR) Spectroscopy (Unity Scientific Asia Pacific,
Blaxland, Australia).

2.2. Data Analyses

Best linear unbiased estimators (BLUE), and variance component analyses were
computed for each trait (days to maturity, plant height, grain yield, and grain protein
content) using the linear mixed model implemented in Multi Environment Trial Analysis
with R (META-R) v.6.04 [72]. The analyses were computed separately for agronomic traits
recorded under conventional management (Set-1), organic management (Set-2), and in all
environments regardless of the management systems (Set-3), as described in a previous
study [31]. Genetic and phenotypic covariance matrices were computed using RindSel, an
R package developed to compute phenotypic and molecular selection indices [56]. The
RLPSI [43] analysis was done using BLUEs in Set-3 computed from all environments
regardless of the management systems, the genetic and phenotypic covariance matrices,
and the economic weights assigned to each trait. We used a total of 2304 combinations of
economic weights that involved days to maturity and plant height (-1, -5, 10 and —15 for
each trait), GPC (1 to 80 at an interval of 10), and grain yield (from 1 to 150 with an interval
of 10). Because of the need for developing early maturing and short plants, negative
economic weights were assigned for both traits. The initial analyses were done twice by
imposing restrictions equal to zero on the expected genetic gain for GPC or grain yield
while the other three traits either increased or decreased without any restrictions. RLPSI
is useful when there is a need to impose restrictions on one or more traits, which is the
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case when desirable traits are negatively correlated, highly quantitative (complex), and
hard to simultaneously improve. Grain yield and GPC are well known examples of
negatively correlated traits [73,74], which are critical in determining the profitability of
wheat production. Such types of traits require either selecting genotypes with high grain
yield by keeping GPC at a desirable level, or selecting high GPC genotypes with
acceptable levels of grain yield [43,75].

We used analysis of variance (ANOVA) to compare the economic weights based on
the expected genetic gains, response to selection, and correlation between the index and
genetic merit. For each restriction, the best five economic weights were selected based on
the highest expected genetic gain for grain yield and GPC, the lowest genetic gain for
maturity and plant height, the highest selection responses, and correlations between the
index and the net genetic merits in all traits. The best 5 economic weights were used to
analyze the phenotype data recorded under the conventional (Set-1) and organic (Set-2)
management systems, respectively, using both the RLPSI and the LPSI [42]. In contrast to
RLPSI, LPSI does not restrict any trait. The top 10% of the entries (20 cultivars) that had
the highest index were chosen, and their means were compared with the population to
compute selection response, expected genetic gain per trait, and the correlation between
the index and the net genetic merit (r). The LPSI and RLPSI indices were computed in R
for Windows X64 v3.6.1 using the codes summarized in Table S2. Pearson correlations,
linear regression analyses, different types of graphs, and analysis of variance (ANOVA)
were conducted using JMP statistical discovery software [76] v16.

2.3. Theory of Selection Indices and Selection Parameters

The net genetic merit: The statistical theory of linear selection indices has been

reviewed elsewhere [47,50,51]. Briefly, the net genetic merit of the l'th (i=1,2,..., n; n=
the number of individuals) line (H) can be written as

H i= W,g ,i (1)
wherew = [W1 W ... Wisavector 1 x ¢ (= number of traits) of known and fixed
economic weightsand g; = [9in  Jiz --- Jit] is a vector of true unobservable genotypic

random values for ¢ traits, with multivariate normal distribution, null expectation, and
covariance matrix ¢ . The variance of f L 1s denoted as ol =w'Cw, with Cw being a vector

of covariance between g, and vector yi.

The linear phenotypic selection index (LPSI): The LPSI for the ith (i=1,2,..., n)line
can be written as

1,=By,, )

where g=[4 B .. B]isthevector of LPSI coefficients, and y'_y y .. yjisavectorof

phenotypic values for ¢ traits, with multivariate normal distribution, null expectation, and
covariance matrix P . The variance of /, is denoted as ol =pPp-

The LPSI selection response and expected genetic gain per trait: The LPSI selection
response (R ) and expected genetic gain per trait (E ), are, respectively,

R=ko,p,, 3
and

Bkt (4)

o,
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where k is the selection intensity, o, and o , are the standard deviation of # and LPSI,

respectively, and oy = w'CB is the correlation between H and LPSI. All the other
HI m \/m
parameters of Equations (3) and (4) were defined earlier. Note that R is a scalar, whereas
E is a vector ¢x1 (# = number of traits) of the expected value of each trait in each
selection cycle. In addition, while R is the expectation of #, E is the expectation of &
given the LPSI values.
Constrained (restricted) LPSL: Let d'=[d, d,---d,] be a vector rx1 of the

predetermined proportional gains and assume that £, is the population mean of the g
trait before selection. One objective could be to change x, to u,+d,, where d, is a

d, 00 —d,
predetermined change in . Let p|0d 0 —dy | Mallard [54] matrix (¥=1)xr of
00 -d, —d,_
predetermined proportional gains, where d, (4 =1,2..r ) is the q’h element of vector
d . In addition, let U’ be a matrix of 1's and 0's, where 1 indicates that the traits are
restricted and 0 that the traits are not restricted [43,47] and let M' = D'¥’ be the Mallard
[77] matrix of predetermined restrictions, where W' = U’'C . The constrained LPSI vector
of coefficients that maximizes the response to the selection of the indices and the expected
genetic gains is

b=Kp 5)

where K=[I,-Q], Q= P'M(M'P'M)"'M’ and I, is an identity matrix of size
txt.When D = U, the above equation is the null restricted LPSI (RLPSI) vector of
coefficients [43], and when D = U and U’ is a null matrix, b= B, the LPSI vector of

coefficients. Thus, the constrained LPSI is the most general and it includes the LPSI as a
particular case.

3. Results
3.1. Phenotypic Variation

The maturity time, plant height, grain yield, and GPC of the BLUEs computed per
management varied from 81 to 97 days, from 71 to 107 cm, from 2.8 to 6.7 t ha™, and from
10.6 to 17.7%, respectively (Table S1). As shown in Figure 1, grain yield recorded in the
two management systems showed significant (p < 0.01) moderate negative correlation
with both GPC (-0.56) and plant height (-0.48 < r < -0.46), but positive correlation with
maturity (0.50 < r < 0.51). The coefficients of determination (R?) between pairs of
environments under the conventional and organic management systems varied from 0.62
to 0.81 for maturity, from 0.58 to 0.71 for plant height, from 0.29 to 0.62 for grain yield,
and from 0.67 to 0.84 for GPC (Figure 2). When BLUEs computed from all environments
per management were used instead of the individual environments in the scatter plots, R?
was high to very high for GPC (0.91), maturity (0.90), and plant height (0.86), and grain
yield (0.77). Cultivars, environments, and GE interactions had a significant (p < 0.001)
effect in the model in both management systems and all traits (data not shown). Broad-
sense heritability computed across all environments within the conventional and organic
management systems varied from 0.43 to 0.80 and from 0.32 to 0.60, respectively (Table
1).
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Figure 1. Scatter plots of the best linear unbiased estimators (BLUEs) of four agronomic traits
computed from five conventionally and four organically managed environments. All correlations
were significant at p < 0.01. The units of measurement were as follows: grain yield (t ha™?), plant
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Table 1. Broad-sense heritability, expected genetic gain (EGG) per trait, response to selection, and
correlation between each index and genetic merit based on five economic weights (Wt) and three
selection scenarios. The orders of traits in the economic weights were maturity, plant height, grain
yield, and grain protein content, respectively. In contrast to the linear phenotypic selection index
(LPSI) that did not constrain any trait, the restricted linear phenotypic selection index (RLPSI)
constrained the expected genetic gain of either grain yield or GPC to zero. Mat, Pht, Yld, and GPC
refer to maturity (days), plant height (cm), grain yield (t ha™), and grain protein content (%),
respectively.

Economic Weight Scenarios EGG (Mat) EGG (Pht) EGG (YId) EGG (GPQ) Response Correlation
Con Org Con Org Con Org Con Org Con Org Con Org

Heritability 051 038 043 058 048 032 0.80 0.60
Wt (-1,-1,120,70) LPSI -078 -149 058 237 006 -0.02 137 143 10341 9635 091 0.87
RLPSI(GPC=0) 177 107 -376 -443 059 053 000 000 7310 66.74 0.64 0.60
RLPSI (Yield=0) -1.05 -140 099 216 000 0.00 147 139 103.08 96.31 091 0.87
Wt (-1,-1,130,70) LPSI -052 -124 018 176 012 004 126 131 10432 9644 0.90 0.86
RLPSI(GPC=0) 179 108 -370 -436 059 053 000 0.00 79.03 72.02 0.68 0.64
RLPSI (Yield=0) -1.05 -140 099 216 000 0.00 147 139 103.08 96.31 0.89 0.86
Wt (-1,-1,150, 70) LPSI -001 -075 -058 054 023 015 1.04 107 10782 9837 0.89 0.84
RLPSI(GPC=0) 1.82 111 361 -424 059 053 0.00 0.00 90.90 8261 075 0.71
RLPSI (Yield=0) -1.05 -140 099 216 000 0.00 147 139 103.08 9631 0.85 0.83
Wt (-5, -1, 130, 70) LPSI -146 -196 076 261 002 -0.06 142 147 10830 10290 091 0.87
RLPSI(GPC=0) 096 049 -3.83 -449 057 051 000 0.00 7347 6884 062 0.58
RLPSI (Yield=0) -1.54 -1.75 0.87 205 000 0.00 145 137 10827 102.63 091 0.87
Wt (-5, -1, 150, 70) LPSI -096 -1.51 0.00 147 013 006 123 126 109.76 10292 0.89 0.86
RLPSI(GPC=0) 111 060 -373 -436 058 052 000 0.00 8498 79.17 0.69 0.66
RLPSI (Yield=0) -1.54 -1.75 0.87 205 000 0.00 145 137 10827 102.63 0.88 0.85

3.2. Single Trait Selection

Using a selection intensity of 10%, we first selected the top 20 cultivars that produced
the highest grain yield in each management system regardless of maturity, plant height,
and GPC. In both management systems, a total of 27 cultivars were selected based on grain
yield alone (Table S3), of which 13 cultivars (48.1%) produced high grain yield in both
management systems (5702PR, AAC Awesome, AAC Goodwin, AC Andrew, Bhishaj,
CDC Throttle, Faller, Fielder, GP168, Pasteur, SAAR, Sadash, and SWS-52). The remaining
14 cultivars produced high yield either in the conventional (7) or organic (7) management.
We then selected the same number of cultivars based on GPC regardless of the other three
traits, which identified a total of 26 cultivars. Fourteen of the 26 cultivars (53.8%) were
common in both managements (AC Barrie, AC Cadillac, AC Eatonia, BYT14-19, CDC VR
Morris, Jake, Lancer, Leader, Prodigy, PT771, Roblin, Somerset, SY479 VB, and SY637).
The remaining cultivars were selected based on their high GPC either in the conventional
(5605HR CL, AAC Castle, AC Cora, Burnside, BW278, and Parata) or organic (CDC
Alsask, CDC Bounty, Lillian, Lovitt, Pasqua, and PT472) management system. None of
the cultivars selected based on grain yield were common with those selected based on
GPC, which is not surprising, due to the negative correlations between the two traits.

3.3. Comparisons of Economic Weights

The identification of optimal economic weights is the prerequisite for multi-trait
selection using LPSI and RLPS. For such a purpose, we performed RLPSI analyses using
BLUEs computed from all environments regardless of the management system (Set-3) and
the 2304 combinations of economic weights. The analyses provided highly variable
expected genetic gains, response to selection, and correlation between the index and
genetic merit. The genetic gains computed from all 2304 economic weights varied from
-4.5 to 1. 5 d for maturity, from -13.0 to 2.0 cm for plant height, from —0.25 to 0.65 t ha™!
for grain yield, and from —0.50 to 1.60% for GPC (Figure S1, Table S4). When ANOV A was
performed to compare differences among economic weights within each trait (4 weights
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for maturity and plant height each, 9 for GPC, and 16 for yield), we found significantly
greater (p < 0.01) genetic gain for grain yield when the weights were set between 120 and
150 with -1 or -5 weights for both maturity and plant height regardless of the economic
weight for GPC (Table S5). Forty-eight of the 2304 economic weights (Figure 3) gave the
highest expected genetic gain for yield (0.63-0.65 t ha™'), maturity (<1.5 d), plant height of
(<=3.8 cm), selection response (>80), and correlation coefficients between the index and the
genetic merit (20.90). ANOVA performed on the genetic gains obtained after imposing
restrictions on the expected genetic gain on grain yield showed a significantly greater
genetic gain for GPC when weights were set to 70 and 80 for GPC and -1 for plant height,
regardless of the weights both for maturity and grain yield. Sixteen of the 2304 economic
weights that consisted of maturity (-1 and -5), plant height (-1), yield (120-150), and GPC
(70 and 80) showed the expected genetic gain for GPC (1.56-1.58%), maturity (<-1.5 d),
plant height of (<2.0 cm), selection response (>80), and correlation coefficients between the
index and the genetic merit (=0.90). Based on the results of the two analyses, we selected
the following five economic weights (-1, -1, 120, 70 vs. -1, -1, 130, 70 vs. -1, -1, 150, 70 vs.
-5,-1,130, 70 vs. =5, -1, 150, 70) corresponding to maturity, plant height, yield, and GPC,
respectively, for final analyses using both RLPSI and LPSL.

| mmLpsI
BERLPSI (GPC=0)
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Economic weight / Management

Figure 3. Bar graph of expected genetic gain (EGG) for grain yield (Yield), plant height (Pht),
maturity (Mat), and grain protein content (GPC) plus response to selection and the correlations
between each index and the genetic merit based on the Smith Linear Phenotypic Selection Index
(LPSI) and Kempthorne and Nordskog Restrictive Linear Phenotypic Selection Index (RLPSI). The
RLPSI analyses were done by restricting the expected genetic gain either for yield or GPC to zero.
The best linear unbiased estimators computed from the conventionally or organically managed
environments and five economic weights (w) were used in the analysis. The economic weights, such
as w(-1, -1, 120, 70) refer to an economic weight of —1 for maturity, -1 for plant height, 120 for grain
yield, and 70 for GPC, respectively. See Table S6 for details.

3.4. Multi-Trait Selection Using RLPSI by Restricting Grain Protein Content
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The expected genetic gain for grain yield estimated using the five economic weights
after restricting GPC varied from 0.57 to 0.59 t ha™! in the conventional, and from 0.51 to
0.53 t ha™ in the organic, management systems (Table 1). The gains in days to maturity,
plant height, response to selection, and correlation coefficients in both management
systems varied from 0.49 to 1.82 d, from —4.49 to 3.61 cm, from 66.74 to 90.90, and from
0.58 to 0.75, respectively. Using a selection intensity of the top 10%, we selected a total of
30 of the 196 cultivars (Table S7) of which 18 were identified using all five economic
weights under the organic management systems. However, only 10 of the 30 selected
cultivars (AAC Awesome, AAC Brandon, AAC Castle, AAC Goodwin, AAC Penhold,
AAC Viewfield, CDC Throttle, Conquer, Faller, and SWS-52) were consistently selected
using all five economic weights in both management systems. Overall, the 30 selected
cultivars in the two management systems required 85-97 d to maturity, were 72-96 cm
tall, and produced 4.8-6.7 t ha'! grain yield with 10.6-16.7% GPC regardless of the
economic weights and management systems (Table S7). Days to maturity, plant height,
grain yield, and GPC in three check cultivars (AAC Viewfield, Carberry, and Glenn) that
are widely used in western Canada varied from 86 to 97 d, from 74 to 85 cm, from 3.9 to
5.6 tha™, and from 14.7 to 15.3%, respectively, regardless of the management systems. As
compared with the checks, some of the selected cultivars were taller and/or had lower
GPC, which was expected, due to differences in the market classes. The checks belong to
the Canada Western Red Spring (CWRS) class, but the selected cultivars belong to the
CWRS (12 cultivars), Canada Prairie Spring Red (CPSR) (8), Canada Northern Hard Red
(CNHR) (5), Canada Western Special Purpose (CWSP) (3), Canada Western Extra Strong
(CWES) (1) and Canada Western Soft White Spring (CWSWS) (1) classes. Days to
maturity, plant height, grain yield, and GPC of the 12 selected CWRS cultivars (AAC
Brandon, AAC Elie, AAC Viewfield, AAC Redberry, CDC Landmark, BW5020, CDC
Imagine, CDC Hughes, Stettler, Superb, SY 433, and Zealand) varied from 85-94 days, 72—
96 cm, 4.8-5.6 t ha™', and 14.4-16.3%, respectively.

3.5. Multi-Trait Selection Using RLPSI by Restricting Grain Yield

The expected genetic gain estimated for GPC using the five economic weights was
1.5% in the conventional and 1.4% in the organic management systems (Table 1). The gain
in maturity, plant height, and grain yield across the five economic weights in the two
management systems varied from —1.7 to 1.0, from 0.9 to 2.2 cm, from 1.4 to 1.5%, and
zero, respectively. The response to selection and correlation between the index and genetic
merit ranged from 96.3 to 108.3 and from 0.83 to 0.91, respectively (Table 1). Using a 10%
selection intensity, we identified a total of 31 of the 196 cultivars based on GPC, maturity,
and plant height of which 20 were identified using all five economic weights under the
organic management systems. The 31 selected cultivars belong to the CWRS (24 cultivars),
CPSR (2), CNHR (3), and CWES (2), and required 83-93 d to maturity, were 73-100 cm
tall, and produced 4.0-6.2 t ha™! grain yield with 14.6-17.7% GPC (Table S6). However,
only 10 of the 31 cultivars (5605HR CL, AAC Brandon, AAC Goodwin, AAC Tisdale, AC
Cadillac, BYT14-19, CDC VR Morris, Conquer, Somerset, and SY479 VB) were consistently
selected using all five economic weights in both management systems (Table S7).

3.6. Multi-Trait Selection Using LPSI

The phenotypic performance and expected genetic gains were significantly different
between the LPSI and RLPSI (Figure 3). In both management systems, the expected genetic
gains for maturity, plant height, grain yield, and GPC obtained using the LPSI without
imposing any restriction and the five economic weights varied from -2.0 to 0 d, from -0.6 to
2.6 cm, from -0.1 to 0.2 t ha, and from 1.0 to 1.5%, respectively. The response to selection
and correlation between the index and genetic merit ranged from 96.4 to 109.8 and from 0.84
to 0.91, respectively (Table 1). The LPSI selected 35 of the 196 cultivars (Table S7) of which
17 cultivars (5605HR CL, AAC Brandon, AAC Goodwin, AAC Viewfield, AC Cadillac, CDC
Alsask, CDC Bounty, CDC Imagine, CDC Thrive, CDC VR Morris, Conquer, Goodeve,
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Lillian, Lovitt, PT472, Somerset, and Zealand) were chosen using all five economic weights
under the organic management system. All these 17 cultivars were also selected using RLPSI
by restricting grain yield. However, only 5 of 35 cultivars (5605HR CL, AAC Brandon, AAC
Goodwin, CDC VR Morris, and Conquer) were selected using all five economic weights in
both management systems. The selected cultivars belong to the CWRS (24), CPSR (5), CNHR
(3), and CWES (3), and required 83-94 d to maturity, were 72-100 cm tall, and produced 4.2
t ha™ grain yield with 14.6-17.7% GPC (Table S7).

3.7. Comparison of Economic Weights and Selection Indices

Overall, the three selection indices (LPSI plus RLPSI by restricting grain yield and GPC)
identified a total of 47 cultivars that performed very well under the conventional and/or
organic management, of which 22 cultivars were consistently selected using all five
economic weights and at least two of the three selection scenarios (Tables 2 and S7). Six of
the 22 cultivars (AAC Brandon, AAC Goodwin, AAC Viewfield, CDC Imagine, Conquer,
and Zealand) were selected using all five economic weights and three scenarios, while 11 of
the cultivars (5605HR CL, AC Cadillac, CDC Alsask, CDC Bounty, CDC Thrive, CDC VR
Morris, Goodeve, Lillian, Lovitt, PT472, and Somerset) were selected using both the LPSI
and RLPSI by restricting grain yield. The remaining 5 cultivars (AAC Castle, AAC Penhold,
AAC Tisdale, BYT14-19, and SY479 VB) were selected using all five economic weights in the
RLPSI index by restricting grain yield plus the LPSI (Table 2, Figure 4). We also compared
these 22 selected cultivars against the 53 cultivars (Table S3) selected using either grain yield
or GPC regardless of the other traits, which revealed 15 common cultivars between the
single trait selection and multi-trait selection methods. The latter included 56056HR CL, AAC
Brandon, AAC Castle, AAC Goodwin, AC Cadillac, BYT14-19, CDC Alsask, CDC Bounty,
CDC VR Morris, Conquer, Lillian, Lovitt, PT472, Somerset, and SY479 VB.
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Figure 4. Comparison of the phenotypic performance of 32 cultivars consistently selected for their
superior performance under organic management system using all five economic weights and the
Smith Linear Phenotypic Selection Index (LPSI) and Kempthorne and Nordskog Restrictive Linear
Phenotypic Selection Index (RLPSI). The RLPSI analyses were done by restricting the expected
genetic gain either for yield (Yield = 0) or grain protein content (GPC = 0). The y-axes represent the
best linear unbiased estimators computed from the conventionally or organically managed
environments. See Table S1 for details.
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Table 2. The pedigree information and summary of best linear unbiased estimators for the 22
selected cultivars and lines based on 5 conventionally (Con) and 4 organically (Org) managed

environments.

. . . Wheat Registration Maturity (d) Plant Height (cm)  Yield (t/ha) GPC (%) **
Cultivar (Line)  Pedigree Class * Year Con  Org Con Org Con  Org Con Org
5605HR CL 9952232-10/9953228-4 CNHR 2013 89.6 884 84.8 89.6 49 5.2 16.7 15.9
AAC Brandon Superb/CDC Osler//ND744 CWRS 2013 91.0 887 78.1 79.6 5.2 5.4 15.7 15.5
AAC Penhold 5700PR/HY644-BE//HY469 CPSR 2014 914 885 72.4 73.7 52 52 153 15.2
AAC Viewfield  Stettler/Glenn CWRS 2016 90.1 882 74.1 73.6 5.1 5.6 15.4 14.8
AC Cadillac BW90 * 3/BW553 CWRS 1996 86.8 85.2 89.4 100.1 45 5.0 16.9 16.5
AAC Goodwin  Carberry/AC Cadillac CPSR 2017 90.5 89.0 78.6 82.5 5.6 6.0 15.2 14.6

Alvena/IAS64/ALDAN//URES/3/T
Zealand NMU/4/TNMU) CWRS 2016 86.6 847 90.1 95.5 5.2 55 15.5 15.6
BYT14-19 Carberry/PT764//CDC Stanley CWRS - 881 849 85.4 89.9 43 45 17.2 16.6
CDC Alsask AC Elsa/AC Cora CWRS 2005 87.7 853 88.1 96.9 4.6 5.2 16.4 15.9
CDC Bounty Katepwa/W-82624//Kenyon CWRS 2000 86.1 859 90.0 99.7 43 5.0 16.5 16.1
CDC Imagine CDC Teal * 4/Fidel(FS2) CWRS 2002 884 864 84.2 89.2 4.7 53 16.3 15.9
CDC Thrive CDC Bounty/CDC Imagine CWRS 2010 884  86.5 89.4 93.5 4.8 5.2 16.0 15.8
CDC VR Morris  CDC Bounty/FHB9 CWRS 2012 89.6 878 78.8 86.1 4.4 4.6 17.4 17.0
Conquer HY639/99 EPWA-Mdg 61 CNHR 2010 91.7 89.9 84.5 91.4 5.2 6.2 16.4 14.7
Goodeve 94B43-BLW4/AC Intrepid CWRS 2007 859 85.0 80.5 88.9 45 5.1 16.0 15.9
AAC Castle Conquer/CDN Bison//5701PR CPSR 2018 934 903 74.6 77.7 5.0 55 16.6 14.8
Lillian BW621 * 3/90B07-AU2B CNHR 2003 86.8 853 84.4 88.6 43 5.1 16.2 16.2
Lovitt 8405-JC3C * 2/BW152 CWRS 2002 86.8  86.5 87.2 95.3 4.1 5.0 16.2 16.3
AAC Tisdale Somerset/BW865//Waskada CWRS 2017 879 85.0 80.0 84.2 4.6 5.0 16.4 15.7
PT472 PT425/Helios//PT435 CWRS - 848 832 86.7 93.0 4.7 5.0 16.0 16.0
Somerset 90B01-AD4D/Pasqua CWRS 2005 86.5 86.1 90.5 98.7 4.0 4.5 17.6 17.7
SY479 VB 0152004-2-13/Glenn CWRS 2016 87.8 859 88.8 94.5 4.4 4.5 17.1 16.9

* CNHR: Canada Northern Hard Red; CWRS: Canada Western Red Spring; CPSR: Canada Prairie Spring Red.
**GPC: Grain protein content

4. Discussion

Selection indices have been used in plant breeding for the simultaneous
improvement of more than one trait [78-80]. The LPSI method proposed by Smith is one
of the simplest indices that showed better performance for simultaneously improving two
or more traits than the independent culling and tandem selection [81]. The index-based
selection was found to be particularly useful for negatively correlated traits that are hard
to simultaneously improve [82], which was the case between grain yield and GPC, yield
and plant height, and maturity and GPC in both conventional and organic management
systems (Figure 1). In such cases, phenotypic selection indices have been used for
simultaneously improving multiple negatively correlated traits in wheat, including grain
yield and GPC [83], spot blotch resistance, early maturity, and short plant height [60],
Helminthosporium leaf blight resistance, early maturity, grain yield, and kernel weight
[82]. In oat, Dolan et al. [84] reported the superiority of both the restricted index and Smith
index, as compared with selection for grain yield alone, for simultaneously improving
heading date, plant height, and barley yellow dwarf virus resistance. In contrast to the
restricted (constrained) methods, such as RLPSI, however, the LPSI method does not
provide breeders with an opportunity to hold some traits constant while allowing other
traits to increase freely [66]. The choice of the index affects selection response, genetic gain
per trait, and the correlation between the index and the net genetic merit (r) depending on
the genetic relationship among target traits [83], which was evident in the present study.
As compared with the Kempthorne and Nordskog restricted RLPSI index, the Smith LPSI
index gave a very small expected genetic gain for grain yield regardless of the economic
weights and management systems (Figure 3). Furthermore, about a third of the 32 lines
selected using the three scenarios were also selected only in the Smith index. Our results
disagreed with Marulanda et al. [83] who reported between 13.5% and 112.2% greater
genetic gains for grain yield and GPC in wheat using the Smith index than the
Kempthorne and Nordskog restricted index.
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The major challenge in the use of multi-trait phenotypic selection indices is finding
optimum economic weights across traits, which reflects the relative importance of one
trait to another in making up the overall value of a line. The choice of economic weights
not only affects the ranks of the selected parents for the next generation, but also the
expected selection response, genetic gain, and the correlation between the index and the
net genetic merit [47,62,63,78]. For such reasons, we assessed the selection parameters
across 2304 economic weights, which demonstrated the significant effect of weights not
only in the selection parameters (Figure S1, Table S4), but also on the selected genotypes
under each management system (Table S7). Although several studies have previously
assessed the effect of a smaller number of economic weights, our results based on such
large combinations of economic weights provide breeders with a better overview of the
sensitivity of multi-trait selection indices and the need to balance the different selection
parameters. Priority was given to economic weights that provided smaller expected
genetic gain for maturity and plant height but greater grain for yield and GPC with a
higher response to selection and correlation coefficients between the index and genetic
merits [47]. Using the five best combinations of economic weights, three selection
scenarios (LPSI, RLPS with GPC =0 or Yield = 0), and two management systems, we chose
a total of 16 CWRS cultivars (AAC Brandon, AAC Tisdale, AAC Viewfield, AC Cadillac,
BYT14-19, CDC Alsask, CDC Bounty, CDC Imagine, CDC Thrive, CDC VR Morris,
Goodeve, Lovitt, PT472, Somerset, SY479 VB, and Zealand), 3 CNHR cultivars (5605HR
CL, Conquer, and Lillian), and 3 CPSR cultivars (AAC Castle, AAC Goodwin, and AAC
Penhold) that could be used as donor parents for breeding under an organic management
system (Figure 4, Tables S1 and S7). These 22 selected cultivars originated from the
Agriculture and Agri-Food Canada (AAFC) breeding programs (9 cultivars), the
University of Saskatchewan breeding program (5), the University of Alberta wheat
breeding program (2), the Syngenta Canada Inc. (2), SeCan Association (2), Canterra Seeds
(1), and Farm Pure Seeds (1).

AAC Brandon [85] is a CWRS cultivar developed by the AAFC researchers located at
the Swift Current Research and Development Centre, Swift Current, SK, from the cross
Superb/CDC Osler//ND744. AAC Brandon is characterized by short plants with a strong
straw (lodging tolerant), resistance to prevalent races of leaf, stem, and stripe rust,
moderate resistance to Fusarium head blight (FHB) and loose smut, and comparable with
the best CWRS checks in terms of yield and maturity [85]. AAC Brandon is the most
popular cultivar in Manitoba for both organic and conventional growers. In Alberta, AAC
Brandon is one of the two spring wheat cultivars grown by five or more organic producers
from 2017 to 2020 (https://afsc.ca/wp-content/uploads/2021/02/Yield-Alberta-2021.pdf;
accessed on 7 July 2022). In both management systems in the present study, AAC Brandon
required 89-91 days for maturity, was 78-80 cm tall and produced 5.2-5.4 t ha™ grain yield
with 15.5-15.7% GPC (Table 2, Figure 4). AAC Tisdale (PT250) is a CWRS cultivar
developed by the Swift Current Research and Development Centre from the cross
Somerset/BW865//Waskada. AAC Tisdale has been reported to have a medium height,
high yield potential, high GPC and has been tested for commercial production under
organic farming (https://www.prairieorganics.org/wheatvarietytrials; accessed on 7 July
2022). In the current study, AAC Tisdale plants were 80-84 cm tall, required 85-88 days
to maturity, and produced 4.6-5.0 t ha! grain yield with 15.7-16.4% GPC (Table 2, Figure
4). AAC Viewfield [86] is a CWRS cultivar developed by the Swift Current Research and
Development Centre from the cross Stettler/Glenn. As compared with check cultivars,
AAC Viewfield has been reported to be high yielding, late maturing with shorter plant
stature, low lodging score, resistant to prevalent races of yellow rust and stem rust,
moderate resistance to leaf rust and common bunt, and intermediate resistance to FHB
[86]. In the present study, this cultivar matured within 88-90 days, plants were 73-74 cm
tall and produced 5.1-5.6 t ha™ with 14.8-15.4% GPC (Table 2, Figure 4).

AC Cadillac [87] is a CWRS cultivar jointly developed by the AAFC researchers at
the Swift Current Research and Development Centre and the Lethbridge Research Centre,
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Lethbridge, AB, from the cross BW90*3/BW553. It is characterized by high grain yield with
high GPC, heavy kernel and volume weights, improved resistance to leaf spots, and
resistance to prevalent races of leaf rust, stem rust, loose smut, and common bunt. In the
present study, AC Cadillac required 85-87 days for maturity, were 89-100 cm tall, and
produced 4.5-5.0 t ha' with 16.5-16.9% GPC (Table 2, Figure 4). BYT14-19 is an
unregistered CWRS line developed by the University of Alberta Wheat Breeding Program
from the cross Carberry/PT764//CDC Stanley and characterized by good lodging tolerance
and excellent resistance against stem and stripe rusts and FHB (M. L, unpublished). In the
present study, BYT14-19 plants were 85-90 cm tall, matured within 85-88 d, and produced
4.3-4.5 t ha! grain yield with 16.6-17.2% GPC (Table 2, Figure 4). CDC Alsask is a CWRS
cultivar developed by the Crop Development Centre at the University of Saskatchewan,
Saskatoon, SK, from the cross AC Elsa/AC Cora. In the present study, the CDC Alsask
plants evaluated in the two management systems were taller (8897 cm), required 85-88
days for maturity, and produced 4.6-5.2 t ha™! grain yield with 15.9-16.4% GPC (Table 2,
Figure 4). CDC Bounty (BW-720) is a CWRS cultivar developed by the Crop Development
Centre at the University of Saskatchewan from the cross Katepwa/W-82624//Kenyon. In
the current study, this cultivar was 90-100 cm tall, required 86 days to maturity, and
produced 4.3-5.0 t ha'! grain yield with 16.1-16.5% GPC (Table 2, Figure 4). CDC Imagine
(BW758) is a CWRS cultivar developed by the Crop Development Centre at the University
of Saskatchewan from the cross CDC Teal*4/Fidel(FS2). This cultivar is known for its
resistance to the imidazolinone class of herbicides. In both the conventional and organic
management systems, CDC Imagine plants required 86-88 days to maturity, were 84-89
cm tall, and produced 4.7-5.3 t ha™! grain yield with 15.9-16.3% GPC. CDC Thrive (PT575)
is another CWRS cultivar developed by the Crop Development Centre at the University
of Saskatchewan from the cross CDC Bounty/CDC Imagine. CDC Thrive plants were 89—
94 cm tall, required 86-88 days for maturity, and produced 4.8-5.2 t ha™ grain yield with
15.8-16.0% GPC (Table 2, Figure 4). CDC VR Morris (BW423) is also a CWRS cultivar
developed by the Crop Development Centre at the University of Saskatchewan from the
cross CDC Bounty/FHB9 characterized by high yield, high GPC, heavy test weight, strong
lodging resistance, resistant to leaf rust, intermediate resistant to leaf spot, moderate
resistance to both stem rust and FHB (https://provenseed.ca/cereals/cdcvrmorris; accessed
on 7 July 2022). In our study, the CDC VR Morris plants matured within 88-90 days, were
79-86 cm tall, and produced 4.4—4.6 t ha™' grain yield with 17.0-17.4% GPC (Table 2, Figure
4).

Goodeve [88] is a CWRS cultivar developed by the Swift Current Research and
Development Centre from the cross 94B43-BLW4/AC Intrepid. In previous studies, this
cultivar was characterized by high grain yield, early maturity, shorter plant height,
lodging tolerance, higher GPC, resistance to prevalent races of stem rust and loose smut,
moderate resistance to leaf rust, resistance to the insect orange blossom wheat midge,
moderate susceptibility to common bunt, and susceptible to FHB. In the current study, the
Goodeve plants were 81-90 cm tall, matured within 85-86 days, and produced 4.5-5.1 t
ha grain yield with 15.9-16.0% GPC (Table 2, Figure 4). Lovitt [89] is a CWRS cultivar
developed by the Swift Current Research and Development Centre from the cross 8405-
JC3C*2/BW152. Lovitt is an earlier maturing cultivar with very good pre-harvest
sprouting resistance and resistance to prevalent races of leaf rust, stem rust, and loose
smut. In both management systems, Lovitt plants were about 87-95 c¢m tall, matured
within 87 days, and produced 4.1-5.0 t ha™! grain yield with 16.3 GPC (Table 2, Figure 4).
PT472 is a CWRS unregistered line developed by the AAFC researchers at the Brandon
Research and Development Centre [90] from the cross PT425/Helios//PT435 and
characterized by early maturity, high grain yield and test weight, and excellent clean
wheat flour yield. In the current study, PT472 plants were 87-93 cm tall, required 83-85
days for maturity, and produced 4.7-5.0 t ha™ grain yield with 16.0% GPC (Table 2, Figure
4). Somerset [91] is a CWRS cultivar developed by the AAFC researchers at the Cereal
Research Centre, Winnipeg, MB from the cross 90B01-AD4D/Pasqua. It is characterized
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by taller plants, high GPC, intermediate grain yield, resistance to stem rust, leaf rust and
loose smut, resistance to FHB, and lower test weight. In the current study, Somerset plants
were 91-99 cm tall, matured within 86-87 d, and produced 4.0-4.5 t ha™! grain yield with
17.6-17.7% GPC (Table 2, Figure 4).

SY479 VB is a CWRS cultivar developed by the Syngenta Canada Inc. from the cross
0152004-2-13/Glenn and characterized by an early maturity, good yield potential, high
GPC, very good resistance to sprouting, resistance to common bunt and leaf rust,
moderate resistance to stem rust and FHB, and poor resistance to leaf spot and loose smut.
In the current study, SY479 VB plants were 89-95 cm tall, required 86-88 days to mature,
and produced 4.4-4.5 t ha™! grain yield with 16.9-17.1% GPC (Table 2, Figure 4). Zealand
[92] is a CWRS cultivar developed by the University of Alberta Wheat Breeding Program
from the cross between Alvena, a CWRS wheat cultivar (Knox et al., 2008), and FHB
resistant line (IAS64/ALDAN//URES/3/TNMU/4/TNMU) from the International Maize
and Wheat Improvement Center (CIMMYT). This cultivar is characterized by high yield
potential, high GPC, taller plants, large leaves, early maturity, resistance to the prevalent
races of leaf rust, moderate resistance to stripe rust and loose smut, intermediate
resistance to stem rust and leaf spot, and moderately susceptible to common bunt and
FHB. In the current study, Zealand plants were 90-96 cm tall, matured within 85-87 days,
and produced 5.2-5.5 t ha™ grain yield with 15.5-15.6% GPC (Table 2, Figure 4).

5605HR CL (BW918) is a CNHR cultivar developed by the Syngenta Canada Inc. from
the cross 9952232-10/9953228-4. In both management systems, 5605HR CL plants required
88-90 days for maturity, were 85-90 cm tall, and produced 4.9-5.2 t ha grain yield with
15.9-16.7% GPC (Table 2, Figure 4). Conquer [93] is a CNHR cultivar developed by the
AAFC researchers at the Cereal Research Centre from the cross HY639/99 EPWA-Mdg 61.
Conquer is characterized by good agronomic performance, high yield potential, high
GPC, resistance to orange wheat blossom midge and hessian fly, good resistance to leaf
rust, stem rust, stripe rust, and common bunt. In the conventional and organic
management systems, the Conquer plants were 85-91 cm tall, matured within 90-92 days,
and produced 5.2-6.2 t ha™ grain yield with 14.7-16.4% GPC (Table 2, Figure 4). Lillian
[94] is another CNHR cultivar jointly developed by the AAFC researchers at the Cereal
Research Centre and the Swift Current Research and Development Centre from the cross
BW621*3/90B07-AU2B. It is an early maturing and high yielding cultivar with improved
GPC and resistance to leaf rust, and leaf spot. In the present study, Lillian plants were 84—
89 cm tall, matured within 85-86 days, and produced 4.3-5.1 t ha™ grain yield with 16.2%
GPC (Table 2, Figure 4).

AAC Castle [95] is a CPSR cultivar developed jointly by the AAFC researchers at the
Cereal Research Centre and the Lethbridge Research and Development Centre from the
cross Conquer/CDN Bison//5701PR. It is characterized by high grain yield and GPC with
excellent resistance to leaf, stem, stripe rust, common bunt and loose smut, and tolerance
to the orange wheat blossom midge. In the conventional and organic management
systems, AAC Castle plants were 75-78 cm tall, required 90-93 days to maturity, and
produced 5.0-5.5 t ha grain yield with 14.8-16.6% GPC (Table 2, Figure 4). AAC
Goodwin (also BW968) is a CPSR cultivar developed by the Swift Current Research and
Development Centre from the cross Carberry/AC Cadillac and characterized by high
yield, short stature, strong straw, and medium to late maturity. In the present study, AAC
Goodwin plants required 89-91 days for maturity, were 79-83 cm tall, and produced 5.6—
6.0 t ha with 14.6-15.2% GPC (Table 2, Figure 4). AAC Penhold [96] is CPSR cultivar
developed by the Swift Current Research and Development Centre from the cross
5700PR/HY644-BE//HY469. It is an early maturing, short stature, and high yielding
cultivar with improved GPC, resistance to prevalent races of leaf rust, common bunt, and
moderate resistance to FHB and stem rust. In the present study, AAC Penhold plants were
72-74 cm tall, required 88-91 days to maturity, and produced 5.2 t ha™ with 15.3% GPC
(Table 2, Figure 4).
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5. Conclusions

The multi-trait linear phenotypic selection indices, with and without restricting the
expected genetic gain of a particular trait, were superior to single trait selection. However,
the selection parameters (expected genetic gain per trait, the response to selection, and the
correlation coefficients between each index and genetic merits) differed depending on the
economic weights used for analyses. From a breeding point of view, the consistency of the
subset of the top selected genotypes across economic weights and selection indices were
equally important to the selection paraments. Using 2304 combinations of economic
weights among four agronomic traits, we demonstrated the need for identifying an
optimal combination of economic weights that not only affects the selection parameters,
but also the selected cultivars. The twenty-two cultivars that showed better performance
under organically managed environments consisted of 16 CWRS (AAC Brandon, AAC
Tisdale, AAC Viewfield, AC Cadillac, BYT14-19, CDC Alsask, CDC Bounty, CDC
Imagine, CDC Thrive, CDC VR Morris, Goodeve, Lovitt, PT472, Somerset, SY479 VB, and
Zealand), 3 CNHR (5605HR CL, Conquer and Lillian), and 3 CPSR (AAC Castle, AAC
Goodwin, and AAC Penhold). Some of the cultivars shared common parentages. Further
studies are needed to understand the weed tolerance and nitrogen use efficiency of the 22
selected cultivars.

Supplementary Materials: The following supporting information can be downloaded at:
https://www.mdpi.com/article/10.3390/plants11141887/s1, Figure S1: Box plots of expected genetic
gain (EGG) for grain yield, plant height, maturity, and grain protein content (GPC) plus response to
selection and the correlations between the index and genetic merit. The plots were based on 2304
combinations of economic weights obtained using the Kempthorne and Nordskog Restrictive Linear
Phenotypic Selection Index (RLPSI), and the best unbiased estimators computed from all
environments regardless of the management systems. See Table 54 for details. Figure S2: Bar graph
of expected genetic gain (EGG) for grain yield, grain protein content (GPC), plant height, and
maturity plus response to selection (Rs) and the correlations between the index and genetic merit
(r) based on 48 of the 2304 combinations of economic weights. For each scenario (GPC =0 or Yield
= 0), all economic weights were similar regarding the EGG for yield or GPC, but different in the
other parameters. The five economic weights that gave higher positive EGG for yield or GPC with
greater Rs and r, and the lowest (negative) EGG both for plant height and maturity were selected.
The 5 selected economic weights are indicated with * with details shown in Tables 1 and S4. Figure
S3: Bar graph of expected genetic gain (EGG) for grain yield, plant height, and maturity plus
response to selection and the correlations between the index and genetic merit. The plots were based
on 2304 combinations of economic weights obtained using the Kempthorne and Nordskog
Restrictive Linear Phenotypic Selection Index (RLPSI) and the best unbiased estimators computed
from all environments regardless of the management systems. See Tables S3 and S6 for more results.
Table S1: Summary of the spring wheat germplasm used in the present study, including the best
linear unbiased estimators (BLUEs) for maturity (d), plant height (cm), grain yield (tha™), and grain
protein content (%) computed from 5 conventionally and 4 organically managed environments.
Table S2: Example R codes used to compute the best combinations of economic weights and the final
analysis using the Smith Linear Phenotypic Selection Index (LPSI) and the Kempthorne and
Nordskog Restrictive Linear Phenotypic Selection Index (RLPSI). In contrast to LPSI which did not
impose a restriction, RLPSI was run by restricting the expected genetic gain either for grain yield or
grain protein content to zero. Table S3: Summary of the cultivars selected based on either their high
grain yield or grain protein content in each management system. Table S4: Summary of the selection
parameters (expected genetic gain per trait, response to selection, and correlation between the index
and the genetic merit) for a total of 2304 economic weights. The analyses were done using the
Kempthorne and Nordskog Restrictive Linear Phenotypic Selection Index (RLPSI) and the best
linear unbiased estimators (BLUEs) computed from all 9 environments regardless of the
management systems. Table S5: Analysis of Variance (ANOVA) comparing expected genetic gain
for grain yield at different economic weights for maturity and plant height (-1, -5, =10, —15), grain
yield (1 to 150 at an increment of 10), and grain protein content (10 to 80 at an increment of 10). Table
S6: Summary of the selection parameters (expected genetic gain per trait, response to selection, and
correlation between the index and the genetic merit) based on five economic weights. The analyses
were done using the Smith Linear Phenotypic Selection Index (LPSI) and the Kempthorne and
Nordskog Restrictive Linear Phenotypic Selection Index (RLPSI) and the best linear unbiased
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estimators (BLUEs) were computed from 5 conventionally and 4 organically managed
environments separately. Table S7: Summary of the phenotype data of 47 selected cultivars using
five economic weights and the Smith Linear Phenotypic Selection Index (LPSI) and the Kempthorne
and Nordskog Restrictive Linear Phenotypic Selection Index (RLPSI). Both the LPSI and RLPSI were
computed using the best linear unbiased estimators (BLUEs) computed from 5 conventionally and
4 organically managed environments separately.

Author Contributions: M.I. and K.S. (Kassa Semagn) conceptualized the work, curated, and
analyzed the data, and jointly wrote the paper. J.J.C.-R,, ].C., D.J. and R.H. revised the R codes,
contributed to data analyses, and edited the paper. B.L.B., K.S. (Klaus Strenzke) and I.C. coordinated
phenotyping and edited the paper. D.S. conceptualized the project, acquired funding, supervised
the project, and edited the paper. All authors have read and agreed to the published version of the
manuscript.

Funding: This study was supported by grants to the University of Alberta wheat breeding program
from the Alberta Crop Industry Development Fund (ACIDF), Alberta Wheat Commission (AWC),
Saskatchewan Wheat Development Commission (Sask Wheat), Natural Sciences and Engineering
Research Council of Canada (NSERC) Discovery and Collaborative Grant, Agriculture and Agri-
Food Canada (AAFC), Western Grains Research Foundation Endowment Fund (WGRF), and Core
Program Check-off funds to Dean Spaner.

Institutional Review Board Statement: Not applicable.
Informed Consent Statement: Not applicable.

Data Availability Statement: All relevant files are included in this article and its Supplementary
Materials files.

Acknowledgments: The authors would like to express appreciation for Joseph Moss, Fabiana Dias,
Katherine Chabot, Tom Keady, and Russel Puk who played key roles in phenotyping the
germplasm in field environments.

Conflicts of Interest: The authors declare no conflict of interest.

References

1.

10.

11.

12.

Le Campion, A.; Oury, F.-X; Heumez, E.; Rolland, B. Conventional versus organic farming systems: Dissecting comparisons to
improve cereal organic breeding strategies. Org. Agric. 2020, 10, 63-74. https://doi.org/10.1007/s13165-019-00249-3.
Hawkesford, M.]. Reducing the reliance on nitrogen fertilizer for wheat production. ]. Cereal Sci. 2014, 59, 276-283.
https://doi.org/10.1016/.jcs.2013.12.001.

Lammerts van Bueren, E.T.; Jones, S.S.; Tamm, L.; Murphy, K.M.; Myers, ].R.; Leifert, C.; Messmer, M.M. The need to breed
crop varieties suitable for organic farming, using wheat, tomato and broccoli as examples: A review. Wagen. |. Life Sci. 2011, 58,
193-205. https://doi.org/10.1016/j.njas.2010.04.001.

Wolfe, M.S.; Baresel, J.P.; Desclaux, D.; Goldringer, I.; Hoad, S.; Kovacs, G.; Loschenberger, F.; Miedaner, T.; Ostergard, H.;
Lammerts van Bueren, E.T. Developments in breeding cereals for organic agriculture. Euphytica 2008, 163, 323.
https://doi.org/10.1007/s10681-008-9690-9.

Osman, A.M.; Almekinders, C.J.M.; Struik, P.C.; Lammerts van Bueren, E.T. Adapting spring wheat breeding to the needs of
the organic sector. Wagen. J. Life Sci. 2016, 76, 55-63. https://doi.org/10.1016/j.njas.2015.11.004.

Hoad, S.; Topp, C.; Davies, K. Selection of cereals for weed suppression in organic agriculture: A method based on cultivar
sensitivity to weed growth. Euphytica 2008, 163, 355-366. https://doi.org/10.1007/s10681-008-9710-9.

Zerner, M.C,; Gill, G.S.; Vandeleur, R K. Effect of height on the competitive ability of wheat with oats. Agron. J. 2008, 100, 1729—
1734. https://doi.org/10.2134/agronj2008.0068.

Mason, H.; Navabi, A.; Frick, B.; O’'Donovan, J.; Spaner, D. Cultivar and seeding rate effects on the competitive ability of spring
cereals grown under organic production in Northern Canada. Agron. [ 2007, 99, 1199-1207.
https://doi.org/10.2134/agronj2006.0262.

Mason, H.E.; Navabi, A.; Frick, B.L.; O’'Donovan, J.T.; Spaner, D.M. The weed-competitive ability of Canada western red spring
wheat cultivars grown under organic management. Crop Sci. 2007, 47, 1167-1176. https://doi.org/10.2135/cropsci2006.09.0566.
Cudney, D.W.;Jordan, L.S.; Hall, A.E. Effect of wild oat (Avena fatua) infestations on light interception and growth-rate of wheat
(Triticum aestivum). Weed Sci. 1991, 399, 175-179.

Watson, P.R.; Derksen, D.A.; Van Acker, R.C. The ability of 29 barley cultivars to compete and withstand competition. Weed Sci.
2006, 54, 783-792. https://doi.org/10.1614/WS-05-020R3.1.

Huel, D.G.; Hucl, P. Genotypic variation for competitive ability in spring wheat. Plant Breed. 1996, 115, 325-329.
https://doi.org/10.1111/j.1439-0523.1996.tb00927.x.



Plants 2022, 11, 1887 18 of 21

13.

14.

15.

16.

17.

18.

19.

20.

21.

22.

23.

24.

25.

26.

27.

28.

29.

30.

31.

32.

33.

34.

Lemerle, D.; Verbeek, B.; Cousens, R.D.; Coombes, N.E. The potential for selecting wheat varieties strongly competitive against
weeds. Weed Res. 1996, 36, 505-513.

Baenziger, P.S.; Salah, I; Little, R.S.; Santra, D.K.; Regassa, T.; Wang, M.Y. Structuring an efficient organic wheat breeding
program. Sustainability 2011, 3, 1190-1205. https://doi.org/10.3390/su3081190.

Kirk, A.P.; Fox, S.L.; Entz, M.H. Comparison of organic and conventional selection environments for spring wheat. Plant Breed.
2012, 131, 687-694. https://doi.org/10.1111/j.1439-0523.2012.02006.x.

Reid, T.A.; Yang, R.C.; Salmon, D.F.; Navabi, A.; Spaner, D. Realized gains from selection for spring wheat grain yield are
different in conventional and organically managed systems. Euphytica 2011, 177, 253-266. https://doi.org/10.1007/s10681-010-
0257-1.

Kaut, E.; Mason, E.; Navabi, A.; O'Donovan, T.; Spaner, D. Organic and conventional management of mixtures of wheat and
spring cereals. Agron. Sustain. Dev. 2008, 28, 363-371. https://doi.org/10.1051/agro:2008017.

Reid, T.A.; Yang, R.C.; Salmon, D.F.; Spaner, D. Should spring wheat breeding for organically managed systems be conducted
on organically managed land? Euphytica 2009, 169, 239-252. https://doi.org/10.1007/s10681-009-9949-9.

Kaut, A.H.E.E.; Mason, H.E.; Navabi, A.; O'Donovan, ].T.; Spaner, D. Performance and stability of performance of spring wheat
variety mixtures in organic and conventional management systems in western Canada. J. Agric. Sci. 2009, 147, 141-153.
https://doi.org/10.1017/S0021859608008319.

Chen, H.; Nguyen, K.; Igbal, M.; Beres, B.L.; Hucl, P.J.; Spaner, D. The performance of spring wheat cultivar mixtures under
conventional and organic management in Western Canada. Agric. Geosci. Environ. 2020, 3, e20003.
https://doi.org/10.1002/agg2.20003.

Kubota, H.; Quideau, S.A.; Hucl, P.J.; Spaner, D.M. The effect of weeds on soil arbuscular mycorrhizal fungi and agronomic
traits in spring wheat (Triticum aestivum L.) under organic management in Canada. Can. J. Plant Sci. 2015, 95, 615-627.
https://doi.org/10.4141/cjps-2014-284.

Mason, H.; Navabi, A.; Frick, B.; O’'Donovan, J.; Niziol, D.; Spaner, D. Does growing Canadian Western Hard Red Spring wheat
under organic management alter its breadmaking quality? Renew. Agric. Food Syst. 2007, 22, 157-167.
https://doi.org/10.1017/S1742170507001688.

Zou, J.; Semagn, K.; Igbal, M.; N'Diaye, A.; Chen, H.; Asif, M.; Navabi, A.; Perez-Lara, E.; Pozniak, C.; Yang, R.C.; et al. Mapping
QTLs controlling agronomic traits in the Attila x CDC Go spring wheat population under organic management using 90K SNP
array. Crop Sci. 2017, 57, 365-377. https://doi.org/10.2135/cropsci2016.06.0459.

Xiang, R.; Semagn, K.; Igbal, M.; Chen, H.; Yang, R.-C.; Spaner, D. Phenotypic performance and associated QTL of ‘Peace’ x
‘CDC Stanley’ mapping population under conventional and organic management systems. Crop Sci. 2021, 61, 3469-3483.
https://doi.org/10.1002/csc2.20570.

Semagn, K.; Igbal, M.; Chen, H.; Perez-Lara, E.; Bemister, D.H.; Xiang, R.; Zou, J.; Asif, M.; Kamran, A.; N'Diaye, A.; et al.
Physical mapping of QTL associated with agronomic and end-use quality traits in spring wheat under conventional and organic
management systems. Theor. Appl. Genet. 2021, 134, 3699-3719. https://doi.org/10.1007/s00122-021-03923-x.

Semagn, K.; Igbal, M.; Chen, H.; Perez-Lara, E.; Bemister, D.H.; Xiang, R.; Zou, J.; Asif, M.; Kamran, A.; N'Diaye, A.; et al.
Physical mapping of QTL in four spring wheat populations under conventional and organic management systems. I. Earliness.
Plants 2021, 10, 853. https://doi.org/10.3390/plants10050853.

Semagn, K,; Igbal, M.; N'Diaye, A.; Pozniak, C.; Ciechanowska, I.; Barbu, S.-P.; Spaner, D. Genome-wide association mapping
of agronomic traits and grain characteristics in spring wheat under conventional and organic management systems. Crop Sci.
2022, 62, 1069-1087. https://doi.org/10.1002/csc2.20739.

Chen, H.; Bemister, D.H.; Igbal, M.; Strelkov, S.E.; Spaner, D.M. Mapping genomic regions controlling agronomic traits in spring
wheat under conventional and organic managements. Crop Sci. 2020, 60, 2038-2052. https://doi.org/10.1002/csc2.20157.

Asif, M,; Yang, R.C.; Navabi, A.; Igbal, M.; Kamran, A.; Lara, E.P.; Randhawa, H.; Pozniak, C.; Spaner, D. Mapping QTL,
selection differentials, and the effect of Rht-B1 under organic and conventionally managed systems in the Attila x CDC Go
spring wheat mapping population. Crop Sci. 2015, 55, 1129-1142. https://doi.org/10.2135/cropsci2014.01.0080.

Semagn, K.; Igbal, M.; Crossa, ].; Jarquin, D.; Howard, R.; Chen, H.; Bemister, D.H.; Beres, B.L.; Randhawa, H.; N'Diaye, A.; et
al. Genome-based prediction of agronomic traits in spring wheat under conventional and organic management systems. Theor.
Appl. Genet. 2022, 135, 537-552. https://doi.org/10.1007/s00122-021-03982-0.

Semagn, K.; Crossa, J.; Cuevas, ].; Igbal, M.; Ciechanowska, I.; Henriquez, M.H.; Randhawa, H.; Beres, B.L.; Aboukhaddour, R ;
McCallum, B.D.; et al. Comparison of single-trait and multi-trait genomic predictions on agronomic and disease resistance traits
in spring wheat. Theor. Appl. Genet. 2022, in press. https://doi.org/10.1007/s00122-00022-04147-00123.

Gelli, M.; Mitchell, S.E.; Liu, K.; Clemente, T.E.; Weeks, D.P.; Zhang, C.; Holding, D.R.; Dweikat, .M. Mapping QTLs and
association of differentially expressed gene transcripts for multiple agronomic traits under different nitrogen levels in sorghum.
BMC Plant Biol. 2016, 16, 16. https://doi.org/10.1186/s12870-015-0696-x.

Chen, Z; Liu, C; Wang, Y.; He, T.; Gao, R.; Xu, H,; Guo, G.; Li, Y.; Zhou, L.; Lu, R;; et al. Expression analysis of nitrogen
metabolism-related genes reveals differences in adaptation to low-nitrogen stress between two different barley cultivars at
seedling stage. Int. ]. Genom. 2018, 2018, 8152860. https://doi.org/10.1155/2018/8152860.

Zhang, ].; Wang, Y.; Zhao, Y.; Zhang, Y.; Zhang, ].; Ma, H.; Han, Y. Transcriptome analysis reveals nitrogen deficiency induced
alterations in leaf and root of three cultivars of potato (Solanum tuberosum L.). PLoS ONE 2020, 15, e0240662.
https://doi.org/10.1371/journal.pone.0240662.



Plants 2022, 11, 1887 19 of 21

35.

36.

37.

38.

39.

40.

41.

42.

43.
44.

45.

46.

47.

48.

49.

50.

51.

52.

53.

54.

55.

56.

57.

58.

59.

60.

61.

62.

Allier, A.; Lehermeier, C.; Charcosset, A.; Moreau, L.; Teysseédre, S. Improving short- and long-term genetic gain by accounting
for within-family variance in optimal cross-selection. Front. Genet. 2019, 10, 1006. https://doi.org/10.3389/fgene.2019.01006.
Branlard, G.; Pierre, ].; Rousset, M. Selection indices for quality evaluation in wheat breeding. Theor. Appl. Genet. 1992, 84, 57—
64. https://doi.org/10.1007/BF00223981.

Ullah, H.; Subthain, H.; Khalil, I.H.; Khan, W.U.; Jamal, Y.; Alam, M. Stress selection indices an acceptable tool to screen superior
wheat genotypes under irrigated and rain-fed conditions. Pak. ]. Bot. 2014, 46, 627-638.

Malav, A K.; Monpara, I.B.A.; Raghuwanshi, S.S. Selection indices for yield improvement in bread wheat (Triticum aestivum L.).
J. Pure Appl. Microbiol. 2016, 10, 2801-2805. https://doi.org/10.22207/JPAM.10.4.39.

Shah, S.; Mehtaand LataRaval, D.R. Selection indices in bread wheat [Triticum aestivum L.]. Electron. ]. Plant Breed 2016, 7, 459—
463. https://doi.org/10.5958/0975-928X.2016.00059.4.

Fellahi, Z.E.A.; Hannachi, A.; Bouzerzour, H. Expected genetic gains from mono trait and indexbased selection in advanced
bread wheat (Triticum aestivum L.) populations. Rev. Fac. Nac. 2020, 73, 9131-9141. https://doi.org/10.15446/rfnam.v73n2.77806.
Karthikeya Reddy, S.G.P.; Babariya, C.A. Selection indices for yield improvement in bread wheat (Triticum aestivum L.). Electron.
J. Plant Breed 2020, 11, 314-317. https://doi.org/10.37992/2020.1101.056.

Smith, HF. A discriminant function for plant selection. Ann. Eugenic. 1936, 7, 240-250. https://doi.org/10.1111/j.1469-
1809.1936.tb02143 x.

Kempthorne, O.; Nordskog, A.W. Restricted selection indices. Biometrics 1959, 15, 10-19. https://doi.org/10.2307/2527598.
Ceroén-Rojas, ].J.; Crossa, J.; Sahagtun-Castellanos, J.; Castillo-Gonzélez, F.; Santacruz-Varela, A. A selection index method based
on eigenanalysis. Crop Sci. 2006, 46, 1711-1721. https://doi.org/10.2135/cropsci2005.11-0420.

Cerdn-Rojas, J.J.; Sahagun-Castellanos, J.; Castillo-Gonzalez, F.; Santacruz-Varela, A.; Crossa, J. A restricted selection index
method based on eigenanalysis. ]. Agric. Biol. Envir. St. 2008, 13, 440-457. https://doi.org/10.1198/108571108X378911.
Cerdn-Rojas, J.J.; Crossa, J. Efficiency of a constrained linear genomic selection index to predict the net genetic merit in plants.
G3 (Bethesda) 2019, 9, 3981-3994. https://doi.org/10.1534/g3.119.400677.

Cerén-Rojas, ].J.; Crossa, J. The statistical theory of linear selection indices from phenotypic to genomic selection. Crop Sci. 2022,
62, 537-563. https://doi.org/10.1002/csc2.20676.

Cerén-Rojas, J.J.; Crossa, ]. Expectation and variance of the estimator of the maximized selection response of linear selection
indices with normal distribution. Theor. Appl. Genet. 2020, 133, 2743-2758. https://doi.org/10.1007/s00122-020-03629-6.
Cerén-Rojas, J.J.; Crossa, J. Linear Selection Indices in Modern Plant Breeding; Springer International Publishing: Cham,
Switzerland, 2018; pp. 1-256.

Céron-Rojas, ].J.; Crossa, J. The linear phenotypic selection index theory. In Linear Selection Indices in Modern Plant Breed; Céron-
Rojas, ].J., Crossa, J., Eds.; Springer International Publishing: Cham, Switzerland, 2018; pp. 15-42.

Céron-Rojas, ].J.; Crossa, J. Constrained linear phenotypic selection indices. In Linear Selection Indices in Modern Plant Breed;
Céron-Rojas, J.J., Crossa, J., Eds.; Springer International Publishing: Cham, Switzerland, 2018; pp. 43-69.

Cerdén-Rojas, ].J.; Crossa, J.; Sahaguin-Castellanos, J. Statistical sampling properties of the coefficients of three phenotypic
selection indices. Crop Sci. 2016, 56, 51-58. https://doi.org/10.2135/cropsci2015.03.0189.

Cerén-Rojas, ].J.; Toledo, F.H.; Crossa, J]. Optimum and decorrelated constrained multistage linear phenotypic selection indices
theory. Crop Sci. 2019, 59, 2585-2600. https://doi.org/10.2135/cropsci2019.04.0241.

Ceron-Rojas, J.J.; Toledo, F.H.; Crossa, J. The relative efficiency of two multistage linear phenotypic selection indices to predict
the net genetic merit. Crop Sci. 2019, 59, 1037-1051. https://doi.org/10.2135/cropsci2018.11.0678.

Hazel, L.N.; Dickerson, G.E.; Freeman, A.E. The selection index—Then, now, and for the future. J. Dairy Sci. 1994, 77, 3236-3251.
https://doi.org/10.3168/jds.50022-0302(94)77265-9.

Perez-Elizalde, S.; Cerén-Rojas, ].J.; Crossa, J.; Fleury, D.; Alvarado, G. Rindsel: An R package for phenotypic and molecular
selection indices used in Plant Breed. Methods Mol. Biol. 2014, 1145, 87-96. https://doi.org/10.1007/978-1-4939-0446-4_8.
Gebre-Mariam, H.; Larter, E.N. Genetic response to index selection for grain yield, kernel weight and per cent protein in four
wheat crosses. Plant Breed. 1996, 115, 459-464. https://doi.org/10.1111/j.1439-0523.1996.tb00957 .x.

Maich, R.H.; Chaves, A.G.; Coraglio, M.C.; Costero, B.; Torres, L.E. Agronomic performance of bread wheat (Triticum aestivum
L.) and hexaploid triticale (X Triticosecale Wittmack) based on the use of a selection index. Cereal Res. Commun. 2006, 34, 1123—
1127. https://doi.org/10.1556/CRC.34.2006.2-3.251.

Lopez-Cruz, M.; Olson, E.; Rovere, G.; Crossa, J.; Dreisigacker, S.; Mondal, S.; Singh, R.; Campos, G.d.l. Regularized selection
indices for breeding value prediction using hyper-spectral image data. Sci. Rep. 2020, 10, 8195. https://doi.org/10.1038/s41598-
020-65011-2.

Juliana, P.; He, X.; Poland, J.; Roy, K.K.; Malaker, P.K.; Mishra, V.K,; Chand, R.; Shrestha, S.; Kumar, U.; Roy, C.; et al. Genomic
selection for spot blotch in bread wheat breeding panels, full-sibs and half-sibs and index-based selection for spot blotch,
heading and plant height. Theor. Appl. Genet. 2022, 135, 1965-1983. https://doi.org/10.1007/s00122-022-04087-y.

Magnussen, S. Selection index: Economic weights for maximum simultaneous genetic gain. Theor. Appl. Genet. 1990, 79, 289—
293. https://doi.org/10.1007/BF01186069.

Ramos Guimaraes, P.H.; Guimaraes Santos Melo, P.; Centeno Cordeiro, A.C.; Pereira Torga, P.; Nakano Rangel, P.H.; Pereira
de Castro, A. Index selection can improve the selection efficiency in a rice recurrent selection population. Euphytica 2021, 217,
95. https://doi.org/10.1007/s10681-021-02819-7.



Plants 2022, 11, 1887 20 of 21

63.

64.

65.

66.
67.

68.

69.

70.

71.

72.

73.

74.

75.

76.

77.

78.

79.

80.

81.

82.

83.

84.

85.

86.

87.

88.

Sabouri, H.; Rabiei, B.; Fazlalipour, M. Use of selection indices based on multivariate analysis for improving grain yield in rice.
Rice Sci. 2008, 15, 303-310. https://doi.org/10.1016/51672-6308(09)60008-1.

Mistele, M.; Zeddies, J.; Urz, H.F.; Melchinger, A.E. Economic aspects of breeding for yield and quality traits in forage maize. I.
Determination of economic weights. Plant Breed. 1994, 112, 102-109. https://doi.org/10.1111/j.1439-0523.1994.tb00657 .x.

Famula, T.R. A comparison of restricted selection index and linear programming in sire selection. Theor. Appl. Genet. 1992, 84,
384-389. https://doi.org/10.1007/BF00229497.

Xie, C.; Xu, S. Restricted multistage selection indices. Genet. Sel. Evol. 1997, 29, 193-203. https://doi.org/10.1051/gse:19970206.
Pesek, J.; Baker, R]J. Desired improvement in relation to selection indices. Can. ]. Plant Sci. 1969, 49, 803-804.
https://doi.org/10.4141/cjps69-137.

Semagn, K.; Igbal, M.; Alachiotis, N.; N'Diaye, A.; Pozniak, C.; Spaner, D. Genetic diversity and selective sweeps in historical
and modern Canadian spring wheat cultivars using the 90K SNP array. Sci. Rep. 2021, 11, 23773. https://doi.org/10.1038/s41598-
021-02666-5.

Semagn, K.; Igbal, M.; Jarquin, D.; Crossa, J.; Howard, R.; Ciechanowska, I.; Henriquez, M.H.; Randhawa, H.; Aboukhaddour,
R.; McCallum, B.D.; et al. Genomic predictions for common bunt, FHB, stripe rust, leaf rust, and leaf spotting resistance in
spring wheat. Genes 2022, 13, 565. https://doi.org/10.3390/genes13040565.

Yan, W. Estimation of the optimal number of replicates in crop variety trials. Front. Plant Sci. 2021, 11, 590762.
https://doi.org/10.3389/fpls.2020.590762.

Yan, W.; Tinker, N.A.; Bekele, W.A.; Mitchell-Fetch, J.; Fregeau-Reid, J. Theoretical unification and practical integration of
conventional methods and genomic selection in Plant Breed. Crop Breed. Genet. Genom. 2019, 1, e190003.
https://doi.org/10.20900/cbgg20190003.

Alvarado, G.; Rodriguez, F.M.; Pacheco, A.; Burguefio, J.; Crossa, J.; Vargas, M.; Pérez-Rodriguez, P.; Lopez-Cruz, M.A. META-
R: A software to analyze data from multi-environment Plant Breed. trials. Crop ] 2020, 8, 745-756.
https://doi.org/10.1016/.cj.2020.03.010.

Laidig, F.; Piepho, H.-P.; Rentel, D.; Drobek, T.; Meyer, U.; Huesken, A. Breeding progress, environmental variation and
correlation of winter wheat yield and quality traits in German official variety trials and on-farm during 1983-2014. Theor. Appl.
Genet. 2017, 130, 223-245. https://doi.org/10.1007/s00122-016-2810-3.

Longin, C.F.H.; Gowda, M.; Miihleisen, ]J.; Ebmeyer, E.; Kazman, E.; Schachschneider, R.; Schacht, J.; Kirchhoff, M.; Zhao, Y.;
Reif, J.C. Hybrid wheat: Quantitative genetic parameters and consequences for the design of breeding programs. Theor. Appl.
Genet. 2013, 126, 2791-2801. https://doi.org/10.1007/s00122-013-2172-z.

Michel, S.; Loschenberger, F.; Ametz, C.; Pachler, B.; Sparry, E.; Biirstmayr, H. Simultaneous selection for grain yield and protein
content in genomics-assisted wheat breeding. Theor. Appl. Genet. 2019, 132, 1745-1760. https://doi.org/10.1007/s00122-019-03312-
5.

Jones, B.; Sall, J. JMP statistical discovery software. Wiley Interdiscip. Rev. Comput. Stat. 2011, 3, 188-194.
https://doi.org/10.1002/wics.162.

Mallard, J. La theorie et le calcul des index de selection avec restriction: Synthese critique. Biometrics 1972, 28, 713-735.
https://doi.org/10.2307/2528758.

Pesek, J.; Baker, R.J. An application of index selection to the improvement of self-pollinated species. Can. |. Plant Sci. 1970, 50,
267-276. https://doi.org/10.4141/cjps70-051.

Batista, L.G.; Gaynor, R.C.; Margarido, G.R.A.; Byrne, T.; Amer, P.; Gorjanc, G.; Hickey, ].M. Long-term comparison between
index selection and optimal independent culling in Plant Breed. programs with genomic prediction. PLoS ONE 2021, 16,
€0235554. https://doi.org/10.1371/journal. pone.0235554.

Paprstein, F.; Blazek, J. A selection index for evaluating sweet cherry genetic resources and choosing parents for crosses. Acta
Hortic. 1996, 410, 405-412.

Elgin, ].H., Jr.; Hill, RR,, Jr.; Zeiders, K.E. Comparison of four methods of multiple trait selection for five traits in alfalfa. Crop
Sci. 1970, 10, 190-193. https://doi.org/10.2135/cropsci1970.0011183X001000020023x.

Sharma, R.C.; Duveiller, E. Selection index for improving helminthosporium leaf blight resistance, maturity, and kernel weight
in spring wheat. Crop Sci. 2003, 43, 2031-2036. https://doi.org/10.2135/cropsci2003.2031.

Marulanda, J.J.; Mi, X; Utz, H.F.; Melchinger, A.E.; Wiirschum, T.; Longin, C.F.H. Optimum breeding strategies using genomic
and phenotypic selection for the simultaneous improvement of two traits. Theor. Appl. Genet. 2021, 134, 4025-4042.
https://doi.org/10.1007/s00122-021-03945-5.

Dolan, D.J.; Stuthman, D.D.; Kolb, F.L.; Hewings, A.D. Multiple trait selection in a recurrent selection population in oat (Avena
sativa L.). Crop Sci. 1996, 36, 1207-1211. https://doi.org/10.2135/cropscil996.0011183X003600050023x.

Cuthbert, R.D.; DePauw, R.M.; Knox, R.E.; Singh, A.K.; McCaig, T.N.; McCallum, B.; Fetch, T. AAC Brandon hard red spring
wheat. Can. J. Plant Sci. 2016, 97, 393—-401. https://doi.org/10.1139/cjps-2016-0150.

Cuthbert, R.D.; DePauw, R M.; Knox, R.E.; Singh, A.K.; McCallum, B.; Fetch, T. AAC Viewfield hard red spring wheat. Can. J.
Plant Sci. 2018, 99, 102-110. https://doi.org/10.1139/cjps-2018-0147.

DePauw, R.M.; Thomas, ].B.; Knox, R.E.; Clarke, ].M.; Fernandez, M.R.; McCaig, T.N.; McLeod, ].G. AC Cadillac hard red spring
wheat. Can. J. Plant Sci. 1998, 78, 459-462. https://doi.org/10.4141/P97-087.

DePauw, R.M.; Knox, R.E.; Thomas, J.B.; Smith, M.; Clarke, ].M.; Clarke, F.R.; McCaig, T.N.; Fernandez, M.R. Goodeve hard red
spring wheat. Can. J. Plant Sci. 2009, 89, 937-944. https://doi.org/10.4141/CJPS09194.



Plants 2022, 11, 1887 21 of 21

89.

90.

91.

92.

93.

94.

95.

96.

DePauw, RM.; Knox, R.E.; Clarke, ].M.; McCaig, T.N.; Clarke, F.R.; Fernandez, M.R. Lovitt hard red spring wheat. Can. J. Plant
Sci. 2004, 84, 811-814. https://doi.org/10.4141/P03-181.

Burt, A.J.; Humphreys, D.G.; Fetch, ].M.; Green, D.; Fetch, T.G.; McCallum, B.D.; Menzies, J.; Aboukhaddour, R.; Henriquez,
M.A.; Kumar, S. AAC redstar hard red spring wheat. Can. J. Plant Sci. 2021, 101, 274-283. https://doi.org/10.1139/cjps-2020-0148.
Fox, S.L.; Townley-Smith, T.F.; Humphreys, D.G.; McCallum, B.D.; Fetch, T.G.; Gaudet, D.A.; Gilbert, ].A.; Menzies, ].G.; Noll,
J.S.; Howes, N.K. Somerset hard red spring wheat. Can. J. Plant Sci. 2006, 86, 163-167. https://doi.org/10.4141/P05-117.

Spaner, D.; Igbal, M.; Navabi, A.; Strenzke, K.; Beres, B. Zealand hard red spring wheat. Can. J. Plant Sci. 2018, 98, 1409-1415.
https://doi.org/10.1139/cjps-2018-0064.

Brown, P.D.; Randhawa, H.S.; Fetch, ].M.; Meiklejohn, M.; Fox, S.L.; Humphreys, D.G.; Green, D.; Wise, I; Fetch, T.; Gilbert, J.;
et al. Conquer red spring wheat. Can. . Plant Sci. 2016, 97, 147-152. https://doi.org/10.1139/cjps-2016-0107.

DePauw, R.M.; Townley-Smith, T.F.; Humphreys, G.; Knox, R.E.; Clarke, F.R.; Clarke, ].M. Lillian hard red spring wheat. Can.
J. Plant Sci. 2005, 85, 397-401. https://doi.org/10.4141/P04-137.

Randhawa, H.S.; Brown, P.D.; Fetch, ]. M.; Fetch, T.; McCallum, B.; Henriquez, M.A.; Menzies, ]. AAC Castle red spring wheat.
Can. J. Plant Sci. 2022, 102, 278-284. https://doi.org/10.1139/cjps-2021-0078.

Cuthbert, R.D.; DePauw, R.M.; Knox, R.E.; Singh, A K.; McCaig, T.N.; McCallum, B.; Fetch, T.; Beres, B.L. AAC penhold Canada
prairie spring red wheat. Can. J. Plant Sci. 2017, 98, 207-214. https://doi.org/10.1139/cjps-2017-0186.



