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of 141 genotypes were used in a multivariate genomic analysis with genome-wide
single nucleotide polymorphism data from the African bean panel. Moderate to high
genomic heritability was found for GY (0.45 + 0.10), CKT (0.50 + 0.15), Fe (0.57
+ 0.12), and Zn (0.61 + 0.13). There were significant favorable genetic correlations
between Fe and Zn (0.91 + 0.06), GY and Fe (0.66 + 0.17), GY and Zn (0.44 + 0.19),
CKT and Fe (—0.57 + 0.21), and CKT and Zn (—0.67 + 0.20). Optimal contributions
selection (OCS), based on economic index of weighted GEBV for each trait, was
used to design crossing within four market groups relevant to East Africa. Progeny
were predicted by OCS to increase in mean GY by 12.4%, decrease in mean CKT by
9.3%, and increase in mean Fe and Zn content by 6.9 and 4.6%, respectively, with low

achieved coancestry of 0.032. Genomic selection with OCS will accelerate breeding

1 | INTRODUCTION

Cooked grains of common bean (Phaseolus vulgaris L.) are
a staple food in East Africa, where the grain protein, iron
(Fe), and zinc (Zn) content are important for the health and
well-being of African people, in particular women and chil-
dren (Stevens et al., 2013). Common bean production and
productivity has not achieved its potential in many African
countries due to production and consumption constraints, and,
as a result, the health-promoting qualities of beans are not
benefiting populations that need them the most (Foyer et al.,
2016).

One of the main constraints to consumption of common
beans in Africa is the long time required for soaking and cook-
ing, which also induces nutrient leaching (Wiesinger et al.,
2016). Over 85% of the rural and urban poor use wood or char-
coal as a source of fuel to cook beans, which is in short supply
and has environmental impact due to deforestation. In many
villages, firewood must be collected by women and children,
and this is a dangerous and time-consuming activity (Shellie-
Dessert & Hosfield, 1990). Nutritional well-being and con-
sumption should increase if bean cultivars were available that
require less time and water to cook (Shellie-Dessert & Hos-
field, 1990). Bean cultivars with shorter cooking time (CKT)
will result in less smoke inhalation by women burning biofu-
els, which will provide a major health benefit (World Health
Organization, 2002). Studies show that African women pre-
fer beans with shorter CKT (Assefa et al., 2005; Katungi
et al., 2015) and are willing to pay more for short CKT and
high Fe even though they are invisible traits (Rubyogo et al.,
2019).

Research on “cookability” in Phaseolus beans began in the
1960s. Cooking time and rate of water absorption in beans
were found to be unique traits (Jackson & Varriano-Marston,
1981), with a low phenotypic correlation between the two
traits and a relatively low genotype X environment interac-

of high-yielding, biofortified, and rapid cooking African common bean cultivars.

tion variance for both traits (Shellie & Hosfield, 1991). Wide
genotypic variability associated with CKT existed in both
Andean and Mesoamerican bean accessions (Cichy et al.,
2015; Ribeiro et al., 2021; Ribeiro, Rodrigues, et al., 2014),
and there was high narrow-sense heritability of CKT in beans
(h? =0.74) (Jacinto-Hernandez et al., 2003). Variation in CKT
was associated with seed qualities like color, size, and seed
coat thickness (Bassett et al., 2020; Kldsener et al., 2019;
Reyes-Moreno et al., 1993).

Genetic variation also existed for nutritional composition of
cooked beans, including Zn, phosphorus (P), potassium (K),
calcium (Ca), and Fe, in the Andean Diversity Panel (Katuu-
ramu et al., 2018). High diversity for Fe and Zn content and
grain yield (GY) was found in east and central African beans
(Amongi et al., 2018; Kimani & Warsame, 2019; Mughi et al.,
2021). The Manteca yellow bean was shown to be particularly
rapid cooking with high Fe bioavailability, and shorter CKT
was correlated with improved Fe bioavailability (Wiesinger
etal., 2018).

Genomic information is an important breeding tool to
improve selection accuracy and to accelerate genetic gain in
beans (Delfini et al., 2021; Diaz et al., 2021; Keller et al.,
2020). However, selection for desirable traits also results in
erosion of genetic diversity (Esquinas-Alcazar, 2005; Truc-
chi et al., 2021) and inefficient selection procedures in crop
breeding may lead to premature plateauing of genetic gain
(Cowling et al., 2017). The rate of erosion of genetic diver-
sity in breeding programs may be reduced and selection
efficiency improved through optimal contributions selection
(OCS), which balances genetic gain against loss in genetic
variation (Cowling et al., 2017, 2019; Gorjanc et al., 2018;
Kinghorn, 2011; Kinghorn & Kinghorn, 2021; Woolliams
et al., 2015).

Here we evaluate the potential of a diverse African common
bean panel of 358 genotypes for future genetic improvement
in GY, CKT, Fe, and Zn based on genomic best linear unbi-
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ased prediction (GBLUP). Selection was based on an opti-
mized index of genomic estimated breeding values (GEBV)
for each trait weighted to achieve the desired outcomes in
the next generation (Brascamp, 1984; Cowling et al., 2017;
Kinghorn, 2021), and OCS was used to balance genetic gain
for the index under the constraint of a maximum permissible
target inbreeding rate (Kinghorn & Kinghorn, 2021; Wool-
liams et al., 2015).

Genomic predictions for GY, CKT, Fe, and Zn in the
African bean panel were based on a two-stage analysis, fol-
lowing the approach in Sarinelli et al. (2019) and Hayes
et al. (2021). In the first stage, best linear unbiased estimates
(BLUE) were obtained for a training population for each trait
across 33 field trials in East Africa; in the second stage, GEBV
were predicted in the African bean panel from a multivari-
ate GBLUP mixed model analysis based on BLUE from the
training population and a genomic relationship matrix (GRM)
from whole genome markers in the African bean panel. We
then evaluated different crossing designs in OCS while allow-
ing for genotype groupings based on bush or climbing growth
habit (GH), Andean or Mesoamerican gene pool (GP), or four
market groups (MGs) (Figure 1). Each MG combines sev-
eral market classes of beans in Africa (Farrow & Muthoni-
Andriatsitohaina, 2020) in line with bean breeding objectives
of Pan Africa Bean Research Alliance (PABRA) (Buruchara
etal., 2011; Mukankusi et al., 2019). Various selection scenar-

Key

MG1: Large or
b I medium red and red
mottled bush (b) and e
c I climbing (c) beans  SHEAN

b MG2: Large and
medium white, sugar, 7 4
yellow bush (b) and A

c climbing (c) beans

medium purple and

I MG3: large and
black bush beans

MG4: small red,
white, black bush
beans

FIGURE 1

Core Ideas

* Common bean varied in grain yield, cooking time,
iron, and zinc in East African field trials.

* Significant genomic heritability was present for all
traits in an African bean panel.

* Favorable genetic correlations were found between
high grain yield and high iron and zinc.

* Favorable genetic correlations were found between
short cooking time and high iron and zinc.

* High genetic gains were predicted with genomic
selection and optimal contributions selection.

ios were evaluated in OCS to predict which approach would
result in the greatest genetic gain in GY, CKT, Fe, and Zn.
Breeding values generated by BLUP or GBLUP, rapid
cycles, index selection, and OCS are the basis of a crop
breeding system implemented in a new project in East Africa
(ACIAR Research, 2021) with the aim of selecting rapid-
cooking, micronutrient-rich, and high-yielding common bean
cultivars. This paper describes a process for selecting candi-
dates for crossing from the African bean panel to begin this

project.
Vﬂ%\
d Ethiopia ey
Rwan [ ——
Burundi \
h Tanzauii

Four major market groups (MG) and their market proportions (pie charts) in six focus countries in East Africa, as proposed by

breeders of common bean in the Pan Africa Bean Research Alliance. Market groups are amalgamations of market classes of common bean in Africa
(Farrow & Muthoni-Andriatsitohaina, 2020) for breeding purposes. MG1 and MG2 encompass both bush (b) and climbing (c) growth habit, as both
types are grown in East Africa; MG3 and MG4 are found only as bush beans. Market proportions are based on the national common bean breeding

program prioritization (C. Mukankusi, personal communication, 1 October 2020)
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2 | MATERIALS AND METHODS

2.1 | Field trials

Phenotypic data were obtained from 898 germplasm entries
(each with a unique germplasm identifier number, GID) of
bush and climbing types of common bean (Supplemental
Table S1) evaluated in 33 field trials of common bean grown
in different years (2015 to 2018) and different locations in
East Africa. The locations were Kawanda (0°25’ N, 32°31’
E, elevation 1,190 m asl) and Kachwekano (1°15" S, 29°57’
E, elevation 2,200 m asl) in Uganda, and Kagera (2°08" S,
33°26" E, elevation 1,320 m asl) in Tanzania. Germplasm
entries included released cultivars and landraces common
in East Africa, plus breeding lines from the Alliance of
Bioversity and International Centre for Tropical Agricul-
ture (CIAT) Kawanda, Uganda, and CIAT Colombia, and
included both bush and climbing GH and diverse genetic
origins in both the Andean and Mesoamerican gene pools
(Bitocchi et al., 2013) (Supplemental Table S1). From the 33
field trials, GY (kg ha~!') was available from 32 trials, Fe and
Zn (mg kg‘l) from 29 trials, and CKT (min) from 14 trials
(Supplemental Table S2). The 33 field trials were classified
as either “bush” or “climbing” GH based on the GH of the
majority of genotypes in the trial (GHT). In addition, GH was
scored on plots (GHP) on a scale of 1 (fully bush-type) to 4
(fully climbing-type) (Singh, 1981). Both bush and climbing
genotypes were present in all trials and there was low to mod-
erate concurrence of genotypes across trials (Supplemental
Table S3).

The field trials were designed with two or three complete
blocks, subdivided into incomplete subblocks in an alpha-
lattice design, and occasionally local cultivars were replicated
within blocks. Each plot consisted of three rows 3 m long and
50 cm apart with 50 cm between plots (effective plot area
4.5 m?). One hundred seeds were sown in each plot to achieve
a target density of 90 plants after emergence. Harvested seed
from each plot was cleaned, sun-dried to approximately 13%
moisture content, weighed and stored, and the weight was con-
verted to GY based on the effective plot area.

2.2 | Laboratory evaluation

Twenty-five seeds were randomly picked from clean har-
vested seed from each plot and used to measure CKT in
an automated Mattson cooker (Canadian Grain Commission)
(Proctor & Watts, 1987). The 25 seeds were placed in a con-
tainer of water to soak for 18 h. Twenty-five soaked seeds
were placed on a rack with sharp pins (plungers) placed on
top of each seed, and the rack was submerged into hot water

that was kept at 98 °C on a hotplate. Cooking time (min) was
the time elapsed from the time of immersion in hot water
until the 20th seed was pierced by a steel pin (Wang & Daun,
2005).

For measurement of Fe and Zn content, 50 g of dry seed per
plot were cleaned in distilled water, oven-dried at 60 °C for at
least 12 h, and ground into a powder using a Sunbeam Coni-
cal Burr Mill EM0480 Grinder (Sunbeam) at the HarvestPlus
lab in Rubona, Rwanda. The concentration of Fe and Zn (mg
kg~!) was determined using XRF spectrometry as described
by Paltridge et al. (2012).

2.3 | Statistical analysis

All linear mixed models were implemented using ASReml-R
(Butler et al., 2017). Grain yield, Fe, Zn, and CKT were first
analyzed in single field trials to assess repeatability of geno-
type performance within trials. Genomic prediction across tri-
als followed a two-stage analysis based on the approach of
Sarinelli et al. (2019) and Hayes et al. (2021), as described
below.

2.4 | Repeatability in single trials

Repeatability of genotype performance in 33 field trials in
East Africa was evaluated for each trait. The general form of
the linear mixed model for GY, CKT, Fe, and Zn in each trial
was

Y = mean + genotype + block + block X subblock + e

ey
where Y is either GY, CKT, Fe, or Zn, block is a complete
block containing at least one replicate of genotypes (normally
one block at front and one block at rear of trial), block X
subblock represents the subdivision of blocks into incomplete
subblocks in an alpha-lattice design, and e is the random resid-
val. In this analysis, genotype, block, and block X subblock
were assumed to be random effects. Repeatability of measure-
ment means for each trait in each trial (R, followed Equation
38 in Nakagawa and Schielzeth (2010) for replicated field tri-
als:

| 4&

R =— & )

"ve + L

o
where VC, is the variance component for genotypes, VC,
is the variance component for error, and n is the adjusted
mean number of measurements per genotype (Nakagawa &
Schielzeth, 2010).
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2.5 | Stage 1 analysis: Multienvironment
univariate analysis with genotype as a fixed
effect

In Stage 1 analysis, BLUE were obtained for up to 8§98 geno-
types from an analysis of GY, CKT, Fe, and Zn across 33 field
trials in a univariate multienvironment BLUE mixed model
analysis based on the following base formula:

Y = mean + genotype + trial + genotype X trial + trial X block
+ trial X block X subblock + e
3
where Y is either GY, CKT, Fe, or Zn; genotype is a fixed
effect; trial, genotype X trial, trial X block, and trial X block
X subblock are random effects; and e is a vector of random
residual effects. The random effects trial X block and trial X
block x subblock were discarded from the final model if not
significant.
Three variations of the base formula of BLUE analysis were
compared:

* Model 1: Base formula plus GHT, which was added as a
fixed effect. If GHT was not significant, this model was dis-
carded.

* Model 2: Base formula plus GHP and GHP X genotype as
random effects. GHP was evaluated on a plot basis and GHP
X trial was included because some common bean cultivars
showed variable GHP between trials (Singh, 1981). GHP
and GHP X trial were discarded if they were not significant
in Model 2.

* Model 3: Model 2 with GHP and/or GHP X trial discarded
if not significant in Model 2.

Significance of fixed effects was assessed by the Wald test,
and the optimum model was chosen on the basis of change
in Akaike information criterion (AIC), Bayesian information
criterion (BIC), and log-likelihood values.

2.6 | Stage 2 analysis: Multivariate analysis
for genomic prediction

In the second stage, BLUE of each genotype for each trait were
used as values of a dependent variable in a multivariate mixed
model for genomic prediction, which included a GRM for the
African bean panel.

2.6.1 | Construction of the genomic
relationship matrix

A GRM was established for 358 genotypes by combining two
single nucleotide polymorphism (SNP) panels (Supplemental

O Phenotype
(BLUE analysis)

O SNP panel 1
O SNP panel 2

FIGURE 2
genotypes with best linear unbiased estimates (BLUE), of which 141

Venn diagram showing the distribution of 898

genotypes (the training population) were present in single nucleotide
polymorphism (SNP) Panels 1 (45), 2 (63), or both 1 and 2 (33). SNP
Panel 1 (94 genotypes) shared 34 genotypes in common with SNP
Panel 2 (298 genotypes), and together form the African bean panel
composed of 358 genotypes

Table S4). Panel 1 with 94 genotypes was a 770 SNP array
(Raatz et al., 2019) and more than 20,000 SNPs were avail-
able in Panel 2 with 298 genotypes based on diversity array
technology analyzed by the Integrated Genotyping Service
and Support platform, a genotyping service facility based in
Nairobi, Kenya (as used by Nkhata et al., 2020). Thirty-four
genotypes were common to both panels (Figure 2).

FImpute software (Sargolzaei et al., 2014) was used to
impute missing values. The physical map position of each
SNP locus in Panel 1 and Panel 2 was used to form a con-
sensus SNP panel (defined as the African bean panel) based
on 358 genotypes. The GRM of the African bean panel was
calculated using the method described by VanRaden (2008).

Of the 898 genotypes evaluated in field trials, 141 were
present in one or both of the SNP panels (Figure 2) and acted
as the training population.

2.6.2 | Cluster analysis of genomic
relationships in the African bean panel

Genetic relationships among the 358 genotypes in the African
bean panel were assessed by cluster analysis of the GRM using
R package “cluster” (Maechler et al., 2021). The genetic rela-
tionships between groups in the dendrogram were interpreted
on the basis of the known Andean or Mesoamerican origin of
54 genotypes (Raatz et al., 2019).
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263 |
GBLUP

Estimation of GEBV by multivariate

Best linear unbiased estimates for GY, CKT, Fe, and Zn for
141 genotypes in the training population acted as values of a
dependent variable in a multivariate GBLUP analysis with the
GRM to predict GEBYV for 358 genotypes in the African bean
panel based on the following model (in vector notation):

¥ 1 Z,0 0 0 [|g €
Yoo (tab2| | 0Z2 O O flgy) Je @)
Y3 1,313 00Z; 0]lgs 3
Y4 Lany 000 Z||lg €4

where y, ¥, ¥3, and y, are vectors of BLUE for GY, CKT,
Fe, and Zn; 1,; (i = 1,4) is a vector of ones for the trait i;
R; (i = 1,4) is overall mean for the trait i; Z;(i = 1,4) is a
design matrix relating BLUE to genotypes for the trait i; g; is
GEBY for the trait i with assumed distribution N(0, GRM ®
G), where G is the genotypic variance-covariance matrix for
four traits; and e; is a vector of random residual effects for the
trait i.

Genomic heritability (hl.z) for trait i was estimated as fol-
lows:

o2

2 gi
hi=—a—"—= ©)
Ggi + Gei

where G;i is the additive genotypic variance for the ith trait

and 63[ is the residual variance for the ith trait. This estimate
of genomic heritability is subject to the limitations of GBLUP
models based on whole genome inference (de los Campos
et al., 2015).

Correlations of additive genetic values between traits were
estimated as follows:

o2

Feij = 8 (6)
2 2
6%,
giogj

2

where r,; is the genetic correlation between trait i and j; i

g
is the genetic covariance between trait i and j; and céi and céj
are the additive genetic variances for trait i and j, respectively.

Phenotypic correlations between traits were estimated as:
o2 + o

eij

_ 8ij )
2 2 2 2
Ve a) (o+ )

is the phenotypic correlation between trait i and

ij are the genetic and residual covariance,

Tpij

Whege Tpij
J; o2.. and ©
8ij

respectively, between trait i and j; G;i and Girj are the addi-

tive genetic variance for trait i and j, respectively and 62, and
el

2 are the residual variance for trait i and j, respectively.

o
el

2.7 | Optimized selection index

We calculated a selection index for individuals in the African
bean panel with economic weights on GEBV for GY, CKT,
Fe, and Zn that reflected current market values for the price
of beans in east Africa (US$0.85/kg) and average GY in
the trials (869 kg ha~!), with a 15% price bonus for 10%
shorter CKT and a 10% price bonus for 10% improvement
in Fe and Zn content. These economic weights were opti-
mized as implied economic weights using the tactical desired
gains approach (Brascamp, 1984) in the program DESIRE
(Kinghorn, 2021). DESIRE is a tool to discover possible pat-
terns of response across traits as a function of implied eco-
nomic weights. Parameters required for this analysis were
accuracy and standard deviations of GEBV for traits and
genetic and phenotypic correlations amongst these GEBV.
The primary emphasis in DESIRE was to reduce CKT, and
the secondary emphasis was to increase Fe and Zn while also
improving GY, which resulted in an implied economic weight
for each trait to reach the desired gains. The optimized selec-
tion index (named GBLUPindex;) was calculated for each
individual i following the process in Cowling et al. (2017),

nT'raits
GBLUPindex;= ) ¢,.GEBV,, )
j=1

where ¢; is an implied economic weight for trait j, and GEBV;

is the GEBV for individual i for trait Jj.

28 | OCS

Optimal contributions selection was used to generate a cross-
ing design that balanced genetic gain for the GBLUPindex;
under the constraint of a maximum permissible target inbreed-
ing rate (Kinghorn, 201 1; Kinghorn & Kinghorn, 202 1; Wool-
liams et al., 2015). We used selection and cross allocation
methods developed previously (Cowling et al., 2019; Cowl-
ing et al., 2017). Optimal contributions selection was imple-
mented in program “MateSel” (Kinghorn & Kinghorn, 2021),
which is based on an evolutionary algorithm with constraints
easily invoked to ensure practical relevance and precise con-
trol of selection response and other outcomes. MateSel dic-
tates which individuals to select and the actual crossing allo-
cations and/or selfings to be made.
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2.8.1 |
groups

Restricting crossing within and between

Genotypes in the African bean panel were classified accord-
ing to GH, GP, and MG. Four MGs were chosen as a prac-
tical measure to reduce the number of market-related groups
for breeding purposes and to follow the bean breeding objec-
tives of the PABRA (Buruchara et al., 201 1; Mukankusi et al.,
2019) (Figure 1). Each MG represents one or more closely
related market classes of beans in Africa (Farrow & Muthoni-
Andriatsitohaina, 2020). MG1 includes large and medium-
sized red and red mottled bush and climbing beans; MG2 con-
tains large and medium-sized white, sugar, yellow bush, and
climbing beans; MG3 consists of large and medium-sized pur-
ple and black bush beans; and MG4 represents all small-sized
bush beans which are favored in Ethiopia (Figure 1).

The impact on predicted progeny performance of restricting
crossing within groups in OCS was compared in six scenarios
in OCS: (a) OCS Scenario 1 with no restriction to crossing
based on groups; (b) OCS Scenario 2 with grouping on GH;
(c) OCS Scenario 3 with grouping on GP; (d) OCS Scenario 4
with grouping on GH and GP; (e) OCS Scenario 5 with group-
ing on MGs; and (f) OCS Scenario 6 with grouping on MGs
and allowing some inter-MG crossing.

3 | RESULTS

3.1 | Repeatability and concurrence

Trials varied widely in mean, repeatability, and significance
of genotype variance components (VCs) for GY, CKT, Fe, and
Zn (Supplemental Figure S1, Supplemental Table S2). In the
majority of trials, there was a significant VC for genotypes,
but the VC for block was not significant in any trial and was
removed from subsequent analyses. Repeatability of measure-
ment means for GY, CKT, Fe, and Zn averaged 0.50, 0.31,
0.51, and 0.47, respectively (Supplemental Table S2). Geno-
type concurrence between trials varied widely, and many trials
that were classified as GHT “bush” included some climbing
genotypes, and vice versa (Supplemental Table S3).

3.2 | Stage 1 analysis: Multienvironment
univariate analysis with genotype as a fixed
effect

Three multienvironment BLUE analysis models were evalu-
ated. In all models and for all traits, the effects of genotype
(GID, fixed effect) and trial and the interaction of trial X GID
(random effects) were significant for all traits, that is, there
were small changes in ranking of genotypes for all traits across
trials. However, the proportion of variance accounted for by

TABLE 1 Summary of BLUE in the training population for grain
yield per hectare (GY), cooking time (CKT), iron (Fe), and zinc (Zn)
content

Trait  Unit n? Mean Min. Max. SD?

GY kg ha™! 140 869.3 439.5 1541.3 236.3
CKT min 117 65.3 46.1 98.5 11.0
Fe mgkg™! 135 690 565 973 64
Zn mg kg~! 135 35.6 30.6 43.3 2.0

Note: The training population consisted of 141 genotypes with both phenotypic and
genotypic data, for which best linear unbiased estimates (BLUE) were estimated
for n genotypes with phenotypic data for each trait.

“n = number of genotypes.

bSD = standard deviation.

trial X GID averaged less than 20% of the variance due to trial
(Supplemental Table S5).

In Model 1, GHT (fixed effect) was not significant. We ver-
ified that climbing and bush trials had similar average GY,
CKT, Fe, and Zn (Supplemental Figure S1, Supplemental
Table S2), and GHT was dropped from subsequent models.

In Model 2, GHP and GHP x GID were included as random
effects. The VC for GHP was not significant for any trait, that
is, there was no consistent difference in GY, CKT, Fe, and
Zn among the four categories of GHP across all trials. How-
ever, the interaction of GHP X GID was significant for GY
and Fe, that is, there were small changes in ranking of geno-
types for GY and Fe across GHP. We verified that some but
not all genotypes varied widely in GHP across the trials. For
example, genotype MLB-49-89A (classified as climbing GH)
varied from GHP 1 to 4 across 13 plots in 6 trials, with mean
GHP 2.5. The proportion of variance accounted for by GHP
X GID was always less than 10% of the variance due to trial
(Supplemental Table S5).

In Model 3, the effect of removing GHP (and GHP x GID
for CKT and Zn) was evaluated by assessing the change in
AIC, BIC, and log-likelihood values in the reduced models.
In no case did the model improve substantially in Model 3,
and hence Model 2 was selected as the final model for all four
traits (Supplemental Table S5).

Based on Model 2, BLUE were estimated for 898 geno-
types, of which 141 genotypes had genotypic (SNP) data (the
training population). The characteristics of the training popu-
lation are described in Table | and Supplemental Table S6.

3.3 | Stage 2 analysis: Multivariate GBLUP
analysis with genotype as a random effect

SNP Panel 1 (773 alleles) and SNP Panel 2 (22,890 alle-
les) were combined in a consensus panel of 21,575 mark-
ers for 358 genotypes based on the physical map position for
each SNP locus to form the African bean panel. The genomic
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TABLE 2
(GEBV) and narrow-sense heritability (h?) for 358 bean genotypes in

Summary of genomic estimated breeding values

the African bean panel, including grain yield per hectare (GY), cooking
time (CKT), iron (Fe), and zinc (Zn) content

Trait Unit n?® Mean Min. Max. SD h* + SE

GY kgha™! 358 0 —222.05 460.62 119.72 0.45 + 0.10
CKT min 358 0 —16.06 24.63 5.17 0.50 = 0.15
Fe mgkg™' 358 0 -9.17 17.02 3.62 0.57 = 0.12
Zn mgkg! 358 0 -391 5.64 1.16 0.61 + 0.13

2n = number of genotypes.

TABLE 3 Pairwise genetic (above diagonal) and phenotypic
(below diagonal) correlations of genomic estimated breeding values
(GEBYV) for grain yield per hectare (GY), cooking time (CKT), iron
(Fe), and zinc (Zn) content (standard error in brackets)

Trait GY CKT Fe Zn

GY —-0.16 (0.23) 0.66 (0.17) 0.44 (0.19)
CKT -0.25(0.10) —0.57 (0.21) —0.67 (0.20)
Fe 0.13(0.09) —0.23(0.10) 0.91 (0.06)
Zn 0.15(0.09) —0.22 (0.10) 0.64 (0.05)

relationship matrix for the African bean panel is shown in
Supplemental Table S4.

Multivariate GBLUP analysis in the African bean panel
revealed moderate to high genomic heritability for all traits
and a wide range of GEBYV values for GY, CKT, Fe, and Zn
among 358 genotypes (Table 2; Supplemental Table S7). Sig-
nificant additive variance occurred for GY, CKT, Fe, and Zn.
Significant positive covariance occurred between Fe and GY,
Zn and GY, and Zn and Fe, and significant negative covari-
ance between Fe and CKT and Zn and CKT (Supplemental
Table S8).

The genetic correlation of Fe and Zn was very high
(r = 091 + 0.06), and there were positive and significant
genetic correlations between GY and Fe, and GY and Zn
(Table 3). There were negative but favorable genetic corre-
lations between CKT and Fe, and CKT and Zn, but no signif-
icant genetic correlation between GY and CKT (Table 3).

Phenotypic correlations followed the same pattern as addi-
tive genetic correlations but were less pronounced except for
the significant positive phenotypic correlation (r = 0.64 +
0.05) between Fe and Zn (Table 3).

3.4 | Genomic relationships

Cluster analysis based on SNP data for 358 genotypes revealed
groups and subgroups that conformed with the known Andean
or Mesoamerican origins of the African bean panel. Sev-
eral genotypes in a previous study (Raatz et al., 2019) acted

as reference genotypes to assist in classifying the clusters
(Supplemental Figure S2, Supplemental Table S9). The ref-
erence genotypes in the upper branch belonged to the Andean
gene pool and defined this cluster as “Andean” (Supplemen-
tal Figure S2). The uppermost cluster of the lower branch
had several Andean reference genotypes, and this subgroup
was classified as “Andean admixture.” The lower branch of
the lower group had many Mesoamerican reference genotypes
and hence defined this cluster as “Mesoamerican.” A branch
above the Mesoamerican cluster included progenies of a cross
between a Mesoamerican line (MLB-49-89A, GID 121058, in
this branch) and an Andean genotype CAL96 (C. Mukankusi;
personal communication, 9 October 2020), and this subgroup
was classified as “Mesoamerican admixture” (Supplemental
Figure S2). All Andean and Mesoamerican reference geno-
types were aligned with respective clusters except one which
was previously considered to be Mesoamerican (SCR15; GID
114370), but it was grouped with Andean reference geno-
types. This may be the result of a sampling error or labeling
error at some point, since the parents of SCR15 (SER118 and
NCB226) are Mesoamerican.

3.5 | Optimized selection index and OCS
Implied economic weights for each trait to reach the desired
gains were 0.0014 (GY), —0.145 (CKT), 0.2416 (Fe), and
0.0058 (Zn). These implied economic weights were used as
multipliers of GEBV for each trait to calculate the optimized
selection index for 358 genotypes in the African bean panel
(Supplemental Table S7).

Optimal contributions selection provided predicted out-
comes for six crossing scenarios, where crossing was either
unrestricted among the 358 candidate genotypes or restricted
to within groups defined by GH, GP, or MG (Table 4, Supple-
mental Tables S8, S9). To evaluate the impact of restriction
of mating within two GP, the Andean admixture group was
merged with Andean group, and the Mesoamerican admixture
group was merged with the Mesoamerican group. Two geno-
types with unknown GH and seeds not available (MLAMA
127 and MEXICO222) were not considered as candidates for
crossing, thereby reducing the number of candidates available
for OCS to 356 (Table 4, Supplemental Table S9).

A total of 120 crossings were permitted from the 356
candidates in each OCS crossing scenario. High emphasis
was applied in MateSel to minimize achieved coancestry in
progeny in combination with moderate genetic gains in the
selection index. The number of crossings targeted within each
group was proportionate to the number of candidates available
in the groups (Supplemental Table S10).

The OCS Scenario 1 (no restriction on crossing based on
groups) had the highest predicted progeny index but also the
highest achieved coancestry. There was no advantage for CKT
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TABLE 4

Distribution of 356 genotypes in the African bean panel across four market groups (MGs) based on seed color and seed size, and the

growth habit (GH; bush or climbing) and gene pool (GP; Andean or Mesoamerican) of genotypes within each MG

GH GP
MG* Seed size Seed color No. genotypes Bush Climbing Andean” Mesoamerican“
MG1 Large or Medium Red, red mottled 88 76 12 53 35
MG2 Large or Medium White, cream, sugar, yellow 95 48 47 72 23
MG3 Large or Medium Black, purple 80 45 35 41 39
MG4 Small Diverse colors 64 58 6 16 48
Other Not known Not known 29 18 11 16 13
Total 356 245 111 198 158

2“Other” includes genotypes for which seed size and color are not known.

b«Andean” gene pool includes the Andean cluster group (97 genotypes) and Andean admixture cluster group (101 genotypes) (Supplemental Figure S2).

¢“Mesoamerican” gene pool includes the Mesoamerican cluster group (112 genotypes) and Mesoamerican admixture cluster group (46 genotypes) (Supplemental Figure

S2).

TABLE 5§

Number of crosses within and between four market groups (MGs), gene pools (Andean or Mesoamerican), and growth habits (bush

or climbing), and sex of the parent varieties as allocated by MateSel in optimum contributions selection Scenario 6 (Supplemental Table S10)

Female parent

Market groups Gene pool Growth habit Total
MGl MG2 MG3 MG4 Other Andean Mesoamericdiush Climbing
Male parent ~ MGl 21 2 2 0 0

MG2 5 25 6 7 1

MG3 2 18 2 2

MG4 2 0 13 1

Other 0 0 5 120

Andean 33 59

Mesoamerican 23 5 120

Bush 37 22

Climbing 31 30 120

Note: The MG, gene pool, and growth habit of cross parents are shown in Supplemental Table S11. Matesel allocates parents as either male or female.

to allow unrestricted crossing in OCS Scenario 1 (Supplemen-
tal Table S10).

The OCS Scenario 2, which restricted crossings to within
bush and climbing GH, had lower predicted genetic gain for all
traits than Scenario 1. The OCS Scenario 3, which restricted
crossings to within Andean and Mesoamerican GP, improved
the result over Scenario 2. The weakest genetic gain was pre-
dicted for OCS Scenario 4, where crossing was restricted to
within Andean bush, Mesoamerican bush, Andean climbing,
and Mesoamerican climbing. The OCS Scenario 5, where
crossing was restricted within MG, provided a strong pre-
dicted genetic gain in CKT, and OCS Scenario 6, which
was similar to OCS Scenario 5 but permitted some cross-
ings between MG, resulted in the highest predicted genetic
response of —6.09 minutes for CKT and second highest for
progeny index, GY, Fe, and Zn (Supplemental Table S10).

Eighty-one unique genotypes were selected as the founder
parents from the African bean panel from OCS Scenario 6
(Supplemental Table S11). Out of these 81 founder parents, 31
were members of the training population with both field trial
and genomic data, and the remaining 50 were selected on the
basis of genomic data only. From the 120 crossings designed
by MateSel in OCS Scenario 6, 77 were within MG, 33 were
between MG, and 10 involved “other” genotypes for which
seed size and color were not known (Table 5, Supplemental
Table S10).

In OCS Scenario 6, there was no restriction on crossing
design based on GP, but 82 of the 120 proposed crosses
were Andean X Mesoamerican gene pools, 33 were Andean
X Andean, and five were Mesoamerican X Mesoameri-
can (Table 5). Likewise, there was no restriction on cross-
ing design based on GH, but 53 of the proposed crosses
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TABLE 6
(Supplemental Table S10) within four market groups (MGs) and an unclassified group (Other), between groups (Intergroup), and across the whole

Average predicted mean genetic gain in progeny of crosses designed by optimal contributions selection (OCS) Scenario 6

population of 120 crosses in the African bean panel

Mean predicted genetic gain in progeny of crosses designed by OCS Scenario 6

Within and between MGs Whole population
Population
Inter Average of 120 mean BLUE Percent gain
Traits Units MG1 MG2 MG3 MG4 Other group cross progeny  (Table 1) or loss
GY kg ha™! 3241  219.46 62.91 72.02 198.81  154.77 107.61 869.33 12.38
CKT min —4.85 -6.10 -6.34 -5.70 —10.94 —7.80 —6.09 65.33 -9.32
Fe mg kg™! 2.88 7.66 3.36 2.86 9.60 6.91 4.73 68.99 6.86
Zn mg kg~! 1.12 2.06 1.46 1.12 3.47 2.24 1.62 35.58 4.55

Note: The unclassified group (Other) had unknown seed attributes. Percent gain or loss is expressed relative to the population mean BLUE, from Table 1). BLUE, best
linear unbiased estimates; CKT, cooking time; Fe, iron; GY, grain yield; Zn, zinc.

were bush X climbing types, 37 were bush X bush types,
and 30 were climbing X climbing types (Table 5). Optimal
contributions selection favored inter-GP and inter-GH mat-
ings, which maximized predicted genetic gain in progeny
index for a low level of achieved coancestry (Supplemental
Table S11).

Strong genetic gain in mean progeny performance was
predicted in OCS Scenario 6, with 12.4% increase in GY,
6.9% increase in Fe, 4.6% increase in Zn, and 9.3% decrease
in CKT (Table 6) with a mean parental coancestry of 0.032
(Supplemental Table S11). The strongest genetic gain in CKT,
Fe, and Zn was predicted in the unknown seed color group
“other”.

4 | DISCUSSION
In this study, we used a two-stage analysis to predict GEBV
for 358 common bean genotypes in an African bean panel for
GY, CKT, Fe, and Zn. Genomic estimated breeding values
were derived from a multivariate mixed model for genomic
prediction involving a genomic relationship matrix for the
African bean panel, and BLUE for GY, CKT, Fe, and Zn for
141 genotypes in a training population that acted as values of a
dependent variable. For the first time in common bean breed-
ing, we implemented OCS to specify crosses which optimized
a function of genetic diversity and genetic gain in an opti-
mized selection index (Kinghorn & Kinghorn, 2021; Wool-
liams et al., 2015). Progeny of crosses designed by OCS in
four MGs relevant to East African markets were predicted to
increase in mean GY by 12.4%, decrease in mean CKT by
9.3% and increase in mean Fe and Zn content by 6.9 and
4.6%, respectively, with a low achieved coancestry of 0.032
(Table 6).

Stochastic modelling with OCS in self-pollinating crop
breeding programs (Cowling et al., 2017, 2019) demonstrated

rapid and sustained future genetic gain in an economic index
for multiple traits with similar heritability and genetic correla-
tions as found in this bean study. Based on the previous mod-
elling, OCS in this study should result in sustainable genetic
gain in GY, CKT, and Fe and Zn in breeding programs in East
Africa for many decades to come.

The African bean panel included both bush and climbing
types which varied in maturity date, but plot maturity date
was not collected in the field trials. Climbing beans gener-
ally mature later and have higher yield potential than bush
types (Checa & Blair, 2012; Katungi et al., 2018) and were
considered to be more suitable for Fe and Zn biofortification
(Blair, 2013). In our data, GHT was not a significant fixed
effect in BLUE analysis of GY, CKT, Fe, or Zn; that is, mean
GY, CKT, Fe, and Zn were the same for all trials whether
they were nominated as bush or climbing trials. Therefore,
GHT was removed from the model. However, there was a
small but significant interaction of GHP X GID (the interac-
tion between plot rating for GH and genotype) for GY and Fe,
and GHP and GHP x GID were retained in the BLUE model
for those traits (Supplemental Table S5). Growth habit of plot
varied from plot to plot and trial to trial for a particular geno-
type. A genotype which expressed a climbing GH in one plot
may have had higher Fe and GY relative to other plots where
it expressed a bush GH. Growth habit of plot varied widely
within and between trials in several genotypes such as MLB-
49-89A, KKS8, and CNF5520 in our dataset, and this variation
in GHP may be responsible for the significant GHP X geno-
type interaction for Fe and GY.

The African bean panel included candidates from the
Andean and Mesoamerican gene pools. Genetic differentia-
tion between the Andean and Mesoamerican bean accessions
has been well documented (Delfini et al., 2021; Lobaton et al.,
2018; Raatz et al., 2019). Many Andean beans have higher Fe
concentration than Mesoamerican beans (Blair, 2013; Blair
et al., 2010).
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The moderate-to-high genomic heritability values for GY
(0.45), CKT (0.50), Fe (0.57), and Zn (0.61) in our study con-
firms the potential for future genetic improvement in these
traits in the African bean panel. High heritability values
were reported previously for CKT (Elia et al., 1997; Jacinto-
Hernandez et al., 2003) and Fe (Jost et al., 2013; Muka-
muhirwa et al., 2015; Zemolin et al., 2016).

We also found several favorable genotypic and phenotypic
correlations in the African bean panel (Table 3). Iron and Zn
concentrations in seed were highly positively correlated as
reported previously (Cichy et al., 2009; Hummel et al., 2020;
Mukamuhirwa et al., 2015). Low-to-moderate positive pheno-
typic correlations between Fe and Zn, and between Fe or Zn
and GY, were reported by Gelin et al. (2007). Glowacka et al.
(2015) also reported a positive correlation between Zn and
GY, but a negative correlation between Fe and GY. Other stud-
ies report weak negative correlation or no correlation between
Fe or Zn with GY (Dias et al., 2021; Jost et al., 2013; Ribeiro,
Jost et al, 2014). Ribeiro, Jost et al. (2014) identified some
genotypes with superior GY and Fe despite a weak negative
correlation between these traits. Phenotypic and genetic cor-
relations of GY with Fe and Zn thus appear to be specific to
experimental populations and environments (Dias et al., 2021;
Ribeiro, Jost et al., 2014), and phenotypic correlations are not
fully translated into genotypic correlations (Searle, 1961) as
we observed in our study (Table 3).

The favorable genetic correlations between CKT and Fe
or Zn in uncooked seed in our study contrasts with previ-
ous studies where phenotypic correlations were close to zero
(Wiesinger et al., 2018; Mughi et al., 2021). It has been
reported that rapid-cooking genotypes retain more Fe and Zn
and the Fe is more bioavailable than in slow-cooking geno-
types (Wiesinger et al., 2016, 2018). The negative genetic
correlations between CKT and Fe or Zn in the African bean
panel will help to improve genetic progress for breeding rapid-
cooking biofortified bean cultivars, which should retain more
Fe/Zn after cooking. We expect genetic correlations between
CKT, Fe, Zn, and GY in the African bean panel will change
over cycles of breeding as allele frequencies change (Falconer
& Mackay, 1996), and therefore genetic correlations must be
re-assessed in every cycle.

The effect of environment (trial) as a random effect was
highly significant on all four traits in this study, although the
VCs for trial X GID (equivalent to genotype X environment
or G X E interaction) were relatively minor compared to the
VCs for trial (Supplemental Table S4). Low G X E interaction
for seed Fe was reported by Beebe et al. (2000) and Cichy
et al. (2019). Moderate G X E interaction was reported for
CKT in beans (Proctor & Watts, 1987) although the effect of
E was minor compared to the effect of G (Jacinto-Hernandez
et al., 2003; Katuuramu et al., 2020; Shellie & Hosfield,
1991). Cichy et al. (2019) reported that G X E for CKT was
low; thus, only a small number of field trials are needed to

select for rapid-cooking genotypes. In contrast, seed storage
environment, time, conditions, and soaking time affected
CKT measurements greatly (Arruda et al., 2012; Jackson &
Varriano-Marston, 1981; Stanley, 1992). Therefore, selection
experiments for CKT must be based on standardized storage
conditions and soaking time.

Comparison of different selection scenarios under OCS
showed that maximum predicted genetic gain in progeny
index was achieved when no restrictions were applied to
the crossing design (Supplemental Table S10). However, the
alliance of bean breeders and researchers in Africa (PABRA)
considers that it is important to breed for MGs based on
seed color and size (Buruchara et al., 2011; Mukankusi et al.,
2019). Optimal contributions selection can guide breeders
toward a favorable outcome in terms of breeding goals and
rates of inbreeding and helps to answer questions, such as
whether crossing should be done between different MG (mix-
ing seed color and size), different GH (mixing bush and climb-
ing types), or different GP (mixing Andean and Mesoamer-
ican types). White et al. (1992) suggested exploitation of
genetic variance in climbing types to improve potential yield
in bush types. MateSel can be used as a tool to discover the
best outcome in the breeding program based on various tech-
nical and logistical constraints (Kinghorn & Kinghorn, 2021).
One technical constraint may be potentially poor field per-
formance in progeny of Andean bush X Mesoamerican bush
types due to a low frequency of shared domestication genes in
the two GP (Schmutz et al., 2014). If this occurs, then several
cycles of recurrent selection under OCS should re-establish a
high frequency of favorable domestication alleles.

The best result from OCS with MateSel, aligned with the
breeding goals of PABRA, was obtained when genotypes
were grouped based on MGs and some intergroup crossings
were permitted in OCS Scenario 6 (Supplemental Table S10).
Scenario 6 resulted in several crossings between bush and
climbing types (Table 5). Segregation will occur in progeny
of Scenario 6 for GH, seed color, and seed size. This project
is linked into regional breeding programs in six partner coun-
tries in East Africa where selection for these traits will occur
during selfing generations, and segregation for these traits in
early generations may be an advantage because each breed-
ing program has slightly different goals and target agro-
ecological environments and target markets. Some breeders
seek to release both bush and climbing cultivars with locally
preferred seed colors and size, whereas others are focused
mostly on small-seeded bush beans with a range of seed colors
(Figure 1).

Scenario 6 also resulted in a high proportion (68%) of
crosses between the two major gene pools of common bean,
Andean and Mesoamerican. Only 4 and 28% of designed
crosses were within the Mesoamerican and Andean pool,
respectively. The drivers of OCS are to promote strong genetic
gain in index while controlling for a low rate of population
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inbreeding (Woolliams et al., 2015), and in this study this
resulted in a high proportion of inter-GP crosses. There is
strong evidence from this and other studies (Raatz et al., 2019)
that genetic distance between the two pools is high, but dis-
agreement on the degree of genetic diversity within pools
(Bitocchi et al., 2013; Bitocchi et al., 2017; Kwak & Gepts,
2009; Talukder et al., 2010). Narrowing of genetic diversity
within the Mesoamerican and Andean gene pools has been
documented (Bitocchi et al., 2013), and previous studies also
support the use of interpool crossing to increase the potential
for future genetic improvement in CKT, Fe, and Zn (Beebe,
2020; Blair, 2013; Blair et al., 2010).

Our study demonstrates the high potential for rapid genetic
improvement of the African bean panel for GY, CKT, Fe,
and Zn through short cycles of genomic selection (Supple-
mental Figure S3). We propose to begin annual cycles of
recurrent genomic selection for GY, CKT, Fe, and Zn follow-
ing the principles of bulk S, (S ,) family selection (Walsh
& Lynch, 2018), which was used to model genetic gain in
GY and heat stress tolerance in wheat (Triticum aestivum L.)
based on BLUP and OCS (Cowling et al., 2019). We use the
acronym BRIO (ACIAR Research, 2021) to summarize this
breeding method, which is based on accurate breeding values
(B), rapid cycles (R), index selection (I), and optimized mat-
ing designs based on OCS (O). Scenario 6 (Table 6) is our
preferred option to rapidly improve GY, CKT, Fe, and Zn by
genomic selection over five annual cycles of bulk S, family
selection in four MGs of common bean (Figure 1) relevant to
East Africa.

An intermediate goal of biofortification with Fe is consid-
ered to be 22 mg kg~! over the local check (Beebe, 2020). In
this paper, an increase in Cycle 1 progeny mean Fe of 4.7 mg
kg~! is predicted in OCS Scenario 6 (Table 6). If this rate
of genetic gain continues over the next five annual cycles of
recurrent selection, the population mean Fe will increase by
more than 22 mg kg™!, and mean CKT will be 30-40% faster
than in the African bean panel.

ACKNOWLEDGMENTS

The collection of phenotypic and genotypic data for the
Africa bean panel was coordinated by CIAT Uganda under
the CGIAR Tropical Legumes III project funded by the Bill
& Melinda Gates Foundation. Field trials in East Africa
were coordinated by the Pan Africa Bean Breeding Alliance
(PABRA) and funded by the Swiss Agency for Develop-
ment and Cooperation (SDC) and Global Affairs Canada
(GAC). Compilation and analysis of data was funded by
the Australian Centre for International Agricultural Research
(ACIAR) project CROP/2018/132. We acknowledge the input
of six national agricultural research systems partners in
East Africa: National Crops Resources Research Institute,
Uganda (NaCRRI); Tanzanian Agricultural Research Institute
(TARI); Rwanda Agriculture and Animal Resources Devel-

opment Board (RAB); Institut des Sciences Agronomiques
du Burundi (ISABU); Ethiopian Institute of Agricultural
Research (EIAR); and Kenya Agricultural and Livestock
Research Organization (KALRO). Additional funding from
the institutions of the coauthors supported this work. We
thank Klint Gore (Animal Genetics and Breeding Unit, Uni-
versity of New England, Australia) for his assistance with
SNP marker imputation.

AUTHOR CONTRIBUTIONS

Renu Saradadevi: Data curation; Formal analysis; Inves-
tigation; Methodology; Project administration; Visualiza-
tion; Writing-original draft; Writing-review & editing.
Clare Mukankusi: Conceptualization; Data curation; Fund-
ing acquisition; Investigation; Methodology; Project admin-
istration; Resources; Supervision; Validation; Visualization;
Writing-review & editing. Li: Data curation; Formal anal-
ysis; Investigation; Methodology; Software; Writing-review
& editing. Winnyfred Amongi: Data curation; Investiga-
tion; Methodology; Project administration; Resources; Super-
vision; Writing-review & editing. Julius Peter Mbiu: Data
curation; Investigation; Methodology; Project administration;
Resources; Writing-review & editing. Bodo Raatz: Data
curation; Formal analysis; Methodology; Software; Valida-
tion; Visualization; Writing-review & editing. Daniel Ariza:
Data curation; Formal analysis; Methodology; Software;
Validation; Visualization; Writing-review & editing. Steve
Beebe: Funding acquisition; Methodology; Resources; Super-
vision; Writing-review & editing. Rajeev K. Varshney: Con-
ceptualization; Funding acquisition; Methodology; Valida-
tion; Writing-review & editing. Eric Huttner: Conceptualiza-
tion; Funding acquisition; Project administration; Resources;
Writing-review & editing. Brian Kinghorn: Methodology;
Software; Visualization; Writing-review & editing. Robert
Banks: Methodology; Resources; Software; Writing-review
& editing. Jean Claude Rubyogo: Conceptualization; Fund-
ing acquisition; Methodology; Project administration; Super-
vision; Writing-review & editing. Kadambot H. M. Siddique:
Conceptualization; Funding acquisition; Project administra-
tion; Resources; Supervision; Validation; Writing-review &
editing. Wallace Andrew Cowling: Conceptualization; Data
curation; Formal analysis; Funding acquisition; Investigation;
Methodology; Project administration; Resources; Supervi-
sion; Visualization; Writing-original draft; Writing-review &
editing.

DATA AVAILABILITY STATEMENT
The authors will make available the original field trial and
SNP data to interested parties upon request.

CONFLICT OF INTEREST
The authors declare no conflict of interest.



SARADADEVI ET AL.

The Plant Genome

13 of 16

ORCID
Renu Saradadevi® https://orcid.org/0000-0001-9436-2392
Clare Mukankusi 2 https://orcid.org/0000-0001-7837-4545

Li Li © https://orcid.org/0000-0002-3601-9729

Winnyfred Amongi © https://orcid.org/0000-0001-8532-
2348
Bodo Raatz ‘© https://orcid.org/0000-0003-0556-0691

Daniel Ariza‘® https://orcid.org/0000-0002-1871-3514
Rajeev K. Varshney (© https://orcid.org/0000-0002-4562-
9131

Eric Huttner © https://orcid.org/0000-0002-3240-9885
Kadambot H. M. Siddique © https://orcid.org/0000-0001-
6097-4235

Wallace A. Cowling ‘© https://orcid.org/0000-0002-3101-
7695

REFERENCES

ACIAR Research. (2021). Rapid cooking bean project. https://research.
aciar.gov.au/rapidcookingbeans

Amongi, W., Mukankusi, C., Sebuliba, S., & Mukamuhirwa, F. (2018).
Iron and zinc grain concentrations diversity and agronomic per-
formance of common bean germplasm collected from East Africa.
African Journal of Food, Agriculture, Nutrition and Development, 18,
13717-13742. https://doi.org/10.18697/ajfand.83.17070

Arruda, B., Guidolin, A. F., Coimbra, J. L. M., & Battilana, J. (2012).
Environment is crucial to the cooking time of beans. Ciencia
E Tecnologia De Alimentos, 32, 573-578. https://doi.org/10.1590/
s0101-20612012005000078

Assefa, T., Birru, G. A., Fininsa, C., Obsa, B., & Al Tawaha, A. R.
(2005). Participatory bean breeding with women and small holder
farmers in eastern Ethiopia. World Journal of Agricultural Sciences,
1, 28-35.

Bassett, A., Hooper, S., & Cichy, K. (2020). Genetic variability of cook-
ing time in dry beans (Phaseolus vulgaris L.) related to seed coat
thickness and the cotyledon cell wall. Food Research International,
141, 109886. https://doi.org/10.1016/j.foodres.2020.109886

Beebe, S. (2020). Biofortification of common bean for higher iron con-
centration. Frontiers in Sustainable Food Systems, 4, 573449. https:
//doi.org/10.3389/fsufs.2020.573449

Beebe, S., Gonzalez, A. V., & Rengifo, J. (2000). Research on trace min-
erals in the common bean. Food and Nutrition Bulletin, 21, 387-391.
https://doi.org/10.1177/156482650002100408

Bitocchi, E., Bellucci, E., Giardini, A., Rau, D., Rodriguez, M., Biagetti,
E., Santilocchi, R., Spagnoletti Zeuli, P., Gioia, T., Logozzo, G.,
Attene, G., Nanni, L., & Papa, R. (2013). Molecular analysis of the
parallel domestication of the common bean (Phaseolus vulgaris) in
Mesoamerica and the Andes. New Phytologist, 197, 300-313. https:
//doi.org/10.1111/j.1469-8137.2012.04377.x

Bitocchi, E., Rau, D., Bellucci, E., Rodriguez, M., Murgia, M. L.,
Gioia, T., Santo, D., Nanni, L., Attene, G., & Papa, R. (2017).
Beans (Phaseolus ssp.) as a model for understanding crop evolution.
Frontiers in Plant Science, 8, 722. https://doi.org/10.3389/fpls.2017.
00722

Blair, M. W. (2013). Mineral biofortification strategies for food staples:
The example of common bean. Journal of Agricultural and Food
Chemistry, 61, 8287-8294. https://doi.org/10.1021/jf400774y

Blair, M. W., Gonzélez, L. F., Kimani, P. M., & Butare, L. (2010).
Genetic diversity, inter-gene pool introgression and nutritional quality
of common beans (Phaseolus vulgaris L.) from central Africa. Theo-
retical and Applied Genetics, 121, 237-248. https://doi.org/10.1007/
s00122-010-1305-x

Brascamp, P. (1984). Selection indices with constraints. Animal Breeding
Abstracts, 52, 645-654.

Buruchara, R., Chirwa, R., Sperling, ., Mukankusi, C., Rubyogo, J. C.,
Muthoni, R., & Abang, M. M. (2011). Development and delivery
of bean varieties in Africa: The Pan-Africa Bean Research Alliance
(PABRA) model. African Crop Science Journal, 19, 227-245.

Butler, D. G., Cullis, B. R., Gilmour, A. R., Gogel, B. G., & Thompson,
R. (2017). ASReml-R reference manual Version 4. VSN International
Ltd.

Checa, O. E., & Blair, M. W. (2012). Inheritance of yield-related traits
in climbing beans (Phaseolus vulgaris L.). Crop Science, 52, 1998—
2013. https://doi.org/10.2135/cropsci2011.07.0368

Cichy, K. A., Caldas, G. V., Snapp, S. S., & Blair, M. W. (2009). QTL
analysis of seed iron, zinc, and phosphorus levels in an Andean bean
population. Crop Science, 49, 1742—1750. https://doi.org/10.2135/
cropsci2008.10.0605

Cichy, K. A., Wiesinger, J. A., Berry, M., Nchimbi-Msolla, S., Fourie,
D., Porch, T. G., Ambechew, D., & Miklas, P. N. (2019). The role
of genotype and production environment in determining the cooking
time of dry beans (Phaseolus vulgaris L.). Legume Science, 1, e13.
https://doi.org/10.1002/leg3.13

Cichy, K. A., Wiesinger, J. A., & Mendoza, F. A. (2015). Genetic diver-
sity and genome-wide association analysis of cooking time in dry
bean (Phaseolus vulgaris L.). Theoretical and Applied Genetics, 128,
1555-1567. https://doi.org/10.1007/s00122-015-2531-z

Cowling, W. A., Li, L., Siddique, K. H. M., Banks, R. G., & Kinghorn,
B. P. (2019). Modeling crop breeding for global food security during
climate change. Food and Energy Security, 8,e00157. https://doi.org/
10.1002/fes3.157

Cowling, W. A., Li, L., Siddique, K. H. M., Henryon, M., Berg, P., Banks,
R. G., & Kinghorn, B. P. (2017). Evolving gene banks: Improving
diverse populations of crop and exotic germplasm with optimal con-
tribution selection. Journal of Experimental Botany, 68, 1927-1939.
https://doi.org/10.1093/jxb/erw406

Delfini, J., Moda-Cirino, V., dos Santos Neto, J., Ruas, P. M., Sant’Ana,
G. C,, Gepts, P., & Gongalves, L. S. A. (2021). Population structure,
genetic diversity and genomic selection signatures among a Brazilian
common bean germplasm. Scientific Reports, 11, 2964. https://doi.
org/10.1038/s41598-021-82437-4

de los Campos, G., Sorensen, D., & Gianola, D. (2015). Genomic heri-
tability: What is it? PLoS Genetics, 11(5), e1005048. https://doi.org/
10.1371/journal.pgen.1005048

Dias, P. A. S., Almeida, D. V., Melo, P. G. S., Pereira, H. S., & Melo,
L. C. (2021). Effectiveness of breeding selection for grain quality in
common bean. Crop Science, 61, 1127-1140. https://doi.org/10.1002/
csc2.20422

Diaz, S., Ariza-Suarez, D., Ramdeen, R., Aparicio, J., Arunachalam, N.,
Hernandez, C., Diaz, H., Ruiz, H., Piepho, H.-P., & Raatz, B. (2021).
Genetic architecture and genomic prediction of cooking time in com-
mon bean (Phaseolus vulgaris L.). Frontiers in Plant Science, 11,
622213. https://doi.org/10.3389/fpls.2020.622213

Elia, F. M., Hosfield, G. L., Kelly, J. D., & Uebersax, M. A. (1997).
Genetic analysis and interrelationships between traits for cooking
time, water absorption, and protein and tannin content of Andean dry


https://orcid.org/0000-0001-9436-2392
https://orcid.org/0000-0001-9436-2392
https://orcid.org/0000-0001-7837-4545
https://orcid.org/0000-0001-7837-4545
https://orcid.org/0000-0002-3601-9729
https://orcid.org/0000-0002-3601-9729
https://orcid.org/0000-0001-8532-2348
https://orcid.org/0000-0001-8532-2348
https://orcid.org/0000-0001-8532-2348
https://orcid.org/0000-0003-0556-0691
https://orcid.org/0000-0003-0556-0691
https://orcid.org/0000-0002-1871-3514
https://orcid.org/0000-0002-1871-3514
https://orcid.org/0000-0002-4562-9131
https://orcid.org/0000-0002-4562-9131
https://orcid.org/0000-0002-4562-9131
https://orcid.org/0000-0002-3240-9885
https://orcid.org/0000-0002-3240-9885
https://orcid.org/0000-0001-6097-4235
https://orcid.org/0000-0001-6097-4235
https://orcid.org/0000-0001-6097-4235
https://orcid.org/0000-0002-3101-7695
https://orcid.org/0000-0002-3101-7695
https://orcid.org/0000-0002-3101-7695
https://research.aciar.gov.au/rapidcookingbeans
https://research.aciar.gov.au/rapidcookingbeans
https://doi.org/10.18697/ajfand.83.17070
https://doi.org/10.1590/s0101-20612012005000078
https://doi.org/10.1590/s0101-20612012005000078
https://doi.org/10.1016/j.foodres.2020.109886
https://doi.org/10.3389/fsufs.2020.573449
https://doi.org/10.3389/fsufs.2020.573449
https://doi.org/10.1177/156482650002100408
https://doi.org/10.1111/j.1469-8137.2012.04377.x
https://doi.org/10.1111/j.1469-8137.2012.04377.x
https://doi.org/10.3389/fpls.2017.00722
https://doi.org/10.3389/fpls.2017.00722
https://doi.org/10.1021/jf400774y
https://doi.org/10.1007/s00122-010-1305-x
https://doi.org/10.1007/s00122-010-1305-x
https://doi.org/10.2135/cropsci2011.07.0368
https://doi.org/10.2135/cropsci2008.10.0605
https://doi.org/10.2135/cropsci2008.10.0605
https://doi.org/10.1002/leg3.13
https://doi.org/10.1007/s00122-015-2531-z
https://doi.org/10.1002/fes3.157
https://doi.org/10.1002/fes3.157
https://doi.org/10.1093/jxb/erw406
https://doi.org/10.1038/s41598-021-82437-4
https://doi.org/10.1038/s41598-021-82437-4
https://doi.org/10.1371/journal.pgen.1005048
https://doi.org/10.1371/journal.pgen.1005048
https://doi.org/10.1002/csc2.20422
https://doi.org/10.1002/csc2.20422
https://doi.org/10.3389/fpls.2020.622213

14 of 16 The Plant Genome .0

SARADADEVI ET AL.

beans. Journal of the American Society for Horticultural Science, 122,
512-518. https://doi.org/10.21273/jashs.122.4.512

Esquinas-Alcézar, J. (2005). Protecting crop genetic diversity for food
security: Political, ethical and technical challenges. Nature Reviews
Genetics, 6, 946-953. https://doi.org/10.1038/nrg1729

Falconer, D. S., & Mackay, T. F. C. (1996). Introduction to quantitative
genetics, (4th ed.). Longman.

Farrow, A., & Muthoni-Andriatsitohaina, R. (Eds.). (2020). Atlas of com-
mon bean production in Africa (2nd ed.). Pan-Africa Bean Research
Alliance , International Center for Tropical Agriculture.

Foyer, C. H., Lam, H.-M., Nguyen, H. T., Siddique, K. H. M., Varshney,
R. K., Colmer, T. D., Cowling, W., Bramley, H., Mori, T. A., Hodgson,
J. M., Cooper, J. W., Miller, A. J., Kunert, K., Vorster, J., Cullis, C.,
Ozga, J. A., Wahlqvist, M. L., Liang, Y., Shou, H., ... Considine, M.
J. (2016). Neglecting legumes has compromised human health and
sustainable food production. Nature Plants, 2, 16112. https://doi.org/
10.1038/nplants.2016.112

Gelin, J. R., Forster, S., Grafton, K. F., McClean, P. E., & Rojas-
Cifuentes, G. A. (2007). Analysis of seed zinc and other minerals in a
recombinant inbred population of navy bean (Phaseolus vulgaris L.).
Crop Science, 47, 1361-1366. https://doi.org/10.2135/cropsci2006.
08.0510

Gtlowacka, A., Klikocka, H., & Onuch, J. (2015). Content of zinc and
iron in common bean seeds (Phaseolus vulgaris L.) in different weed
control methods. Journal of Elementology, 20, 293-303. https://doi.
org/10.5601/jelem.2014.19.2.499

Gorjanc, G., Gaynor, R. C., & Hickey, J. M. (2018). Optimal cross selec-
tion for long-term genetic gain in two-part programs with rapid recur-
rent genomic selection. Theoretical and Applied Genetics, 131, 1953—
1966. https://doi.org/10.1007/s00122-018-3125-3

Hayes, B. J., Wei, X., Joyce, P., Atkin, F., Deomano, E., Yue, J.,
Nguyen, L., -Ross, E. M., Cavallaro, T., Aitken, K. S., & Voss-Fels,
K. P. (2021). Accuracy of genomic prediction of complex traits
in sugarcane. Theoretical and Applied Genetics, 134, 1455-1462.
https://doi.org/10.1007/s00122-021-03782-6

Hummel, M., Talsma, E. F., Taleon, V., Londoiio, L., Brychkova, G.,
Gallego, S., Raatz, B., & Spillane, C. (2020). Iron, zinc and phytic
acid retention of biofortified, low phytic acid, and conventional bean
varieties when preparing common household recipes. Nutrients, 12,
658. https://doi.org/10.3390/nu12030658

Jacinto-Hernandez, C., Azpiroz-Rivero, S., Acosta-Gallegos, J. A.,
Hernandez-Sanchez, H., & Bernal-Lugo, 1. (2003). Genetic anal-
ysis and random amplified polymorphic DNA markers associated
with cooking time in common bean. Crop Science, 43, 329-332.
https://doi.org/10.2135/cropsci2003.3290

Jackson, G. M., & Varriano-Marston, E. (1981). Hard-to-cook phe-
nomenon in beans: Effects of accelerated storage on water absorp-
tion and cooking time. Journal of Food Science, 46, 799-803. https:
//doi.org/10.1111/j.1365-2621.1981.tb15351.x

Jost, E., Ribeiro, N. D., Maziero, S. M., Possobom, M. T., Rosa, D. P.,
& da Silva Domingues, L. (2013). Comparison among direct, indirect
and index selections on agronomic traits and nutritional quality traits
in common bean. Journal of the Science of Food and Agriculture, 93,
1097-1104. https://doi.org/10.1002/jsfa.5856

Katungi, E., Kikulwe, E., & Emongor, R. (2015). Analysis of farmers val-
uation of common bean attributes and preference heterogeneity under
environmental stresses of Kenya. African Journal of Agricultural
Research, 10, 2889-2901. https://doi.org/10.5897/ajar2014.8979

Katungi, E., Larochelle, C., Mugabo, J., & Buruchara, R. (2018). Climb-
ing bean as a solution to increase productivity in land-constrained
environments: Evidence from Rwanda. Outlook on Agriculture, 48,
28-36. https://doi.org/10.1177/0030727018813698

Katuuramu, D. N., Hart, J. P., Porch, T. G., Grusak, M. A., Glahn,R.P., &
Cichy, K. A. (2018). Genome-wide association analysis of nutritional
composition-related traits and iron bioavailability in cooked dry beans
(Phaseolus vulgaris L.). Molecular Breeding, 38, 44. https://doi.org/
10.1007/s11032-018-0798-x

Katuuramu, D. N., Luyima, G. B., Nkalubo, S. T., Wiesinger, J.
A., Kelly, J. D., & Cichy, K. A. (2020). On-farm multi-location
evaluation of genotype by environment interactions for seed yield
and cooking time in common bean. Scientific Reports, 10, 3628.
https://doi.org/10.1038/s41598-020-60087-2

Keller, B., Ariza-Suarez, D., de la Hoz, J., Aparicio, J. S., Portilla-
Benavides, A. E., Buendia, H. F., Mayor, V. M., Studer, B., & Raatz,
B. (2020). Genomic prediction of agronomic traits in common bean
(Phaseolus vulgaris L..) under environmental stress. Frontiers in Plant
Science, 11, 1001. https://doi.org/10.3389/fpls.2020.01001

Kimani, P. M., & Warsame, A. (2019). Breeding second-generation
biofortified bean varieties for Africa. Food and Energy Security, 8,
e00173. https://doi.org/10.1002/fes3.173

Kinghorn, B. P., & Kinghorn, A. J. (2021). Instructions for MateSel.
https://matesel.com/content/documentation/MateSelInstructions.pdf

Kinghorn, B. P. (2011). An algorithm for efficient constrained mate
selection. Genetics Selection Evolution, 43, (4),. https://doi.org/10.
1186/1297-9686-43-4

Kinghorn, B. P. (2021). DESIRE. Target your genetic gains. https://
bkinghor.une.edu.au/desire.htm

Klisener, G. R., Ribeiro, N. D., Casagrande, C. R., & Arns, F. D. (2019).
Consumer preference and the technological and nutritional quality
of different bean colours. Acta Scientiarum. Agronomy, 42, e43689.
https://doi.org/10.4025/actasciagron.v42i1.43689

Kwak, M., & Gepts, P. (2009). Structure of genetic diversity in the two
major gene pools of common bean (Phaseolus vulgaris L., Fabaceae).
Theoretical and Applied Genetics, 118, 979-992. https://doi.org/10.
1007/s00122-008-0955-4

Lobaton, J. D., Miller, T., Gil, J., Ariza, D., de la Hoz, J. F., Soler, A.,
Beebe, S., Duitama, J., Gepts, P., & Raatz, B. (2018). Resequencing of
common bean identifies regions of inter—gene pool introgression and
provides comprehensive resources for molecular breeding. The Plant
Genome, 11, 170068. https://doi.org/10.3835/plantgenome2017.08.
0068

Maechler, M., Rousseeuw, P., Struyf, A., Hubert, M. & Hornik, K.
(2021). cluster: Cluster analysis basics and extensions (R package ver-
sion 2.1.2.). https://CRAN.R-project.org/package=cluster

Mughi, I., Ochwo-Ssemakula, M., Edema, R., Gibson, P., & Mukankusi,
C. (2021). Variability in cooking time, iron and zinc content in com-
mon bean (Phaseolus vulgaris L.) genotypes. Journal of Scientific
Agriculture, 5, 6—11. https://doi.org/10.25081/jsa.2021.v5.6559

Mukamuhirwa, F., Tusiime, G., & Mukankusi, M. C. (2015). Inheritance
of high iron and zinc concentration in selected bean varieties. Euphyt-
ica, 205, 349-360. https://doi.org/10.1007/s10681-015-1385-4

Mukankusi, C., Raatz, B., Nkalubo, S., Berhanu, F., Binagwa, P.,
Kilango, M., Williams, M., Katungi, E., Chirwa, R., & Beebe, S.
(2019). Genomics, genetics and breeding of common bean in Africa:
A review of tropical legume project. Plant Breeding, 138, 401-414.
https://doi.org/10.1111/pbr.12573


https://doi.org/10.21273/jashs.122.4.512
https://doi.org/10.1038/nrg1729
https://doi.org/10.1038/nplants.2016.112
https://doi.org/10.1038/nplants.2016.112
https://doi.org/10.2135/cropsci2006.08.0510
https://doi.org/10.2135/cropsci2006.08.0510
https://doi.org/10.5601/jelem.2014.19.2.499
https://doi.org/10.5601/jelem.2014.19.2.499
https://doi.org/10.1007/s00122-018-3125-3
https://doi.org/10.1007/s00122-021-03782-6
https://doi.org/10.3390/nu12030658
https://doi.org/10.2135/cropsci2003.3290
https://doi.org/10.1111/j.1365-2621.1981.tb15351.x
https://doi.org/10.1111/j.1365-2621.1981.tb15351.x
https://doi.org/10.1002/jsfa.5856
https://doi.org/10.5897/ajar2014.8979
https://doi.org/10.1177/0030727018813698
https://doi.org/10.1007/s11032-018-0798-x
https://doi.org/10.1007/s11032-018-0798-x
https://doi.org/10.1038/s41598-020-60087-2
https://doi.org/10.3389/fpls.2020.01001
https://doi.org/10.1002/fes3.173
https://matesel.com/content/documentation/MateSelInstructions.pdf
https://doi.org/10.1186/1297-9686-43-4
https://doi.org/10.1186/1297-9686-43-4
https://bkinghor.une.edu.au/desire.htm
https://bkinghor.une.edu.au/desire.htm
https://doi.org/10.4025/actasciagron.v42i1.43689
https://doi.org/10.1007/s00122-008-0955-4
https://doi.org/10.1007/s00122-008-0955-4
https://doi.org/10.3835/plantgenome2017.08.0068
https://doi.org/10.3835/plantgenome2017.08.0068
https://CRAN.R-project.org/package=cluster
https://doi.org/10.25081/jsa.2021.v5.6559
https://doi.org/10.1007/s10681-015-1385-4
https://doi.org/10.1111/pbr.12573

SARADADEVI ET AL.

The Plant Genome

15 of 16

Nakagawa, S., & Schielzeth, H. (2010). Repeatability for Gaussian
and non-Gaussian data: A practical guide for biologists. Biologi-
cal Reviews, 85,935-956. https://doi.org/10.1111/j.1469-185X.2010.
00141.x

Nkhata, W., Shimelis, H., Melis, R., Chirwa, R., Tenyson Mzengeza,
T., Mathew, 1., & Shayanowako, A. (2020). Population structure and
genetic diversity analyses of common bean germplasm collections
of East and Southern Africa using morphological traits and high-
density SNP markers. PLOS ONE, 15(12), €0243238. https://doi.org/
10.1371/journal.pone.0243238

Paltridge, N. G., Palmer, L. J., Milham, P. J., Guild, G. E., & Stangoulis,
J. C.R. (2012). Energy-dispersive X-ray fluorescence analysis of zinc
and iron concentration in rice and pearl millet grain. Plant and Soil,
361, 251-260. https://doi.org/10.1007/s11104-011-1104-4

Proctor, J. P., & Watts, B. M. (1987). Effect of cultivar, growing loca-
tion, moisture and phytate content on the cooking times of freshly
harvested navy beans. Canadian Journal of Plant Science, 67, 923—
926. https://doi.org/10.4141/cjps87-130

Raatz, B., Mukankusi, C., Lobaton, J. D., Male, A., Chisale, V., Amsalu,
B., Fourie, D., Mukamuhirwa, F., Muimui, K., Mutari, B., Nchimbi-
Msolla, S., Nkalubo, S., Tumsa, K., Chirwa, R., Maredia, M. K., &
He, C. (2019). Analyses of African common bean (Phaseolus vulgaris
L.) germplasm using a SNP fingerprinting platform: Diversity, quality
control and molecular breeding. Genetic Resources and Crop Evolu-
tion, 66, 707-722. https://doi.org/10.1007/s10722-019-00746-0

Reyes-Moreno, C., Paredes-Lopez, O., & Gonzalez, E. (1993). Hard-
to-cook phenomenon in common beans: A review. Critical Reviews
in Food Science and Nutrition, 33, 227-286. https://doi.org/10.1080/
10408399309527621

Ribeiro, N. D., dos Santos, G. G., Maziero, S. M., & dos Santos, G. G.
(2021). Genetic diversity and selection of bean landraces and cultivars
based on technological and nutritional traits. Journal of Food Compo-
sition and Analysis, 96, 103721. https://doi.org/10.1016/j.jfca.2020.
103721

Ribeiro, N. D., Jost, E., Maziero, S. M., Storck, L., & Rosa, D. P. (2014).
Selection of common bean lines with high grain yield and high grain
calcium and iron concentrations. Revista Ceres, 61, 77-83.

Ribeiro, N. D., Rodrigues, J. D. A., Prigol, M., Nogueira, C. W., Storck,
L., & Gruhn, E. M. (2014). Evaluation of special grains bean lines for
grain yield, cooking time and mineral concentrations. Crop Breed-
ing and Applied Biotechnology, 14, 15-22. https://doi.org/10.1590/
$1984-70332014000100003

Rubyogo, J. C., Lung’aho, M., Ochieng, J., Binagwa, P., Mdachi, M.,
Zakayo, E., Shida, N., Msaky, J., Kadege, E., Birachi, B., Mutua,
M., Nyakundi, F., & Kalemera, S. (2019). Consumer acceptance of
and willingness to pay for high-iron beans in northern Tanzania.
International Center for Tropical Agriculture, Tanzania Agricultural
Research Institute. https://hdl.handle.net/10568/105881

Sargolzaei, M., Chesnais, J. P., & Schenkel, F. S. (2014). A new approach
for efficient genotype imputation using information from relatives.
BMC Genomics, 15, 478. https://doi.org/10.1186/1471-2164-15-478

Sarinelli, J. M., Murphy, J. P., Tyagi, P., Holland, J. B., Johnson, J. W,
Mergoum, M., Mason, R. E., Babar, A., Harrison, S., Sutton, R., Grif-
fey, C. A., & Brown-Guedira, G. (2019). Training population selection
and use of fixed effects to optimize genomic predictions in a histori-
cal USA winter wheat panel. Theoretical and Applied Genetics, 132,
1247-1261. http://doi.org/10.1007/s00122-019-03276-6

Schmutz, J., McClean, P. E., Mamidi, S., Wu, G. A., Cannon, S. B.,
Grimwood, J., Jenkins, J., Shu, S., Song, Q., Chavarro, C., Torres-

Torres, M., Geffroy, V., Moghaddam, S. M., Gao, D., Abernathy,
B., Barry, K., Blair, M., Brick, M. A., Chovatia, M., ... Jackson,
S. A. (2014). A reference genome for common bean and genome-
wide analysis of dual domestications. Nature Genetics, 46, 707-713.
https://doi.org/10.1038/ng.3008

Searle, S. R. (1961). Phenotypic, genetic and environmental correlations.
Biometrics, 17, 474-480.

Shellie-Dessert, K. C., & Hosfield, G. L. (1990). Implications of genetic
variability for dry bean cooking time and novel cooking methods for
fuelwood conservation in Rwanda. Ecology of Food and Nutrition,
24, 195-211. https://doi.org/10.1080/03670244.1990.9991138

Shellie, K., & Hosfield, G. (1991). Genotype X environmental effects on
food quality of common bean: Resource-efficient testing procedures.
Journal of the American Society for Horticultural Science, 116, 732—
736. https://doi.org/10.21273/JASHS.116.4.732

Singh, S. P. (1981). A key for identification of different growth habits of
Phaseolus vulgaris L. Centro Internacional de Agricultura Tropical.
https://cgspace.cgiar.org/handle/10568/72290

Stanley, D. W. (1992). Hard beans: A problem for growers, proces-
sors, and consumers. HortTechnology, 2, 370-378. https://doi.org/10.
21273/horttech.2.3.370

Stevens, G. A., Finucane, M. M., De-Regil, L. M., Paciorek, C. J., Flax-
man, S. R., Branca, F., Pefia-Rosas, J. P., Bhutta, Z. A., & Ezzati,
M. (2013). Global, regional, and national trends in haemoglobin con-
centration and prevalence of total and severe anaemia in children and
pregnant and non-pregnant women for 1995-2011: A systematic anal-
ysis of population-representative data. The Lancet Global Health, 1,
el6-e25. https://doi.org/10.1016/52214-109x(13)70001-9

Talukder, Z. 1., Anderson, E., Miklas, P. N., Blair, M. W., Osorno, J.,
Dilawari, M., & Hossain, K. G. (2010). Genetic diversity and selection
of genotypes to enhance Zn and Fe content in common bean. Cana-
dian Journal of Plant Science, 90, 49-60. https://doi.org/10.4141/
CJPS09096

Trucchi, E., Benazzo, A., Lari, M., Iob, A., Vai, S., Nanni, L., Bel-
lucci, E., Bitocchi, E., Raffini, F., Xu, C., Jackson, S. A., Lema,
V., Babot, P., Oliszewski, N., Gil, A., Neme, G., Michieli, C. T.,
De Lorenzi, M., Calcagnile, L., ... Bertorelle, G. (2021). Ancient
genomes reveal early Andean farmers selected common beans while
preserving diversity. Nature Plants, 7, 123-128 https://doi.org/10.
1038/541477-021-00848-7

VanRaden, P. M. (2008). Efficient methods to compute genomic predic-
tions. Journal of Dairy Science, 91, 4414-4423. https://doi.org/10.
3168/jds.2007-0980

Walsh, B., & Lynch, M. (2018). Evolution and selection of quantitative
traits. Oxford University Press.

Wang, N., & Daun, J. K. (2005). Determination of cooking times of
pulses using an automated Mattson cooker apparatus. Journal of the
Science of Food and Agriculture, 85, 1631-1635. https://doi.org/10.
1002/jsfa.2134

White, J. W., Kornegay, J., Castillo, J., Molano, C. H., Cajiao, C., &
Tejada, G. (1992). Effect of growth habit on yield of large-seeded
bush cultivars of common bean. Field Crops Research, 29, 151-161.
https://doi.org/10.1016/0378-4290(92)90084-m

World Health Organization. (2002). The world health report 2002:
Reducing risks, promoting healthy life. World Health Organisation

Wiesinger, J., Cichy, K., Tako, E., & Glahn, R. (2018). The fast cooking
and enhanced iron bioavailability properties of the manteca yellow
bean (Phaseolus vulgaris L.). Nutrients, 10, 1609. https://doi.org/10.
3390/nul0111609


https://doi.org/10.1111/j.1469-185X.2010.00141.x
https://doi.org/10.1111/j.1469-185X.2010.00141.x
https://doi.org/10.1371/journal.pone.0243238
https://doi.org/10.1371/journal.pone.0243238
https://doi.org/10.1007/s11104-011-1104-4
https://doi.org/10.4141/cjps87-130
https://doi.org/10.1007/s10722-019-00746-0
https://doi.org/10.1080/10408399309527621
https://doi.org/10.1080/10408399309527621
https://doi.org/10.1016/j.jfca.2020.103721
https://doi.org/10.1016/j.jfca.2020.103721
https://doi.org/10.1590/s1984-70332014000100003
https://doi.org/10.1590/s1984-70332014000100003
https://hdl.handle.net/10568/105881
https://doi.org/10.1186/1471-2164-15-478
http://doi.org/10.1007/s00122-019-03276-6
https://doi.org/10.1038/ng.3008
https://doi.org/10.1080/03670244.1990.9991138
https://doi.org/10.21273/JASHS.116.4.732
https://cgspace.cgiar.org/handle/10568/72290
https://doi.org/10.21273/horttech.2.3.370
https://doi.org/10.21273/horttech.2.3.370
https://doi.org/10.1016/s2214-109x(13)70001-9
https://doi.org/10.4141/CJPS09096
https://doi.org/10.4141/CJPS09096
https://doi.org/10.1038/s41477-021-00848-7
https://doi.org/10.1038/s41477-021-00848-7
https://doi.org/10.3168/jds.2007-0980
https://doi.org/10.3168/jds.2007-0980
https://doi.org/10.1002/jsfa.2134
https://doi.org/10.1002/jsfa.2134
https://doi.org/10.1016/0378-4290(92)90084-m
https://doi.org/10.3390/nu10111609
https://doi.org/10.3390/nu10111609

16 of 16 The Plant Genome .0 SARADADEVI ET AL.

Wiesinger, J. A., Cichy, K. A., Glahn, R. P., Grusak, M. A., Brick, SUPPORTING INFORMATION
M. A., Thompson, H. J., & Tako, E. (2016). Demonstrating a nutri- Additional supporting information may be found in the online
tional advantage to the fast-cooking dry bean (Phaseolus vulgaris version of the article at the publisher’s website.
L.). Journal of Agricultural and Food Chemistry, 64, 8592-8603.
https://doi.org/10.1021/acs.jafc.6b03100
Woolliams, J. A., Berg, P., Dagnachew, B. S., & Meuwissen, T. H. E.

(2015). Genetic contributions and their optimization. Journal of Ani- How to cite this article: Saradadevi R., Mukankusi
mal Breeding and Genetics, 132, 89-99. https://doi.org/10.1111/jbg. C.,LiL., Amongi W., Mbiu J. P., Raatz B., Ariza D
12148 4 ° ) - KB, . .

Beebe S., Varshney R. K, Huttner E., Kinghorn B.,
Zemolin, A. E. M., Ribeiro, N. D., Casagrande, C. R., Silva, M. J. D., & y u &

Arns, F. D. (2016). Genetic parameters of iron and zinc concentrations Banks R., Rubyogo J. C., Siddique K. H. M., &

in Andean common bean seeds. Acta Scientiarum Agronomy, 38, 439— Cowling W. A. Multivariate genomic analysis and

446. https://doi.org/10.4025/actasciagron.v38i4.30652 optimal contributions selection predicts high genetic
gains in cooking time, iron, zinc, and grain yield in
common beans in East Africa. Plant Genome.
2021;e20156. https://doi.org/10.1002/tpg2.20156


https://doi.org/10.1021/acs.jafc.6b03100
https://doi.org/10.1111/jbg.12148
https://doi.org/10.1111/jbg.12148
https://doi.org/10.4025/actasciagron.v38i4.30652
https://doi.org/10.1002/tpg2.20156

	Multivariate genomic analysis and optimal contributions selection predicts high genetic gains in cooking time, iron, zinc, and grain yield in common beans in East Africa
	Abstract
	1 | INTRODUCTION
	2 | MATERIALS AND METHODS
	2.1 | Field trials
	2.2 | Laboratory evaluation
	2.3 | Statistical analysis
	2.4 | Repeatability in single trials
	2.5 | Stage 1 analysis: Multienvironment univariate analysis with genotype as a fixed effect
	2.6 | Stage 2 analysis: Multivariate analysis for genomic prediction
	2.6.1 | Construction of the genomic relationship matrix
	2.6.2 | Cluster analysis of genomic relationships in the African bean panel
	2.6.3 | Estimation of GEBV by multivariate GBLUP

	2.7 | Optimized selection index
	2.8 | OCS
	2.8.1 | Restricting crossing within and between groups


	3 | RESULTS
	3.1 | Repeatability and concurrence
	3.2 | Stage 1 analysis: Multienvironment univariate analysis with genotype as a fixed effect
	3.3 | Stage 2 analysis: Multivariate GBLUP analysis with genotype as a random effect
	3.4 | Genomic relationships
	3.5 | Optimized selection index and OCS

	4 | DISCUSSION
	ACKNOWLEDGMENTS
	AUTHOR CONTRIBUTIONS
	DATA AVAILABILITY STATEMENT

	CONFLICT OF INTEREST
	ORCID
	REFERENCES
	SUPPORTING INFORMATION


