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Abstract 17 

Intercrop breeding programs using genomic selection can produce faster genetic gain than intercrop 18 
breeding programs using phenotypic selection. Intercropping is an agricultural practice in which two 19 
or more component crops are grown together. It can lead to enhanced soil structure and fertility, 20 
improved weed suppression, and better control of pests and diseases. Especially in subsistence 21 
agriculture, intercropping has great potential to optimise farming and increase profitability. However, 22 
breeding for intercrop varieties is complex as it requires simultaneous improvement of two or more 23 
component crops that combine well in the field. We hypothesize that genomic selection can 24 
significantly simplify and accelerate the process of breeding crops for intercropping. Therefore, we 25 
used stochastic simulation to compare four different intercrop breeding programs implementing 26 
genomic selection and an intercrop breeding program entirely based on phenotypic selection. We 27 
assumed three different levels of genetic correlation between monocrop grain yield and intercrop grain 28 
yield to investigate how the different breeding strategies are impacted by this factor. We found that all 29 
four simulated breeding programs using genomic selection produced significantly more intercrop 30 
genetic gain than the phenotypic selection program regardless of the genetic correlation with monocrop 31 
yield. We suggest a genomic selection strategy which combines monocrop and intercrop trait 32 
information to predict general intercropping ability to increase selection accuracy in early stages of a 33 
breeding program and to minimize the generation interval. 34 

  35 
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1 Introduction 36 

Intercropping is an agricultural practice in which two or more component crops are grown together 37 
(Vandermeer 1989). A common combination is a cereal with a legume, such as maize with beans in 38 
Latin America (Zimmermann 1996), and finger millet and pigeon pea in India (Dass and Sudhishri 39 
2010). Intercropping can lead to enhanced soil structure and fertility, the conservation of soil moisture, 40 
improved weed suppression, and better control of pests and diseases, enabling greater yields and higher 41 
profitability (Brooker et al. 2015; Litrico and Violle 2015). It also allows for simultaneous cultivation 42 
of crops with different nutritional profiles, which can contribute to improving diets (Dawson et al. 43 
2019a) and to increasing the stability and resilience of food systems (Himmelstein et al. 2017; 44 
Raseduzzaman & Jensen, 2017). Due to these characteristics, intercropping has great potential to 45 
optimise farming, especially in subsistence agricultural systems, which has recently led to an increased 46 
interest in the development and evaluation of efficient intercrop production (Dawson et al. 2019b).  47 

Despite the potential benefits of intercropping, intercrop breeding has received only very little 48 
attention to date, with varieties specifically bred for intercrop production being unavailable (Brooker 49 
et al. 2015; Litrico and Violle 2015). This lack of attention is due to two major reasons: 50 

i) In advanced economies, major global crop species are predominantly grown as monocrops 51 
(Leff et al. 2004) and the majority of breeding programs are focused on generating varieties 52 
adapted to monocrop production (Acquaah 2012). 53 

ii) Intercrop breeding is more complex than monocrop breeding. Breeding for intercrop 54 
production requires the optimization of two or more component crops simultaneously 55 
(Wright 1985; Francis 1981); intercrop varieties ideally exhibit both a high per se 56 
performance and combine well with the other component crops (Davis and Woolley 1993). 57 

As a result, the literature on intercrop breeding methodology is rare (Hill, 1996; Wright, 1985; 58 
Hamblin et al. 1976) and almost no progress in approaches has been made over the last few decades. 59 
The crop varieties currently used for intercropping have typically been bred for monocrop production, 60 
and most often their performance in intercropping has not even been evaluated in advance (Brooker et 61 
al. 2015), strongly restricting the potential benefits of this practice. 62 

Genomic selection offers many opportunities to address the complexity of intercrop breeding 63 
programs and aid the simultaneous improvement of two or more component crops that combine well 64 
in the field. Genomic selection uses associations between genome-wide markers and phenotypic 65 
performance to predict the value of genotypes based on their genomic markers  (Hickey et al. 2017; 66 
Lorenz et al. 2011; Meuwissen et al. 2001). In the context of an intercrop breeding program, genomic 67 
selection could be used in several ways to increase the rate of genetic gain: 68 

(i) Selection accuracy can be increased for individual performance and combined performance 69 
of the component crops in an intercrop. 70 

(ii) The generation interval can be reduced, since new crossing parents can be selected based 71 
on their genomic predicted values as soon as they are genotyped. 72 

(iii) Selection intensity can be increased, since thousands of potential intercrop combinations 73 
could be evaluated without testing all of them in the field. 74 
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We hypothesize that genomic selection can significantly simplify and accelerate the process of 75 
breeding crops for intercropping. To test our hypothesis, we used stochastic simulation to compare four 76 
different intercrop breeding programs implementing genomic selection and an intercrop breeding 77 
program using phenotypic selection only. We assumed three different levels of genetic correlation 78 
between monocrop grain yield and intercrop grain yield to investigate how the different breeding 79 
strategies are impacted by this factor. All four breeding programs using genomic selection produced 80 
significantly more intercrop genetic gain than the phenotypic selection program, regardless of the 81 
genetic correlation. We suggest a genomic selection strategy which combines monocrop and intercrop 82 
trait information to predict general intercropping ability to increase selection accuracy in early stages 83 
of a breeding program and to minimize the generation interval. 84 

 85 

2 Material and Methods 86 

Stochastic simulations were used to evaluate the potential of genomic selection for intercrop 87 
breeding. We compared four different intercrop breeding programs implementing genomic selection 88 
and an intercrop breeding program using phenotypic selection for long-term efficacy for maximizing 89 
intercrop grain yield. Below, we have subdivided the material and methods into three sections that 90 
describe first the simulation of the founder genotype population; second, the simulation of the recent 91 
(burn-in) breeding phase using a phenotypic selection breeding program; and third, the simulation of 92 
the future breeding phase to compare four different genomic selection breeding programs to the 93 
phenotypic selection breeding program. These topics are briefly reviewed below before detail is 94 
provided. 95 

Simulation of the founder genotype population 96 

i) Genome simulation: a genome sequence was simulated for two hypothetical component 97 
crops in an intercrop production.  98 

ii) Simulation of founder genotypes: the simulated genome sequences were used to generate a 99 
base population of 100 founder genotypes for each of the two component crops. 100 

iii) Simulation of genetic values: for each of the two component crops, two traits were 101 
simulated, representing monocrop grain yield and intercrop grain yield. Genetic values for 102 
the two traits were calculated by summing the additive genetic effects for both traits at 103 
10,000 quantitative trait nucleotides (QTN) and three different genetic correlations (0.4, 104 
0.7, 0.9) were simulated. 105 

iv) Simulation of phenotypes: phenotypes were simulated for monocrop grain yield and 106 
intercrop grain yield. Phenotypes representing monocrop grain yield were generated by 107 
adding random error to the genetic values for monocrop grain yield. Phenotypes 108 
representing intercrop grain yield were generated by adding random error to the mean 109 
genetic values for intercrop grain yield of two genotypes from both component crops. 110 

Simulation of the recent (burn-in) breeding phase 111 

A phenotypic selection breeding program was simulated for 20 years (burn-in) to provide a 112 
common starting point for the comparison of the different intercrop breeding programs during the 113 
future breeding phase. 114 
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Simulation of the future breeding phase  115 

Four different genomic selection breeding programs were simulated and compared to the 116 
phenotypic selection breeding program for an additional 20 years of future breeding. The four 117 
genomic selection breeding programs included three variations of a Conventional genomic selection 118 
breeding program and a Grid genomic selection breeding program.  119 

 120 

2.1 Simulation of the founder genotype population 121 

2.1.1 Genome simulation 122 
Genome sequences were simulated for two hypothetical component crops used in intercropping. 123 

For modelling purposes, the two crops’ genomes were assumed to have the same characteristics. Each 124 
genome sequence consisted of 10 chromosome pairs. Each chromosome had a genetic length of 1.43 125 
Morgans and a physical length of 8x108 base pairs. The chromosome sequences were generated using 126 
the Markovian coalescent simulator (MaCS, Chen et al. 2009) implemented in AlphaSimR (Gaynor et 127 
al. 2020; R Core Team 2019). Recombination rate was derived as the ratio between genetic length and 128 
physical length (i.e., 1.43 Morgans/8x108 base pairs = 1.8x10-9 per base pair). The per-site mutation 129 
rate was set to 2x10-9 per base pair. Effective population size was set to 50, with linear piecewise 130 
increases up to 32,000 at 100,000 generations ago, as described by Gaynor et al. (2017). 131 

2.1.2 Simulation of founder genotypes 132 
The simulated genome sequences were used to generate a base population of 100 founder 133 

genotypes in Hardy-Weinberg equilibrium, for each of the two component crop species. These 134 
genotypes were formed by randomly sampling 10 chromosome pairs per genotype. A set of 1,000 bi-135 
allelic QTNs and 2,000 single nucleotide polymorphisms (SNP) were randomly selected along each 136 
chromosome. This was done to simulate the structure of a quantitative trait that was controlled by 137 
10,000 QTN and a SNP marker array with 20,000 genome-wide SNP markers. The founder genotypes 138 
were converted to doubled haploids (DH) and served as initial parents in the burn-in phase. 139 

2.1.3 Simulation of genetic values 140 
For each of the two component crops, two traits were simulated: 141 

i) Monocrop grain yield, representing the yield of a genotype under monocrop production. 142 

ii) Intercrop grain yield, representing the total yield of two genotypes, each from one of the 143 
two component crops, under intercrop production. 144 

Genetic values for the two traits were calculated by summing the additive genetic effects for both 145 
traits across all 10,000 QTN. Additive effects were sampled from a standard normal distribution and 146 
scaled to obtain an additive variance of 𝜎"# = 1 in the founder population, as described in detail in the 147 
vignette of the AlphaSimR package (Gaynor et al. 2020). 148 

Three different genetic correlations (0.4, 0.7 and 0.9) were simulated to represent different degrees 149 
of genotype-by-cropping interaction (Davis and Woolley 1993). 150 
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2.1.4 Simulation of phenotypes 151 
Phenotypes were simulated for monocrop grain yield and for intercrop grain yield. Phenotypes 152 

for monocrop grain yield were generated by adding random error to the genetic values for monocrop 153 
grain yield. The random error was sampled from a normal distribution with mean zero and error 154 
variance 𝜎&#, defined by the target level of heritability at each stage of a breeding program. Entry-mean 155 
values for narrow-sense heritability (ℎ#) in the founder population were set to 0.1 in the doubled 156 
haploid stage and 0.33 in the preliminary yield trial stage. Narrow-sense heritabilities in later breeding 157 
stages increased as a result of an increased number of replicates (r) per genotype (Tab. 1 and Tab. 2). 158 

Phenotypes for intercrop grain yield were generated by adding random error to the mean genetic 159 
values for intercrop grain yield of two genotypes from the two component crops. The following 160 
equation was used to calculate intercrop grain yield: 161 

𝑦),+), =
𝑎",)), + 𝑎/,+),

2 + 𝑒),+, 162 

where 𝑦),+),  is the intercrop grain yield, 𝑎",)),  is the genetic value for intercrop grain yield of genotype i 163 
from component crop A, 𝑎/,+),  is the genetic value for intercrop grain yield of genotype j from 164 
component crop B, and 𝑒),+ is the random error. The random error for intercrop grain yield was also 165 
sampled from a normal distribution with mean zero and error variance defined by the target level of 166 
heritability at each stage of a breeding program.  167 

Narrow-sense heritabilities for monocrop grain yield and intercrop grain yield were calculated 168 
as: 169 

ℎ# = 23
4

23
4526

4
78
. 170 

 171 

2.2 Simulation of the recent (burn-in) breeding phase 172 

The phenotypic selection breeding program was simulated for 20 years (burn-in) to provide a 173 
common starting point for the comparison of the five intercrop breeding programs during the future 174 
breeding phase.  175 

In brief, the four key features of the phenotypic selection breeding program (Fig. 1) were: 176 

i) A crossing block of 80 DH lines was used to develop 100 bi-parental populations each 177 
year for each of the two component crops. 178 

ii) New DH lines were developed from each bi-parental cross. 179 

iii) A two-year monocrop testing phase, in which monocrop grain yield was evaluated for 180 
each of the two component crop species, respectively. 181 

iv) A four-year intercrop testing phase, in which intercrop grain yield was evaluated for 182 
each intercrop combination of two genotypes from the two component crops. New 183 
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parents were selected in the second year of the intercrop testing phase, giving a 184 
generation interval of five years. 185 

The time from crossing to the release of a pair of component crop varieties for intercrop 186 
production was seven years. 187 

In what follows, the four key features of the phenotypic selection breeding program are 188 
explained in more detail. Simulation parameters, including heritability, the number of trial replications, 189 
and the number of tested genotypes at each stage of the breeding program, are shown in Table 1. In the 190 
context of the phenotypic selection breeding program for intercropping varieties, we introduce the 191 
following terms: 192 

i) Probe variety: represents a genotype of one of the two component crops that has good 193 
intercropping ability with genotypes from the other component crop. It is comparable to a 194 
tester in a hybrid breeding program, which is used to evaluate the general combining ability 195 
of genotypes from one heterotic pool with another heterotic pool. 196 

ii) General intercropping ability (GIA): the average intercrop grain yield of a genotype from 197 
one component crop grown with genotypes from the other component crop. It is evaluated 198 
using one or several probe genotypes from the other component crop. 199 

iii) Specific intercropping ability (SIA): the intercrop grain yield of a specific intercrop 200 
combination of two genotypes from the two component crops. 201 

Crossing block (year 1) 202 

Each year, for each crop, a crossing block of 80 DH lines was used to produce 100 bi-parental 203 
crosses (Tab. 1). Parental combinations were chosen at random from all 3,160 possible pairwise 204 
combinations.  205 

Development of doubled haploids (year 2) 206 

From each bi-parental cross, 50 DH lines were produced for each of the two component crops. 207 
The resulting 5,000 DH lines per crop were advanced to the monocrop testing phase and tested in the 208 
same year. 209 

Monocrop testing phase (years 2 and 3) 210 

The monocrop testing phase spanned two years. Performance was evaluated as monocrop grain 211 
yield. Monocrop testing included the doubled haploid stage (DH stage, year 2) and the preliminary 212 
yield trial stage (PYT stage, year 3). In the DH stage, seed was increased and phenotypic selection was 213 
based on single plants within each bi-parental cross, to ensure there was variation in the later stages. 214 
In the PYT stage, phenotypic selection was based on multi-location trial plots (Tab. 1). 215 

Intercrop testing phase (year 4 to 7) 216 

The intercrop testing phase spanned four years. Performance was evaluated as intercrop grain 217 
yield, i.e., the total yield from both simultaneously grown genotypes of the two component crops. The 218 
intercrop testing phase included two general intercropping ability testing stages (GIA1, year 4; and 219 
GIA2, year 5) and two specific intercropping ability testing stages (SIA1, year 6; and SIA2, year 7).  220 
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In the GIA1 stage, phenotypic selection was based on general intercropping ability in a yield 221 
trial with one probe variety. In the GIA2 stage, phenotypic selection was based on general 222 
intercropping ability using three probe varieties. Each year, the 4 best performing genotypes from the 223 
GIA2 stage replaced the probe varieties from the previous year. New parents were selected in the GIA1 224 
stage. Each year, the 20 best performing genotypes from the GIA1 stage were used to replace the 20 225 
oldest parents in the crossing block. Hence, every genotype stayed in the crossing block for four 226 
crossing cycles. The generation interval was five years.  227 

In the SIA1 stage, all possible pairwise combinations of the selected lines were tested in a yield 228 
trial. In the SIA2 stage, the best combinations from the SIA1 stage were tested in a multi-location trial 229 
(Tab. 1). The highest yielding intercrop combination was then released as an intercrop variety 230 
combination. 231 

 232 

2.3 Simulation of the future breeding phase 233 

The future breeding phase was used to evaluate the phenotypic selection breeding program and 234 
the four genomic selection breeding programs for an additional 20 years of breeding. The genomic 235 
selection breeding programs included three variations of a Conventional genomic selection breeding 236 
program and a Grid-GS breeding program. The three Conventional genomic selection breeding 237 
programs replaced phenotypic selection by genomic selection at different stages of the phenotypic 238 
selection breeding program (Fig. 1). They comprised a Baseline-GS, a PYT-GS and a DH-GS breeding 239 
program. The Grid-GS breeding program reorganized the phenotypic selection breeding program to 240 
enable the evaluation of a greater number of specific intercrop combinations using genomic selection. 241 
Details on all programs are given below. 242 

In order to obtain approximately equal annual operating costs, the number of doubled haploids 243 
per bi-parental cross was reduced in the genomic selection breeding programs to compensate for 244 
additional costs due to genotyping. Table 1 shows the resources used for the phenotypic selection 245 
breeding program and the three Conventional genomic selection breeding programs. Table 2 shows the 246 
resources used for the Grid-GS breeding program. Estimated applied costs in calculations were $20 247 
per monocrop test plot, $50 per intercrop test plot, $35 for producing a doubled haploid line and $20 248 
for producing a single genotype by array genotyping. 249 

2.3.1 The Baseline genomic selection breeding program (Baseline-GS) 250 
In the Baseline-GS breeding program, genomic selection was used to replace phenotypic 251 

selection in the PYT stage and in the GIA1 stage. Each year, the best 20 genotypes from the GIA1 252 
stage were selected as new parents using genomic selection to replace the oldest 20 parents in the 253 
crossing block. As for the phenotypic selection breeding program, the generation interval was 5 years. 254 

  255 
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2.3.2 The Preliminary yield trial genomic selection breeding program (PYT-GS) 256 
In the PYT-GS breeding program, genomic selection was used to replace phenotypic selection 257 

in the PYT stage and in the GIA1 stage. Each year, the best 80 genotypes from the PYT stage and last 258 
year’s crossing block were selected as new parents using genomic selection. 259 

2.3.3 The Doubled haploid genomic selection breeding program (DH-GS) 260 
In the DH-GS breeding program, genomic selection was used to replace phenotypic selection in 261 

the DH stage, the PYT stage and the GIA1 stage. Each year, 80 genotypes from the DH stage were 262 
selected as new parents to replace the entire last year’s crossing block. As preliminary results showed 263 
a rapid decrease in genetic variance when the best 80 genotypes were selected, we implemented a 264 
maximum avoidance crossing scheme using genomic selection to reduce the rate of decrease (Kimura 265 
and Crow 1963). 266 

2.3.4 Genomic selection model for the three Conventional genomic selection breeding programs  267 
The three Conventional genomic selection breeding programs used a multivariate ridge 268 

regression genomic selection model (RR-BLUP) to obtain genomic predictions of general 269 
intercropping abilities (gGIA) for each component crop separately. 270 

In this model, monocrop grain yield from the PYT stage and mean intercrop grain yield with one 271 
or three probes respectively from the GIA1 and the GIA2 stage were fitted simultaneously. Genomic 272 
predictions of general intercropping ability can be directly calculated using intercrop grain yield from 273 
the GIA1 and the GIA2 stage as phenotypic information. In addition, the multivariate model uses 274 
information on monocrop grain yield, which was included as a correlated trait.  275 

The following model was used: 276 

 277 

𝐲 = 𝐗𝐛 + 𝐙𝐚 + 𝐞, 278 

expanded in matrix form as: 279 

?
𝐲𝐦	
𝐲𝐢𝐜𝟏
𝐲𝐢𝐜𝟐

F = 	 ?
𝐗𝐦 𝟎 𝟎
𝟎 𝐗𝐢𝐜𝟏 𝟎
𝟎 𝟎 𝐗𝐢𝐜𝟐

F ?
𝐛𝐦
𝐛𝐢𝐜𝟏
𝐛𝐢𝐜𝟐

F + ?
𝐙𝐦 𝟎
𝟎 𝐙𝐢𝐜𝟏
𝟎 𝐙𝐢𝐜𝟐

F H
𝐚𝐦
𝐚𝐢𝐜I + ?

𝐞𝐦	
𝐞𝐢𝐜𝟏
𝐞𝐢𝐜𝟐

F, 280 

where 𝐲𝐦	, 𝐲𝐢𝐜𝟏	and 𝐲𝐢𝐜𝟐	 respectively denote the vectors of monocrop grain yield from the PYT 281 
stage, and mean intercrop grain yield with one or three probes from the GIA1 and the GIA2 stage; 282 
𝐛𝐦,	𝐛𝐢𝐜𝟏and 𝐛𝐢𝐜𝟐 respectively denote the vectors for the fixed effects of year and stage for PYT, GIA1, 283 
and GIA2; 𝐚𝐦 and 𝐚𝐢𝐜 respectively denote the vectors of the marker effects for monocrop grain yield 284 
and intercrop grain yield; 𝐗𝐦, 𝐗𝐢𝐜𝟏, 𝐗𝐢𝐜𝟐, 𝐙𝐦, 𝐙𝐢𝐜𝟏 and 𝐙𝐢𝐜𝟐 denote the corresponding incidence 285 
matrices; and 𝐞𝐦, 𝐞𝐢𝐜𝟏and 𝐞𝐢𝐜𝟐	denote the corresponding vectors of residuals. 286 

Additive genetic (G) and residual (R) variance-covariance matrices were: 287 

𝐆 = var H
𝐚𝐦
𝐚𝐢𝐜I = N

𝜎"O
# 𝜎"O,PQ

𝜎"O,PQ 𝜎"PQ
# R, 288 
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𝐑 = var ?
𝐞𝐦	
𝐞𝐢𝐜𝟏
𝐞𝐢𝐜𝟐

F =

⎣
⎢
⎢
⎢
⎡𝜎&

#
𝑟X8 𝟎 𝟎

𝟎 𝜎&# 𝑟),Y8 𝟎

𝟎 𝟎 𝜎&# 𝑟),#8 ⎦
⎥
⎥
⎥
⎤

, 289 

where	𝜎"O
# and 𝜎"PQ

#  respectively denote the additive genetic variances for monocrop grain yield 290 
and intercrop grain yield, and	𝜎"O,PQ denotes the additive genetic covariance between the two traits; and 291 
𝜎&#	denotes the residual variance. R modelled heterogeneous residual variances by weighting 𝜎&#	for the 292 
effective number of replications (r) in a particular stage (Tab. 2). To reduce computation time, additive 293 
genetic variances were assumed known and calculated each year using the true additive genetic effects. 294 

The initial training population at the start of the future breeding phase consisted of all genotypes 295 
from the PYT stage of the last five years of the burn-in phase. This training population consisted of 296 
2,500 genotypes and 2,739 phenotypic records from the PYT, the GIA1 and the GIA2 stages. In every 297 
year of the future breeding phase, 500 new genotypes from the PYT stage were added to the training 298 
population, as well as 500, 50 and 13 new phenotypic records from the PYT, the GIA1 and the GIA2 299 
stages, respectively. The training population was updated using a 5-year sliding window approach, in 300 
which it always contained the most recent 5 years of training data. 301 

2.3.5 Grid genomic selection breeding program (Grid-GS) 302 
The Grid genomic selection breeding program reorganized the phenotypic selection breeding 303 

program to enable the evaluation of a greater number of specific intercrop combinations using genomic 304 
selection (Fig. 2). To achieve this, the PYT, the GIA1 and GIA2 stages were replaced by a single grid 305 
stage. The reorganized program design also tested an increased number of specific intercrop 306 
combinations at the SIA1 and the SIA2 stages (Tab. 2). 307 

The Grid stage involved field testing of 900 intercrop combinations. At first, genomic 308 
prediction of general intercropping ability (gGIA) was used at the DH stage to select the best 500 DH 309 
lines from each component crop. From all 250,000 possible intercrop combinations between the 500 310 
DH lines from each component crop, 900 were randomly sampled for field testing at a single location 311 
(Tab. 2).  312 

Genomic predictions of general intercropping ability were calculated for all 250,000 intercrop 313 
combinations using the following equation: 314 

𝑔𝐺𝐼𝐴),+), =
𝑔𝐺𝐼𝐴",) + 𝑔𝐺𝐼𝐴/,+

2 , 315 

where 𝑔𝐺𝐼𝐴),+),  is the mean genomic-predicted general intercropping ability; and 𝑔𝐺𝐼𝐴",) and 316 
𝑔𝐺𝐼𝐴/,) are respectively the genomic-predicted general intercropping abilities of the i-th and j-th 317 
genotypes of component crops A and B. The best 50 predicted intercrop combinations were then 318 
advanced to the SIA1 stage (compared to nine intercrop combinations in the phenotypic selection 319 
breeding program and the three Conventional genomic selection breeding programs). 320 

Each year, 80 genotypes from the DH stage were selected as new parents to replace the entire 321 
last year’s crossing block. As preliminary results showed a rapid decrease in genetic variance when the 322 
best 80 genotypes were selected, we implemented a maximum avoidance crossing scheme with 323 

.CC-BY-NC-ND 4.0 International licenseavailable under a
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made 

The copyright holder for this preprintthis version posted September 11, 2020. ; https://doi.org/10.1101/2020.09.11.292912doi: bioRxiv preprint 

https://doi.org/10.1101/2020.09.11.292912
http://creativecommons.org/licenses/by-nc-nd/4.0/


 
11 

genomic selection to reduce the rate of decrease (Kimura and Crow 1963). The generation interval was 324 
two years and the total length of the breeding program from initial crosses to the release of the intercrop 325 
variety pair was five years. 326 

2.3.6 Genomic selection model for the Grid-GS breeding program 327 
Genomic predictions of general intercropping ability were calculated using a ridge regression 328 

model (RR-BLUP) which predicted marker effects for both component crops simultaneously based on 329 
intercrop grain yield. 330 

The following model was used: 331 

𝐲 = 𝐗𝐛 + 𝐙𝐀𝐚𝐀 + 𝐙𝐁𝐚𝐁 + 𝐞, 332 

expanded in matrix form as: 333 

𝐲𝐢𝐜 = 𝐗𝐛 + c𝐙𝐀 𝟎
𝟎 𝐙𝐁

d H
𝐚𝐀
𝐚𝐁I + 𝐞𝐢𝐜, 334 

where 𝐲𝐢𝐜 denotes the vector of intercrop grain yield from the Grid, SIA1 and SIA2 stages; 𝐛 335 
denotes the vector for fixed effects of year and stage for Grid, SIA1, and SIA2; 𝐚𝐀 and 𝐚𝐁 respectively 336 
denote the vectors of the marker effects for intercrop grain yield in component crops A and B;	𝐗, 𝐙𝐀	and 337 
𝐙𝐁 denote the incidence matrices; and 𝐞𝐢𝐜 denotes the vector of residual effects.  338 

The residual (R) variance-covariance matrix modelled heterogeneous residual variances by 339 
weighting 𝜎&#	for the effective number of replications (r) in a particular stage (Tab. 4), as described for 340 
the genomic selection model used in the Conventional genomic selection breeding programs. To reduce 341 
computation time, additive genetic variances were assumed known and calculated each year using the 342 
true additive genetic effects. 343 

To initialise the training population, the Grid stage was already simulated during the last five 344 
years of the burn-in breeding phase. For each of the five years, the best 23 genotypes at the PYT stage 345 
for each component crop were selected based on their genomic-predicted general intercropping 346 
abilities. These selected genotypes were then used to generate all 529 possible intercrop combinations, 347 
which were then tested in the field. At the beginning of the future breeding phase, the initial training 348 
population thus consisted of 115 genotypes from each component crop and 2,645 intercrop grain yield 349 
phenotypes (5 x 529 different intercrop combinations). In every year of the future breeding phase, 500 350 
new genotypes from each component crop were added to the training population, as well as 900, 50 351 
and 8 intercrop grain yield records respectively from the Grid, SIA1 and SIA2 stages. The training 352 
population was updated using a 5-year sliding window approach, in which the training population 353 
always contained the most recent five years of data. This training population contained a total of 2,500 354 
genotypes and 4,790 phenotypic records. 355 

 356 

2.4 Comparison of the intercrop breeding program designs 357 

The performance of the five intercrop breeding programs (the four using genomic selection and 358 
the phenotype-alone comparison) was evaluated by measuring the mean intercrop genetic value over 359 
time in the DH stage of both component crops as follows: 360 
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𝑎e",/), =
𝑎e"), + 𝑎e/),

2 , 361 

with 𝑎e"),  and 𝑎e/),  being the mean intercrop genetic values of the genotypes in the DH stage from 362 
component crops A and B, respectively. Mean intercrop genetic values of the two component crops 363 
were centered at 0 for the last year of the burn-in breeding phase. Intercrop genetic variance was 364 
measured as variance of the mean intercrop genetic values. Direct comparisons between breeding 365 
program designs for intercrop genetic gain and intercrop genetic variance were reported as ratios. These 366 
were calculated by performing a paired t-test (Welch) on log-transformed values from the 30 simulation 367 
replicates; the log-transformed differences from the t-test were then back-transformed to obtain ratios 368 
(Tab. S5; Gaynor et al. 2017). 369 

Prediction accuracy was evaluated as the correlation coefficient between the true and predicted 370 
performance at the DH stage. In the phenotypic selection breeding program, the phenotype served as a 371 
predictor of intercropping ability. Prediction accuracy was evaluated as the correlation between the 372 
phenotypic value (i.e., monocrop grain yield) and true intercrop genetic value. In all four genomic 373 
selection breeding programs, prediction accuracy was measured as the correlation between the 374 
genomic-predicted general intercropping ability and the true intercrop genetic value of the doubled 375 
haploids. 376 

Comparisons of the five breeding programs were done under three different levels of annual 377 
operating budget: (i) a ‘large’ budget (US $1M); (ii) a ‘medium’ budget (US $500K); and (iii) a ‘small’ 378 
budget (US $250K). Since the results for all our breeding programs showed similar rankings across 379 
these budgets, the methods presented above and the results presented below are described only for the 380 
medium budget scenario (Tab. 1 and Tab. 2). The parameters applied for breeding program designs 381 
and the results of the simulations at other budget levels are presented in the Supplementary Materials 382 
(Tab. S1, S2, S3, and S4; Fig. S1 and S2). 383 

 384 

3 Results 385 

Our results show that intercrop breeding programs using genomic selection can produce faster 386 
genetic gain than an intercrop breeding program using only phenotypic selection. All four breeding 387 
programs using genomic selection produced more intercrop genetic gain than the phenotypic selection 388 
breeding program, regardless of the genetic correlation between monocrop grain yield and intercrop 389 
grain yield. However, the three Conventional genomic selection breeding programs produced 390 
increasingly more genetic gain when the genetic correlation between monocrop grain yield and 391 
intercrop grain yield increased, while the Grid-GS breeding program produced slightly less genetic 392 
gain when the genetic correlation increased. The DH-GS breeding program always produced the most 393 
genetic gain among the three Conventional genomic selection breeding programs. Intercrop breeding 394 
using genomic selection also gave a faster reduction in genetic variance than intercrop breeding with 395 
phenotypic selection, regardless of the genetic correlation between monocrop yield and intercrop yield. 396 
Selection accuracy for intercropping ability was higher when genomic selection was compared to 397 
phenotypic selection. Selection accuracy in the three Conventional genomic selection breeding 398 
programs and the phenotypic selection breeding program increased when the genetic correlation 399 
between monocrop grain yield and intercrop grain yield increased, while selection accuracy in the Grid-400 
GS breeding program was similar under different levels of genetic correlation. The general trends and 401 
rankings observed under the medium annual budget were representative of the trends observed under 402 
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low and high annual budgets. Our findings are discussed in more detail below in terms of gain, genetic 403 
variance and selection accuracy. 404 

 405 

3.1 Intercrop genetic gain 406 

Intercrop breeding using genomic selection produced faster genetic gain than intercrop breeding 407 
with phenotypic selection. This is shown in Figure 3, which plots intercrop genetic gain as mean 408 
intercrop genetic value in the DH stage for the entire future breeding phase. The three panels show 409 
intercrop genetic gain for the five simulated breeding programs under different levels of genetic 410 
correlation between monocrop grain yield and intercrop grain yield. All four breeding programs using 411 
genomic selection produced significantly more intercrop genetic gain than the phenotypic selection 412 
program under all three levels of genetic correlation between monocrop yield and intercrop yield. 413 

Figure 3 also shows that the three Conventional genomic selection breeding programs produced 414 
increasingly more genetic gain when the genetic correlation between monocrop grain yield and 415 
intercrop grain yield increased, while the Grid-GS breeding program produced slightly less genetic 416 
gain when the genetic correlation increased. As a result, the ranking of the four genomic selection 417 
breeding programs for genetic gain was dependent on the level of genetic correlation. When the genetic 418 
correlation was low (0.4), the Grid-GS breeding program produced the most genetic gain over time, 419 
closely followed by the DH-GS breeding program. Both breeding programs produced more than twice 420 
the genetic gain of the phenotypic selection breeding program. However, when the genetic correlation 421 
was high (0.9), the Grid-GS breeding program produced less genetic gain than all three Conventional 422 
genomic selection breeding programs. It generated 1.3 times the gain of the phenotypic selection 423 
breeding program, while the DH-GS breeding program produced 2.5 times the genetic gain of the 424 
phenotypic selection breeding program. 425 

Figure 3 also shows that the DH-GS breeding program always produced the most genetic gain of 426 
the three Conventional genomic selection breeding programs, followed by PYT-GS and Baseline-GS 427 
breeding programs. The relative performance of the DH-GS breeding program compared to the other 428 
two Conventional genomic selection breeding programs increased when the genetic correlation 429 
between monocrop grain yield and intercrop grain yield increased. When the genetic correlation was 430 
low (0.4), the DH-GS breeding program generated 1.2 times the genetic gain of the PYT-GS breeding 431 
program and 1.6 the gain of the Baseline-GS breeding program. When the genetic correlation was high 432 
(0.9), it generated 1.3 times the genetic gain of the PYT-GS breeding program and twice the gain of 433 
the Baseline-GS breeding program. 434 

All breeding programs produced more genetic gain when the annual operating budget was high 435 
(Tab. S5; Fig S2a) and less genetic gain when the annual operating costs were low (Tab. S5; Fig S1a). 436 
The general trends and rankings observed under the medium annual budget were representative of the 437 
trends observed under low and high annual budgets. 438 

3.2 Intercrop genetic variance 439 

Intercrop breeding using genomic selection gave a faster reduction in genetic variance than 440 
intercrop breeding with phenotypic selection. This is shown in Figure 4, which plots the genetic 441 
variance of the intercrop genetic values in the DH stage for the entire future breeding phase. All four 442 
breeding programs using genomic selection gave a faster reduction in genetic variance than the 443 
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phenotypic selection breeding program under all three levels of genetic correlation between monocrop 444 
yield and intercrop yield. 445 

Figure 4 also shows that the Grid-GS breeding program gave the fastest reduction in genetic 446 
variance at the end of the future breeding phase under all three levels of genetic correlation. The 447 
Baseline-GS breeding program gave the slowest reduction in genetic variance among the four breeding 448 
programs using genomic selection. The DH-GS and the PYT-GS breeding programs always showed a 449 
similar reduction in genetic variance and ranked between the other two breeding programs using 450 
genomic selection. However, these two breeding programs became more similar to the Grid-GS 451 
breeding program as the genetic correlation increased. When the genetic correlation was high (0.9), the 452 
Grid-GS, the PYT-GS and the DH-GS breeding programs all showed a similar reduction in genetic 453 
variance at the end of the future breeding phase. 454 

All breeding programs gave a faster reduction in genetic variance when the annual operating 455 
budget was high (Fig S1b) and a slower reduction in genetic variance when annual operating costs 456 
were low (Fig S2b). The general trends observed under the medium annual budget were representative 457 
of the trends observed under low and high annual budgets. 458 

3.3 Genomic selection accuracy 459 

Genomic selection for intercropping ability was more accurate than phenotypic selection for 460 
intercropping ability. This is shown in Figure 5, which plots the mean selection accuracy for general 461 
intercropping ability in the DH stage for the entire future breeding phase. All four breeding programs 462 
using genomic selection showed on average higher accuracy than the phenotypic selection breeding 463 
program under all three levels of correlation between monocrop yield and intercrop yield.  464 

Figure 5 also shows that selection accuracy for intercropping ability in the three Conventional 465 
genomic selection breeding programs and the phenotypic selection breeding program increased when 466 
the genetic correlation between monocrop grain yield and intercrop grain yield increased. Selection 467 
accuracy in the Grid-GS breeding program, on the other hand, was on average similar under all three 468 
levels of genetic correlation. When the genetic correlation was low (0.4), all four breeding programs 469 
using genomic selection showed on average a relatively similar selection accuracy. However, when the 470 
genetic correlation was high (0.9), the three Conventional genomic selection breeding programs 471 
showed a significantly higher selection accuracy than the Grid-GS breeding program. During most of 472 
the future breeding phase, the selection accuracy of the Grid-GS breeding program was even lower 473 
than the selection accuracy of the phenotypic selection breeding program. 474 

The four breeding programs using genomic selection showed a higher selection accuracy when 475 
the annual operating budget was high (Tab. S5; Fig S1a) and a lower selection accuracy when the 476 
annual operating costs were low (Tab. S5; Fig S2a). The general trends observed under the medium 477 
annual budget were representative of the trends observed under low and high annual budgets. 478 

  479 
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4 Discussion 480 

High-performance intercrop production systems require more efficient intercrop breeding 481 
approaches that make use of advances in breeding (Dawson et al., 2019b). While it offers potential 482 
advantages, genomic selection also incurs additional costs, so it is necessary to understand the balance 483 
between benefits and costs. Stochastic simulations are becoming widely used to explore the efficiency 484 
of genomic selection in single species breeding only (e.g. Muleta et al. 2019; Gorjanc et al. 2018; 485 
Gaynor et al. 2017), but to our knowledge our use of simulations to explore genomic selection’s value 486 
for intercrop breeding is unique. Through simulations, we have shown that intercrop breeding programs 487 
using genomic selection can produce faster genetic gain than intercrop breeding programs which use 488 
phenotypic selection, working to a common cost basis that reflects the resources available for a 489 
mediumly-invested breeding initiative.  490 

To discuss our results, we first examine the value of genomic selection to increase selection 491 
accuracy and reduce the generation interval in breeding crops for intercrop production. We also explain 492 
that maximising the rate of genetic gain using genomic selection can significantly increase genetic gain 493 
in the short term, but may impair long-term genetic gain due to rapid depletion of genetic variance. We 494 
then describe the value of strategies which reduce the loss of genetic variance to solve this problem, 495 
such as maximum avoidance crossing schemes or optimal contribution selection. We explain why the 496 
performance of the different genomic selection breeding programs was dependent on the genetic 497 
correlation between monocrop grain yield and intercrop grain yield, and we conclude that the DH-GS 498 
breeding program should be used in intercrop breeding unless the genetic correlation between the two 499 
traits is known to be low. We finish by discussing the major limitations of our simulations and explain 500 
why we believe that our results are still valid in the context of real-world intercrop breeding programs. 501 

 502 

4.1 Genomic selection increases intercrop genetic gain 503 

In phenotypic selection breeding programs, new crossing parents are usually selected after several 504 
years of intensive testing in multiple environments. This enables high selection accuracies but also 505 
results in long generations intervals, substantially restricting the rate of genetic gain. Replacing 506 
phenotypic selection by genomic selection increases selection accuracy in early testing stages and 507 
thereby allows for selection of new parents based on their genomic predicted performance as soon as 508 
they can be genotyped. Our observations showed that all the intercrop breeding programs using 509 
genomic selection that we tested produced faster genetic gain than the phenotypic selection breeding 510 
program. This was observed regardless of the genetic correlation between monocrop grain yield and 511 
intercrop grain yield, and under three operating budgets. We observed that the major drivers of 512 
increased genetic gain were both an increased selection accuracy in early selection stages and a 513 
reduction of the generation interval. Our results were consistent with those of Gaynor et al. (2017) who 514 
used stochastic simulations to evaluate genomic selection strategies in plant breeding programs for 515 
developing inbred lines. We refer the reader to this study for a more detailed analysis of the relationship 516 
between genetic gain, the generation interval and prediction accuracy. As a consequence of increased 517 
selection accuracy and the reduced generation interval, all four genomic selection breeding programs 518 
also showed a faster reduction in genetic variance over time compared to the phenotypic selection 519 
breeding program. We discuss particular features of our findings in more detail below. 520 
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4.1.1 Genomic selection accelerates the reduction of intercrop genetic variance over time 521 
We found that all intercrop breeding programs using genomic selection showed a faster 522 

reduction of genetic variance than the phenotypic selection breeding program. As genomic selection 523 
improved the conversion of genetic variance into genetic gain, the accelerated reduction of intercrop 524 
genetic variance was a direct outcome of the increased selection accuracy and the reduced generation 525 
interval. While maximising this conversion will significantly increase the rate of genetic gain in the 526 
short term, the long-term genetic gain may be impaired due to a rapid depletion of genetic variance. 527 
To solve this problem, maximum avoidance crossing schemes can be used, which maintain genetic 528 
variation by selecting the best genotypes within families while ensuring that each family equally 529 
contributes to the next generation (Kimura and Crow 1963). In this way, an over-representation of the 530 
top families in future generations is prevented.  531 

We experimented with this approach by applying a maximum avoidance crossing scheme in 532 
the DH-GS and the Grid-GS breeding programs, as initial simulations using genomic truncation 533 
selection of new parents resulted in rapid exhaustion of genetic variance. The approach was successful, 534 
but a downside of maximum avoidance crossing schemes is that they require a closed population with 535 
a constant number of families and a minimum number of progeny per family to ensure the least related 536 
crosses are made each generation. While these requirements can be easily met within a simulation 537 
framework, practical application of a maximum avoidance crossing scheme may be more challenging, 538 
as breeders might introduce new genetic material to their breeding population, and not every crossing 539 
event might produce seed. Other, more complex, strategies might be more suitable to reduce the loss 540 
of genetic variation in real-world breeding programs, such as optimal contribution selection and 541 
crossing (Gorjanc et al. 2018; Akdemir & Sánchez, 2016; Sonesson et al. 2012; Meuwissen, 1997), 542 
and exploring these could be a feature of future work. 543 

4.1.2 The DH-GS breeding program produces the most genetic gain when the genetic correlation 544 
between monocrop yield and intercrop yield is medium to high 545 

In our simulations the DH-GS breeding program produced approximately two times the genetic 546 
gain of the Grid-GS breeding program and approximately 2.5 times the genetic gain of the phenotypic 547 
selection breeding program when the genetic correlation between monocrop yield and intercrop yield 548 
was medium to high (0.7 and 0.9). The DH-GS scheme benefited from a short generation interval and 549 
an increased selection accuracy in the DH, PYT and GIA1 stages. 550 

To obtain genomic predictions of general intercropping abilities for each component crop, the 551 
DH-GS breeding program used a multivariate genomic selection model which fitted monocrop grain 552 
yield and intercrop grain yield simultaneously. While phenotypic information on intercrop yield came 553 
from the GIA1 and the GIA2 stages, the multivariate model enabled us to extract additional information 554 
from monocrop yield phenotypes due to the genetic correlation between monocrop yield and intercrop 555 
yield. This additional information resulted in increased selection accuracy when the correlation was 556 
medium to high. While novel in the context of intercrop breeding, the use of correlated traits in 557 
multivariate genomic models is a well-known approach to improve prediction accuracy with wide 558 
application in plant and animal breeding (Jia & Jannink, 2012; Calus & Veerkamp, 2011).  559 

 The same multivariate genomic selection model was also used in the Baseline-GS and the PYT-560 
GS breeding programs. These two breeding programs also outperformed the phenotypic selection 561 
breeding program regardless of the genetic correlation between monocrop yield and intercrop yield, 562 
but produced less genetic gain than the DH-GS breeding program. The PYT-GS breeding program 563 
benefited from an increased selection accuracy and a reduced generation interval compared to the 564 
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phenotypic selection breeding program. The Baseline-GS breeding program did not reduce the 565 
generation interval. It was used to demonstrate the increase in selection accuracy when genomic 566 
selection is used compared to phenotypic selection. 567 

4.1.3 The Grid-GS breeding program is advantageous when genetic correlation is low 568 
 In our modelling the Grid-GS breeding program produced approximately 1.2 times the genetic 569 
gain of the DH-GS breeding program and approximately 2.3 times the genetic gain of the phenotypic 570 
selection breeding program when the genetic correlation between monocrop yield and intercrop yield 571 
was low (0.4). Our findings can be explained by the fact that the Grid-GS genomic selection model did 572 
not consider monocrop yield records, so it is unaffected by the genetic correlations between monocrop 573 
yield and intercrop yield, and prediction accuracies are similar under all correlations. When the genetic 574 
correlation was low, it therefore outperformed the DH-GS breeding program. However, under high 575 
genetic correlation, the training population size of the DH-GS breeding program was effectively 576 
increased by including phenotypic information from monocrop stages, while the training population in 577 
the Grid-GS stage was not affected by the level of genetic correlation. We hypothesize that a larger 578 
training population and a better sampling strategy of intercrop combinations in the Grid stage would 579 
further increase the predictive ability and performance of the Grid-GS breeding program. 580 

4.1.4 Unless the genetic correlations between monocrop and intercrop yield are known to be low, 581 
the DH-GS breeding program should be used 582 

 Unless the genetic correlation between monocrop yield and intercrop yield was low, the DH-583 
GS breeding program produced the most genetic gain. Even when the genetic correlation was 0.4, it 584 
was only slightly outperformed by the Grid-GS breeding program. These results indicate that the DH-585 
GS breeding program has great potential to improve breeding for intercrop production. 586 

In practical intercrop breeding programs, the genetic correlation between monocrop traits and 587 
intercrop traits will most likely be unknown and can change over time. The estimation of these 588 
parameters is difficult and requires large and costly experimental designs (Hill, 1996; Wright, 1985; 589 
Hamblin et al. 1976). When data for a precise decision-making process is not available, a strategy is 590 
required that delivers consistent performance across the whole parameter space. The DH-GS breeding 591 
program achieved substantially higher genetic gains than the phenotypic selection breeding program 592 
under all simulated correlations. Hence, we recommend that it is suitable for prompt implementation 593 
without prior knowledge about the level of genetic correlation.  594 

A further advantage of the DH-GS breeding program is that it is a relatively simple way to 595 
implement genomic selection on top of a phenotypic selection intercrop breeding program, as it only 596 
requires minor resource re-allocations to compensate for the extra cost of genotyping. The Grid-GS 597 
breeding program, on the other hand, requires extensive restructuring of the breeding program, which 598 
might be harder to realise, particularly in low- and middle-income countries with limited resources. 599 

 600 

4.2 Limitations of applying stochastic simulations for intercrop breeding program design 601 

Our simulations have revealed the value of applying genomic selection in intercrop breeding. 602 
However, they are based on various simplified assumptions and do not model the full complexity of 603 
an actual intercrop breeding program. In this section, we discuss the major limitations of our 604 
simulations and explain why we believe that our results remain valid for real-world intercrop breeding. 605 
In the below we will discuss in turn assumptions which impact genomic selection accuracy, 606 
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assumptions about making crosses and seed production, assumptions about the complexity of the 607 
breeding goal and assumptions about the absence of genotype-by-genotype interaction between the 608 
two component crops. 609 

4.2.1 Assumptions which impact genomic selection accuracy 610 
The intercrop prediction accuracies obtained in our simulations are likely to be higher than 611 

those realized under real-world conditions. Our simulations may be inflated because: the variance 612 
components provided to genomic models were estimated directly from the true simulation parameters; 613 
there were no genotyping or phenotyping errors in our data set; and we assumed additive gene action 614 
without epistasis and genotype-by-environment interaction. Although these factors may affect genomic 615 
selection accuracies in a practical breeding program, the magnitude of the differences between the best 616 
genomic selection breeding programs and the phenotypic selection breeding program we have observed 617 
lead us to believe that in a real-world situation the benefits of genomic selection would remain tangible. 618 

4.2.2 Assumptions about making crosses and seed production 619 
To minimize complexity, in our simulated breeding programs we assumed no differences in 620 

flowering time between crossing parents and that all crosses produce sufficient amounts of seed for 621 
immediate next step implementation. In real-world breeding, differences in maturity between potential 622 
crossing parents might reduce the number of possible crosses, while some crosses may not immediately 623 
produce enough seed, with additional seed multiplication steps required that prolong the breeding 624 
process. If dealing with a self-pollinating and an outcrossing component crop simultaneously, these 625 
issues might present the most significant challenge (Hamblin and Zimmermann 1986). As Hamblin et 626 
al. (1976) indicate, two self-pollinating crops with large seed production may be the simplest case for 627 
intercrop breeding. Breeding programs that use either phenotypic or genomic selection would be 628 
similarly affected by these seed production issues. We thus assume that the relative performance of the 629 
different breeding programs would be similar under more realistic crossing scenarios. 630 

4.2.3 Assumptions about the complexity of the breeding goal 631 
In our analysis, comparisons between breeding programs were based on a single quantitative 632 

trait representing intercrop grain yield. We also assumed that both component crops equally contributed 633 
to intercrop grain yield and its economic value. Real-world breeding programs, however, have to 634 
consider multiple quantitative and qualitative traits simultaneously to maximise agronomic 635 
performance. Furthermore, it is unlikely that both component crops produce comparable amounts of 636 
yield and that both component traits have a similar market value.  637 

In fact, the contribution of each component crop to the total economic value of the combined 638 
product will depend on various factors. These include: the cultivation environment (i.e. biological, 639 
economic and cultural) and management practices (Francis 1981; Mead and Riley 1981); the per se 640 
yield potential and economic value of each component crop (Wright 1985; Francis 1981; Hamblin, 641 
Rowell, and Redden 1976); and the intended use of the products, especially whether for subsistence 642 
use or for market (Mead and Riley 1981).  643 

In theory, a selection index could be developed to enable selection of the best intercrop 644 
combinations by combining several key traits and through considering the above factors. Selection 645 
indices allow assigning customized economic weights to the component crops, thereby optimising their 646 
individual yield gains to maximize the market value of the combined crop product. In real-world 647 
breeding programs, estimation of the relative (economic) weights for traits of interest is not a trivial 648 
exercise, and weights may also need to be changed over time (Mead and Riley 1981). However, in the 649 
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context of a simulation, the simulated trait also can be considered as the total economic value resulting 650 
from a linear selection index. We assume that we would observe similar trends for our simulated 651 
breeding programs if we were to include multiple traits in an index. 652 

4.2.4 Assumptions about the absence of genotype-by-genotype interaction between the two 653 
component crops 654 
In our simulations, we ignored the possible effects of genotype-by-genotype interactions between 655 

component crops. In practical intercrop production, these interactions play an important role in 656 
determining their productivity, ecosystem service provision and resilience (Dawson et al. 2019a). 657 
Although strategies have been outlined through which genetic variants underlying mutualisms between 658 
pairs of plant species in natural ecosystems can be characterised, studies reporting genotype-by-659 
genotype interactions are currently relatively scarce (Subrahmaniam et al. 2018). We expect the effect 660 
of genotype-by-genotype interactions to be most significant at the start of breeding activities, when 661 
material is unadapted to a particular growing system and when they could potentially result in re-662 
ranking of our breeding programs. We expect that through continuous recurrent selection these 663 
interactions may become minimal, as the competition component is minimized through continuously 664 
improved coexistence between two component crops (Hill 1996).  665 

 666 

4.3 Conclusions 667 

Our results show that genomic selection shows great promise in breeding crops for intercrop 668 
production. We have demonstrated that genomic selection can significantly increase the rate of genetic 669 
gain in intercrop breeding. In particular, the DH-GS breeding strategy provides a simple solution to 670 
implement genomic selection on top of an existing phenotypic selection breeding program, without 671 
major rearrangements and regardless of the genetic correlation between monocrop yield and intercrop 672 
yield. Clearly, the practical challenges of the implementation of genomic selection strategies differ 673 
between breeding programs, but we believe that our results will aid breeders in optimizing the 674 
implementation process. In our further work we are exploring the utility of different design approaches 675 
for crop combinations such as finger millet and groundnut that could be optimised as an important 676 
intercrop for reaching multiple human and environmental health benefits in East Africa (Dawson et al. 677 
2019b). 678 
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7 Figures 689 

Fig. 1: Schematic overview of the Phenotypic selection breeding program (Pheno) and the three 690 
Conventional genomic selection breeding programs. Baseline-GS, the Baseline genomic selection 691 
breeding program; PYT-GS, the Preliminary yield trial genomic selection breeding program; DH-GS, 692 
the Doubled haploid genomic selection breeding program; gGIA, genomic-predicted general 693 
intercropping ability; TP, denotes stages in which genotypic and/or phenotypic records are collected; 694 
DH, the doubled haploid stage; PYT, the preliminary yield trial stage; GIA 1 and 2, the general 695 
intercropping ability stages 1 and 2; SIA 1 and 2, the specific intercropping ability stages 1 and 2. Solid 696 
line with arrow represents increased selection accuracy based on gGIAs and dashed line with arrow 697 
represents shortened generation interval. †The number of DH lines per cross (N) differs for each 698 
breeding program to maintain equal operating costs.  699 

.CC-BY-NC-ND 4.0 International licenseavailable under a
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made 

The copyright holder for this preprintthis version posted September 11, 2020. ; https://doi.org/10.1101/2020.09.11.292912doi: bioRxiv preprint 

https://doi.org/10.1101/2020.09.11.292912
http://creativecommons.org/licenses/by-nc-nd/4.0/


 
21 

Fig. 2: Schematic overview of the Grid genomic selection breeding program (Grid-GS). gGIA, 700 
genomic-predicted general intercropping ability; TP, denotes stages in which genotypic and/or 701 
phenotypic records are collected; DH, the doubled haploid stage; Grid, the Grid stage; SIA 1 and 2, the 702 
specific intercropping ability stages 1 and 2. Solid line with arrow represents increased selection 703 
accuracy based on gGIAs and dashed line with arrow represents shortened generation interval. 704 

  705 
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Tab. 1 Summary of per stage parameters and annual operational costs for four ‘medium’ 706 
breeding programs. Cost is set at approximately US $500K. The cost breakdown is shown for the 707 
Phenotypic selection breeding program (Pheno) and the three Conventional genomic selection breeding 708 
programs. 709 

 710 

Baseline-GS, the Baseline genomic selection breeding program; PYT-GS, the Preliminary yield trial 711 
genomic selection breeding program; DH-GS, the Doubled haploid genomic selection breeding 712 
program; Reps, the effective number of replications (i.e. locations); ℎ#, narrow-sense heritability; DH, 713 
the doubled haploid stage; PYT, the preliminary yield trial stage; GIA 1 and 2, the general 714 
intercropping ability stages 1 and 2; SIA 1 and 2, the specific intercropping ability stages 1 and 2. ¹ 715 
denotes testing with one probe variety; ² denotes testing with three probe varieties; * number of specific 716 
intercrop combinations.  717 

Year Stage Reps 𝒉𝟐 Pheno Baseline-GS PYT-GS DH-GS 

1 Cross   100 x 50 DH 100 x 47 DH 100 x 47 DH 40 x 80 DH 

2 DH 1 0.10 5,000 4,700 4,700 3,200 

3 PYT 4 0.33 500 500 500 500 

4 GIA 1 4 0.33 50¹ 50¹ 50¹ 50¹ 

5 GIA 2 24 0.50 13² 13² 13² 13² 

6 SIA 1 16 0.67 9* 9* 9* 9* 

7 SIA 2 32 0.80 3* 3* 3* 3* 
   Cost (US$) 493,200 492,200 492,200 495,200 
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Tab. 2 Summary of per stage parameters and annual operational costs for the ‘medium’ Grid 718 
genomic selection breeding program (Grid-GS). Cost is set at approximately US $500K. 719 

Year Stage Reps 𝒉𝟐  Grid-GS 

1 Cross   40 x 90 

2 DH  1 0.10 3,600 

3 Grid 1 0.10  900/250,000* 

4 SIA1 16 0.67 50* 

5 SIA2 32 0.80  8* 

   Cost (US$) 493,800 

Reps, the effective number of replications (i.e. locations); ℎ#, narrow-sense heritability; DH, the 720 
doubled haploid stage; Grid, the Grid stage; SIA 1 and 2, the specific intercropping ability stages 1 and 721 
2; * number of specific intercrop combinations.  722 
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Fig. 3 Intercrop genetic gain over time for five simulated breeding programs. Results are shown 723 
under genetic correlations of 0.4, 0.7 and 0.9. Simulations are based on a medium annual operating 724 
budget (approx. US $500K). Intercrop genetic gain is plotted as mean intercrop genetic value in the 725 
doubled haploid stage for the entire future breeding phase. The lines within each of the three panels 726 
represent the five breeding programs where each line represents mean genetic value for the 30 727 
simulated replicates and the shadings show standard error bands. The black line represents the 728 
Phenotypic selection breeding program (Pheno), the blue-coloured lines represent the three 729 
Conventional genomic selection breeding programs (Baseline-GS, the Baseline genomic selection 730 
breeding program; PYT-GS, the Preliminary yield trial genomic selection breeding program; DH-GS, 731 
the Doubled haploid genomic selection breeding program) and the green-coloured line represents the 732 
Grid genomic selection breeding program (Grid-GS).  733 
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Fig. 4 Intercrop genetic variance over time for five simulated breeding programs. Results are 734 
shown under genetic correlations of 0.4, 0.7 and 0.9. Simulations are based on a medium annual 735 
operating budget (approx. US $500K). Intercrop genetic variance is plotted as variance of intercrop 736 
genetic values in the doubled haploid stage for the entire future breeding phase. The lines within each 737 
of the three panels represent the five breeding programs where each line represents mean intercrop 738 
genetic variance for the 30 simulated replicates and the shadings show standard error bands. The black 739 
line represents the Phenotypic selection breeding program (Pheno), the blue-coloured lines represent 740 
the three Conventional genomic selection breeding programs (Baseline-GS, the Baseline genomic 741 
selection breeding program; PYT-GS, the Preliminary yield trial genomic selection breeding program; 742 
DH-GS, the Doubled haploid genomic selection breeding program) and the green-coloured line 743 
represents the Grid genomic selection breeding program (Grid-GS). 744 

  745 
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Fig. 5 Genomic prediction accuracy over time for five simulated breeding programs. Results are 746 
shown under genetic correlations of 0.4, 0.7 and 0.9. Simulations are based on a medium annual 747 
operating budget (approx. US $500K). Genomic prediction accuracy is plotted as mean genomic-748 
predicted general intercropping ability in the doubled haploid stage for the entire future breeding phase. 749 
The lines within each of the three panels represent the five breeding programs where each line 750 
represents mean genomic-predicted general intercropping ability for the 30 simulated replicates and 751 
the shadings show standard error bands. The black line represents the Phenotypic selection breeding 752 
program (Pheno), the blue-coloured lines represent the three Conventional genomic selection breeding 753 
programs (Baseline-GS, the Baseline genomic selection breeding program; PYT-GS, the Preliminary 754 
yield trial genomic selection breeding program; DH-GS, the Doubled haploid genomic selection 755 
breeding program) and the green-coloured line represents the Grid genomic selection breeding program 756 
(Grid-GS). 757 

  758 
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