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Abstract Common bean is a grain legume of global
importance especially for proteins and micronutri-
ents. The crop is a staple food in sub-Saharan Africa,
where it has gained importance in iron biofortification
for people prone to anemia. However, biotic and abi-
otic constraints, long cooking time, and high phytic
acid and polyphenols both of which affect bioavail-
able iron, hinder the production and health benefits.
To inform breeding decisions, the study determined
genetic diversity and population structure within 725
breeding lines, varieties, or landraces mostly from
Uganda and South America. Genotyping by sequenc-
ing and diversity array technology (DarTseq) were
used to generate single nucleotide polymorphic mark-
ers on Setl (427) and Set2 (298) germplasm, respec-
tively. The germplasm were grouped into Andean
and Mesoamerican gene pools, with the latter as the
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larger subpopulation. Analysis of molecular variance
revealed 46% (Set1) and 50% (Set2) of genetic varia-
tion among the subpopulations, with fixation indices
(Fgp) of 0.54 (Setl) and 0.71 (Set2) among Andean
and Mesoamerican beans, respectively. The over-
all germplasm’s gene diversities were 0.206 (Setl)
and 0.332 (Set2). Admixtures were the most diverse
(0.193) in both sets of germplasm. The germplasm
exhibited high genetic diversity and as a result they
have a high potential for use in plant breeding. Inter-
gene pool crosses within and across market classes
are possible and considering both approaches is
expected to increase diversity to realize genetic gain.
The structure and polymorphic information gener-
ated provided useful perspectives for genomic breed-
ing and genome-wide association study using the
population.
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Introduction

Common bean (Phaseolus vulgaris L. 2n=2x=22) is
an important grain legume crop of global importance,
especially in sub-Saharan Africa. The crop is rich in
calories, proteins, and micronutrients, especially iron,
zinc, thiamin, and folic acid (Myers and Kmiecik
2017). Over 400 million people in Africa directly
consume beans (CIAT 2018). However, due to sev-
eral biotic and abiotic production challenges, on farm
yields of 394-1589 kg/ha in most African countries
remain below the potential yield of 1500-2000 kg/ha
of bush beans (CIAT 2008; Mukankusi et al. 2019).

Cultivated beans are from two distinct gene pools:
the Mesoamerican and the Andean pools. The Mes-
oamerican gene pool is divided into three races: the
medium-size seeded prostrate bush, “Durango,” from
dry highland Mexico; the climbing bean, “Jalisco,”
from the moist highlands of central Mexico; and the
small-seeded bush types, Mesoamerica, from the low-
land Central America and Mexico (Singh, et al. 1991).
There are also three races of highland climbing beans
from Peru, mid-altitude bush from Nueva Granada
and prostrate bush or weak climbers from Chile in the
Andean gene pool (Singh, et al. 1991). The weight of
100 seeds for Andean beans ranges from 35.0-50.0 g,
whereas those for Mesoamerican and Durango types
are approximately 20.0 g and 30.0 g, respectively
(Singh, et al. 1991). In Africa, both Andean and Mesoa-
merican beans are grown at varying percentages across
countries or regions, and with narrow diversity of
Andean beans (Bellucci et al. 2014; Cichy et al. 2015).
In eastern Africa, Andean beans are the more preferred
(Farrow and Muthoni-Andriatsitohaina 2020).

The market for beans in Africa is mainly driven the
grain-type. The segments are characterized by size
and color attributes (Buruchara et al. 2011). Popu-
lar market classes include large red mottled (calima),
small and large white, yellow, sugar (speckled), dark
red kidney, small red, carioca (small stripped), and
pinto, with varying preferences for more than one of
these market classes within countries (Buruchara et al.
2011). Because of their high market demand, the mot-
tled and plain red beans account for approximately
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43% of the production in East Africa, followed by
sugar, yellow, and white beans at 18, 13, and 9%,
respectively (Farrow and Muthoni-Andriatsitohaina
2020). Large red mottled, sugar and yellow beans
dominate the production in Uganda (Buruchara et al.
2011; Farrow and Muthoni-Andriatsitohaina 2020).

Information on diversity and population struc-
ture are essential for breeding to result in progres-
sive genetic improvement and for the conservation
of genetic diversity. Analyses of African germplasm
using molecular markers revealed high diversity in
East, Central, and South African bean germplasm
for crop improvement, with more diversity in Mes-
oamerican than Andean genotypes (Asfaw et al.
2009; Nhkata et al. 2021). Such findings point to the
possibility of increased molecular breeding of com-
mon bean in the region. The use of molecular mark-
ers decreases the challenges of conventional methods
that are time-consuming, environment-dependent, and
result in marginal genetic gains (Crossa et al. 2017). A
diverse population is a source of desirable genetic var-
iants for breeding. It is also important as a reference
for predicting models in genomic selection (Tianhua
and Chengdao 2020). However, such populations are
often highly structured, which can influence predic-
tion accuracy, heritability and trait association based
on whole genome analysis (Azevedo et al. 2017).

Several PCR-based markers, such as SSR and
AFLP (Beebe et al. 2001; Zargar et al. 2016), and
microsatellite-based methods (Asfaw et al. 2009)
have been deployed to differentiate gene pools and
understand diversity in common beans. Many recent
studies have utilized SNP marker-based technolo-
gies because of their high throughput, low cost, and
abundance of SNPs in the genome (Mammadov et al.
2012; Bellucci et al. 2014; Cichy et al. 2015; Nhkata
et al. 2021). Diversity arrays technology sequencing
(DArTseq) and genotyping by sequencing (GBS) are
both widely adopted SNP-based methods for genetic
studies that involve a genome complexity reduc-
tion step, which selectively avoids highly repetitive
genomic regions (Elshire et al. 2011; Kilian et al.
2012). Performance differences were reported in the
use of DArT and GBS data but strong significant
[P<0.01] correlations of genetic diversity matri-
ces [r=0.6 to 0.72], and similar structures across
the main principal components between the two
approaches showed that both are efficient (Elbasyoni
et al. 2018; Darrier et al. 2019).
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This study aimed to evaluate the genetic diversity
and structure of breeding lines and released varieties in
East Africa to determine the relevance of the population
for genomic selection, for use in the Pan African Bean
Research Alliance (PABRA). Two populations that
consisted of 725 common bean genotypes were ana-
lyzed by high-density single nucleotide polymorphic
(SNP) markers generated using either DarTseq or GBS.

Materials and methods
Plant material

In total, 427 breeding lines, including their parents, and
a panel of 298 breeding lines and varieties released in
eastern Africa, hereafter referred to as Setl and Set2,
respectively, were studied. The germplasm originated
from breeding programmes in six African countries,
South America and North America, with the majority

(582 lines) sourced from Uganda (Table 1). Setl con-
sisted of 33 parental and 394 advanced lines selected
from 71 populations developed for common bacterial
blight (CBB) and angular leaf spot (ALS) resistance,
drought tolerance, fast cooking time, and seed iron/zinc
improvement at the Alliance of Bioversity and CIAT in
Uganda. Set2 included 82% breeding lines, 17% varie-
ties, and 1% landraces. The major common bean mar-
ket classes in Africa, which include red and red mottled
(Calima), sugar (speckled), white, and yellow beans,
consisted of 40.4% of all the germplasm (Table 1).

DNA extraction, genotyping, and filtering

The DNA from Setl germplasm was extracted from
the leaves of 10—14 days old plants using the cetyltri-
methyl ammonium bromide (CTAB) method adapted
from Doyle and Doyle (1987). The DNA quality
was assessed by 0.8% Agarose gel electrophoresis,
and then quantified by PicoGreen (Moreno and Cox

Table 1 Origin and market
class within gene pools of

Setl

Set2

472 (Setl) and 298 (Set2)

Andean Mesoamerican Admixture

Andean Mesoamerican Admixture

common bean genotypes

Total 87 305 35 64 140 94
Origin
Uganda 72 293 34 31 65 88
South America 13 12 1 23 64 3
North America 4 7 2
Rwanda 1 0 4 2 1
Malawi 1 0 1 0 0
Tanzania 1 0 0
DRC 0 1 0
Ethiopia 0 1 0
Color
Black 0 43 1 39 11
Brown 3 6 1 4 0
Cream (Pinto, 2 159 5 13 17 20
Carioca,
Mulatinho)
Others 9 16 18 2 2
Pink 1 0 0 1 3 2
Purple 5 0 1 0 28
Red 7 51 2 9 35 2
Red mottled 15 0 0 10 11 25
Sugar (speckled) 23 1 3 20 0 2
White 9 26 3 3 20 2
Yellow 13 3 0 1
@ Springer
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2010). DNA libraries for each sample were con-
structed following the GBS protocol of Elshire et al.
(2011). The DNA from the germplasm was digested
using ApeKI, and a unique barcoded adapter and a
common adapter were used to ligate restriction frag-
ments. Libraries, each comprising 96 germplasm
samples were sequenced in a lane of an Illumina
HiSeq4000 at Michigan State University using the
sequencing format Single End 150-pb. The qual-
ity check on raw data was performed in FASTQC, a
Java-based quality control tool, which provided per-
base and per-read quality profiles (Andrews 2010).
Cutadapt was used to search and remove adaptors,
and filter short or untrimmed reads (Martin 2011).
Bowtie2 (Langmead and Salzberg 2012) was used to
align the sequences against the reference genome P.
Vulgaris v.2.1 (https://phytozome.jgi.doe.gov/). Bow-
tie2 extracted ‘seed’ substrings from the read and its
reverse complement, aligned the extracted substrings
to the reference in an ungapped fashion assisted by
the full-text minute index, prioritized seed alignments
and calculated their positions in the reference genome
from the index, and finally extended seeds into full
alignments by performing single-instruction multi-
ple-data (SIMD)-accelerated dynamic programming
(Langmead and Salzberg 2012). SNP calling was
done with the software NGSEP (Duitama et al. 2014).

For Set2 germplasm, leaf samples from 10 to
14 days old plants were punched into 96-well plates
and oven-dried at 40 °C for 12 h. A 200 g silica gel
enclosed in an envelope was attached to each sealed
plate before shipping to the Integrated Genotyping Ser-
vice and Support (IGSS) in Nairobi, Kenya. DNA was
extracted using the Nucleomag plant genomic DNA
extraction kit (Macherey—Nagel). The quality and
quantity were assessed on 0.8% agarose gels and using
a NanoDrop 2000 spectrophotometer (Thermo Scien-
tific, USA). Genotypes were sequenced using diver-
sity array technology sequencing (DarTseq). Genomic
complexity reduction technology was used to construct
a genomic DNA library (Kilian et al. 2012), which
was purified and quantified for cluster generation in
an automated clonal amplification system (cBOT Illu-
mina). Sequencing was performed on HiSeq2500-I11u-
mina. Reads were aligned to the Common bean v9 and
Soybean v2 blast databases using an E-value of 5e —5
and 90% minimum sequence identity.

Through GBS and DArT, 210,450 and 22,890 SNP
markers were generated in Setl and Set2 respectively.
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Data were filtered in TASSEL v5.2.75 (Bradbury
et al. 2007) using a minimum call rate of 80%, and
minimum minor allele frequency (MAF) of 0.01,
resulting in 3061 markers for Setl and 11,636 mark-
ers for Set2 that were considered for further analysis.
Linkage disequilibrium k-nearest neighbors’ imputa-
tion (LD KNNI) was performed on the resulting SNP
data in the same software.

Population structure and diversity analysis

Several methods exist for population structure analy-
sis as elucidated by Raj et al. (2014) to bring out both
advantages and disadvantages. The software “Struc-
ture” is commonly used but it is computationally
challenging for large datasets. The program ‘fast-
Structure” was developed to achieve accuracies com-
parable to “structure” and “admixture” by using the
variational Bayesian framework for the posterior
inference that greatly speeds up the inference of pop-
ulation (Raj et al. 2014). Subpopulations were gener-
ated in fastSTRUCTURE v.1.0 (Raj et al. 2014). The
program was run with the default convergence crite-
rion of 107, considering a logistic prior distribution.
To impose a logistic prior, a population-specific allele
frequency was generated at each given locus, with the
normal distribution having a locus-specific mean and
a population-specific variance (Raj et al. 2014). The
analyses were run on several subpopulations ranging
from k=1 to k=15 for Setl and k=1 to k=7 for
Set2, with ten cross-validation replicate runs per data-
set. The algorithm for multiple choices of K (choosek)
was used to determine the right number of subpopula-
tions for each dataset. The k with the highest log mar-
ginal likelihood and low cross-validation error was
considered. The structure plots were then visualized
using the Distruct package. The Principal Component
Analysis (PCA) was carried out in TASSEL v5.2.75
(Bradbury et al. 2007) with default paraments, and
the outputs were plotted in R software v4.1.2 through
ggplot2 and ggrepel packages (Wickham 2016;
Slowikowski et al. 2021). Different hierarchical anal-
yses of molecular variance (AMOVA) to evaluate the
amount of population genetic structure were per-
formed in Arlequin v3.5.2 (Excoffier and Lischer
2015). Global AMOVA results as a weighted average
over loci were generated, and significance tests were
obtained by 1023 permutations. The Fgp based
genetic distances for short divergence time were
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generated from the same software. The pairwise Fgyp
p-values (significance tests) were obtained by 110
permutations. To confirm subpopulations, phyloge-
netic relationships among genotypes were also deter-
mined by generating maximum likelihood trees in
iqtree v2.1.2 (Nguyen et al. 2015). The Ultrafast
Bootstrap Approximation (UFBoot) method (Minh
et al. 2013) was used with 1000 bootstrap replica-
tions. The Model Finder Plus (MFP) option was used
to infer the best nucleotide substitution model to use
for the phylogenetic reconstruction (Kalyaanamoor-
thy et al. 2017). The resulting tree was visualized in
FigTree v1.4.4 (Rambaut 2018). The summary statis-
tics of the SNP markers, which included major allele
frequencies, gene diversity, heterozygosity (He), and
the polymorphism information content (PIC), were
computed using PowerMarker v3.25 (Liu and Muse
2005). Heterozygosity is the proportion of heterozy-
gous individuals in the population. At a single locus,
it is estimated as H, = 1 — Z];=1 P Where py, is the
frequency of an allele (4,) at the /th locus in a popu-
lation (Liu and Muse 2005). Gene diversity, often
referred to as expected heterozygosity, is the proba-
bility that any two alleles chosen at random from
within the population are different. An unbiased esti-

mator of gene diversity at the /th locus is
A I_Zﬁ:] f’/zu
was estimated from the data using the method of
moments, and P, is the frequency of an allele (4,,) at
the I/th locus in a population (Liu and Muse 2005).
The PIC measures polymorphism, which indicates
the usefulness of a molecular marker for linkage anal-
ysis (Botstein et al. 1980). It was estimated as
PIC, =1 =%\, Bi, = Zusi Bymys 293,07, Where p,
or p,, is the frequency of an allele (4,) or (A,) at the
Ith locus in a population.

, where the inbreeding coefficient, f,

Results
Population structure based on SNP markers

Based on the highest log marginal likelihood, the
optimal number of subpopulations (k) from fastSTRU
CTURE analysis were 11 and two for Setl and Set2,
respectively (Fig. 1). The subpopulations in k=11
for Setl were majorly associated with the pedigree
of the germplasm; hence a k of 2 was considered to

represent Andean and Mesoamerican gene pools of
common bean for both sets.

A cut-off of 0.80 for the mean of Q (member-
ship probability) was considered for each line to be
grouped as Andean or Mesoamerican. This resulted
in 87 Andean (20.4%), 305 Mesoamerican (71.4%),
and 35 Admixtures (8.2%) for Setl, and 64 Andean
(31.5%), 140 Mesoamerican (47.0%) and 94 Admix-
tures (31.5%) for Set2. Based on the pre-grouping
of the germplasm into Mesoamerican, Andean, or
Admixtures for setl, k=11 was considered in-depth,
and it revealed that subpopulations one to four and
six, eight, and 10 consisted of 138 Mesoamerican
parents and their progenies generated from 37 crosses
(Table 2). Subpopulations seven and 11 consisted of
82 Andean beans from many pedigrees, and parents.
Subpopulation nine consisted of 12 Mesoamerican
and three admixture germplasm of various pedigrees
(Table 2). All germplasm in subpopulation five were
below the cut-off (Q=0.80), and up to 179 others
from different subpopulations did not meet this crite-
rion and were considered admixtures.

Analysis of molecular variance (AMOVA)
explained significant (P<0.001) differences among
the subpopulations with 46% and 50% of the varia-
tion accounted for among populations in Setl and
Set2, respectively (Table 3). The fixation index (Fgr)
showed that the three subpopulations in both sets
were genetically distinct from each other, but stronger
(0.54; 0.71) distinctiveness existed between Andean
and Mesoamerican compared to these gene pools and
admixtures (Table 3).

Further analysis to partition the variance obtained
within populations based on market class, origin, or
the release status showed that among populations
accounted for <20 and <30% of the variation in Setl
and Set2, respectively (Table 4).

Based on principal component analysis (PCA),
the first and second PCA accounted for 36% and 7%
of the variation in Setl, and 42% and 10% in Set2,
respectively (Fig. 2). In both sets, PCA_1 and PCA_2
spread the germplasm into three clear groups repre-
senting Andean, Mesoamerican, and Admixtures
(Fig. 2), like in the fastSTRUCTURE result.

The maximum likelihood trees for both sets also
showed more diversity within Mesoamerican (blue)
and Admixtures (red), with Set2 showing Admixtures
closer to each gene pool (Fig. 3).

@ Springer
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Fig. 1 Population structure
of 472 (Setl) and 298
(Set2) common bean
genotypes as determined
from the program fastSTRU
CTURE fork=11 and k=2
subpopulations. In k=11,
the groups were mainly
based on the pedigree of the

germplasm Andean

K=2.
Setl

Mesoamerican

K=3.
Setl

K=11,
Setl

Set2

Mesoamerican Andean

Most of the Andean (green) and Mesoamerican
germplasm were from Uganda, followed by South
America, for both Setl and Set2 (Table 1). Many
of the Andean beans were of red mottled and sugar
(speckled) market classes in both sets, whereas red,
white, cream, and black dominated the Mesoameri-
can beans (Table 1).

@ Springer

Genetic diversity based on SNP markers

Before analysis, each of the two sets of bean germ-
plasm was classified as Andean, Mesoamerican, and
Admixtures. The proportion of the germplasm with the
most common (major) allele for each SNP was 0.861
and 0.747 for Setl and Set2, respectively (Table 5).
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Table 2 The summary of subpopulations for setl (k=11) indicating the composition, number of germplasm and some pedigree

information
Sub population  Composition Number of Pedigree
germplasm

1 Mesoamerican progenies 12 K131/NUA45, K132/JESCA, K132/MIB456, MASINDI
YELLOW/RWV2070, MIB456/RWV2070, MIB456/
JESCA, MIB456/MCM2001, MIB456/NUA45

2 Mesoamerican progenies 44 K131/MCM2001, K131/JESCA, K131/MIB456, K131/
NUA45, K132/RWV2070, MASINDI YELLOW/
RWV2070, MIB456/JESCA, MIB456/RWR2154,
ACC714, SMC28

3 Mesoamerican progenies 20 K131/RWV2070, K131/MIB456, K131/MCM2001

4 Mesoamerican progenies 16 MIB456/NUA45, K131/RWV2070, K132/RWR2154,
K132/RWV2070, MASINDI YELLOW/RWV2070,
MCM2001/MIB456, NGWAKUNGWAKU/ACC714,
MCM2001/NUA45, MIB456/MCM2001, K131/JESCA

8 Mesoamerican progeny 1 MIB456/MCM2001

Mesoamerican progenies + parent 3 MIB456/MCM2001, MCM2001/MIB456, K131/JESCA

10 Mesoamerican progenies + parent 42 K131/RWV2070, K131/MIB456, K132/MIB456, K131,
KANYEBWA/(MEXICO54/AND277//G5856)

7 Andean 19 Various pedigrees and half sibs

11 Andean progenies and parents 63 Various pedigrees

Mesoamerican + Admixtures 12 Various pedigrees
5 Admixture 195 Various pedigrees

Table 3 AMOVA results as a weighted average over 3060 loci for Setl and 11,636 loci for Set2, and fixation index (Fgr) among

subpopulations
AMOVA Pairwise Fgp* information
Source of variation Sum of squares  Variance Percentage P-value  Sub populations = Andean = Mesoamerican
components variation
Setl Setl
Among populations 74,447 196 46.2 <0.001  Andean
Within populations 194,643 229 53.8 Mesoamerican 0.54%#%%*
Total 269,090 425 Admixtures 0.27%**  (.22%**
Set2 Set2
Among populations 452,207 1192 50.3 <0.001  Andean
Within populations 698,035 1178 49.7 Mesoamerican 0.71%%*
Total 1,150,242 2369 Admixtures 0.42%+*  (.30%***

*Fgp, a measure of population differentiation due to genetic structure

AMOVA analysis of molecular variance

Gene diversity was highest in Admixtures and lowest
in Andean beans for both sets. When all the germplasm
were considered, the Set2 (0.332) germplasm had a
higher gene diversity than Setl (0.206). The proportion
of heterozygotes for each SNP was generally low in both
sets, and the PIC was higher in Set2 (0.263) than Setl
(0.172) (Table 5). When the germplasm were grouped

according to their market classes, gene diversity was
generally similar within sets. The red and black (= 0.2),
and red, cream, and pink (=~ 0.3) beans had the highest
diversity in Setl and Set2, respectively (Table 5). Based
on the release status, slightly higher diversity was found
in the varieties than in the breeding lines in both sets,
although Set2 had higher diversity than Setl (Table 5).

@ Springer
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Table 4 Analysis of molecular variance (AMOVA) and results as a weighted average over different loci for Setl and Set2 based on
market classes, origin and the release status for Andean, Mesoamerican, and admixtures

Source of variation  Setl Set2

Sum of squares  Variance Percentage P-value Sum of squares  Variance Percentage P-value
components variation components variation

AMOVA design and results (average over 2508 loci) ~ AMOVA design and results (average over 9037

for Andean beans loci) for Andean beans
Market class
Among populations  2942.7 13.8 6.7 ok 19,211.7 188.8 24.8 ok
Within populations  32,057.0 192.0 93.3 68,596.7 571.7 75.2
Total 34,999.8 205.8 87,808.4 760.5
Origin
Among populations  1229.2 12.4 5.9 Hork 14,294.0 140.4 19.0 ok
Within populations  33,770.7 198.7 94.1 73,514.4 602.6 81.1
Total 34,999.8 211.1 87,808.4 743.0
Release status
Among populations  1079.9 11.5 5.5 oAk 4963.6 62.5 8.6 Hokk
Within populations  33,919.9 198.4 94.5 82,844.9 662.8 91.4
Total 34,999.8 209.9 87,808.4 725.3
AMOVA design and results (average over 2790 loci)  AMOVA design and results (average over 11,172
for Mesoamerican beans loci) for Mesoamerican beans
Market class
Among populations  18,457.9 42.5 17.5 ok 77,906.5 329.3 29.0 HAE
Within populations ~ 120,570.3 200.0 82.5 218,791.0 807.8 71.0
Total 139,028.3 242.4 296,697.5 1137.1
Origin
Among populations  1032.3 17.5 7.1 o 59,236.2 342.6 28.3 HAE
Within populations ~ 137,995.9 227.0 92.9 237,461.4 867.1 71.7
Total 139,028.3 244.4 296,697.5 1209.8
Release status
Among populations  621.9 12.7 53 ok 10,352.7 101.4 9.0 HoAE
Within populations ~ 138,406.3 227.6 94.7 286,344.9 1030.6 91.0
Total 139,028.3 240.3 296,697.5 1132.0
AMOVA design and results (average over 2378 loci) =~ AMOVA design and results (average over 10,828
for Admixtures loci) for Admixtures
Market class
Among populations  3501.3 40.0 12.8 ok 44,369.9 250.0 144 Hokk
Within populations  17,113.2 271.6 87.2 269,159.4 1487.1 85.6
Total 20,614.5 311.7 313,529.3 1737.1
Origin
Among populations  514.7 56.4 16.0 ok 14,683.6 427.8 20.8 Hokok
Within populations  20,099.9 295.6 84.0 298,845.7 1624.2 79.2
Total 20,614.5 352.0 313,529.3 2051.9
Release status
Among populations  514.663 56.4 16.0 HoEk 6501.5 316.6 16.1 Hokok
Within populations  20,099.8 295.6 84.0 307,027.8 1650.7 83.9
Total 20,614.5 352.0 313,529.3 1967.3
@ Springer
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Fig. 2 Principle component analysis (PCA) of 472 (Setl) and 298 (Set2) common bean genotypes generated in Tasslev5 using 3061
and 11,636 single nucleotide polymorphic (SNP) markers and plotted in R software. (Color figure online)

Discussion
Population structure based on SNP markers
The germplasm were classified into Andean and

Mesoamerican subpopulations, with higher diversity
in the latter. Other studies have also reported higher

diversity in the Mesoamerican gene pool (Bellucci
et al. 2014; Cichy et al. 2015; Nkhata et al. 2021).
These two gene pools are associated with geographi-
cal areas of origin and exist in both the wild and cul-
tivated beans (Singh et al. 1991). Genetic diversity
within the subpopulations was also high (>40%);
however, only a small proportion could be explained
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Fig. 3 Maximum likeli-
hood tree of 472 (Setl)
and 298 (Set2) common
bean genotypes generated
in iqtree using 3061 and
11,636 single nucleotide
polymorphic (SNP) mark-
ers and plotted in FigTree
v1.4.4. Mesoamerican
(blue), Andean (green) and
Admixture (red). (Color
figure online)

Set?, tree

by market class (seed color), origin, or the release sta-
tus. The Mesoamerican gene pool is widely known
for its diversity in morphological and economically
important phenotypes. The Andean gene pool was
also reported to have high genetic diversity in seed
color and size, agroecological adaptation, growth
habit, disease resistance, and seed iron (Blair et al.
2007; Cichy et al. 2015). The observed variations
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0.2

Identity
Admixture
Andean

Mesoamerican

Identity
Admixture
Andean

Mesoamerican

within the subpopulations could be attributed to the
pedigrees. This could be seen in Setl, where the
optimal number of subpopulations (k) was 11, two
of which were Andean beans, and the others were
Mesoamerican and Admixtures mostly grouped by
their similar pedigrees. Some breeding lines were
created by hybridizing parents within market classes,
but others were created across market classes. While
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Table 5 Genetic diversity in 472 (Setl) and 298 (Set2) common bean genotypes using 3061 and 11,636 single nucleotide polymor-

phic (SNP) markers

Groups Major allele  Gene Diversity He PIC Major allele ~ Gene Diversity He PIC
frequency frequency
Gene pools Setl Set2
Andean 0.913 0.131 0.091 0.112 0.922 0.119 0.027 0.101
Mesoamerican 0.900 0.149 0.099 0.126 0.869 0.183 0.049 0.151
Admixtures 0.860 0.193 0.101 0.158 0.860 0.193 0.101 0.157
All 427 or 298 0.861 0.206 0.097 0.172 0.747 0.332 0.064 0.263
Market class
Red 0.850 0.214 0.099 0.175 0.745 0.330 0.064 0.261
Sugar (Speckled) 0.897 0.157 0.102 0.133 0.906 0.141 0.043 0.120
Cream (Pinto, Cari- 0.905 0.150 0.100 0.129 0.750 0.323 0.045 0.256
oca, Mulatinho)
White 0.904 0.142 0.073 0.120 0.816 0.264 0.047 0.217
Yellow 0.887 0.166 0.091 0.137 0.849 0.218 0.012 0.178
Purple 0.891 0.154 0.120 0.127 0.810 0.245 0.080 0.194
Black 0.899 0.147 0.111 0.123 0.892 0.177 0.098 0.154
Brown 0.850 0.207 0.102 0.168 0.833 0.243 0.016 0.199
Pink 0.757 0.302 0.018 0.238
Others 0.855 0.202 0.084 0.165 0.803 0.271 0.083 0.218
Release status
Breeding line 0.867 0.199 0.096 0.167 0.756 0.322 0.069 0.256
Variety 0.844 0.212 0.119 0.171 0.736 0.344 0.041 0.272
Origin
Uganda 0.866 0.201 0.096 0.169 0.755 0.309 0.080 0.245
South America 0.825 0.223 0.124 0.178 0.789 0.299 0.034 0.242
North America 0.725 0.344 0.082 0.269
Rwanda 0.777 0.299 0.021 0.238

He heterozygosity, PIC polymorphic information content

hybridization among market classes increases the
chance of using more superior parents, the recov-
ery of the target seed color attributes, and seed size
requires attention. Backcrossing (White et al. 1994),
the use of molecular markers (Lei et al. 2020), and
phenotype-based selection for seed size through the
weight of 100 seeds are feasible options to recover the
target seed size. These approaches are also possible
for seed color and pattern, but the chance of recovery
is increased by combining closely related types. This
is perhaps because seed pattern and color are con-
trolled by multiple genes, many of which exhibit epi-
static interactions that define the observed phenotype
(McClean et al. 2002).

The Andean, Mesoamerican, and Admixtures had
a representative number of diverse market classes that
are important for breeding specific product profiles

within and across gene pools and market classes.
Elite x elite crosses within a market class and gene
pool are recommended when possible because they
generate adequate diversity for short-term breeding
(Falk 2010). Recent simulations also show the feasi-
bility of maintaining diversity for long-term genetic
gain in elite line hybridization scheme when an opti-
mized mating strategy is used (Allier et al. 2019). The
Admixtures had no yellow colored bean, and only 16
others were present in the population. Increasing the
diversity of this market class in the breeding popu-
lation will enhance genetic gain within the yellow
beans.

Information on population structure is relevant
for the genomic selection-based breeding approach.
Studies commonly report prediction accuracy based
on random cross-validation, which can be strongly

@ Springer

Content courtesy of Springer Nature, terms of use apply. Rights reserved.



Genet Resour Crop Evol

inflated by the population or family structure, a char-
acteristic many breeding populations share (Werner
et al. 2020). Thus, the subpopulations could be used
to train prediction models and select genetically
diverse parents. Long-term maintenance of genetic
variation, which is essential in the reference popula-
tion for genomic selection (Tianhua and Chengdao
2020), necessitates selecting distantly related individ-
uals or minimizing the inbreeding coefficient (Bris-
bane and Gibson 1995; Lindgren and Mullin 1997).

Genetic diversity based on SNP markers

The level of observed gene diversity showed that
the admixtures were the most diverse in both Setl
and Set2, followed by Mesoamerican and Andean
gene pools, which would encourage inter-gene pool
crosses. The highest gene diversity was also previ-
ously reported in the admixtures (Cichy et al. 2015).
Inter-gene pool crosses maybe effective but atten-
tiveness to key progress indicators of trait improve-
ment is required to realize gains. Even in the admix-
tures (= 0.1), heterozygosity was low in Setl and
Set2. Common bean is a self-pollinating crop, and
it is expected to be homozygous at most loci, espe-
cially when single seed descent was the breeding
method (Snape and Riggs 1975) as observed here.
Most of the genotypes were advanced breeding lines
with mostly fixed genes, but inter-gene pool crosses
were less homozygous. Low heterozygosity in com-
mon bean was reported (Cichy et al. 2015); however,
higher heterozygosity (x~0.45) attributed to uncon-
trolled outcrossing was also reported (Nkhata et al.
2020). Regulating allelic diversity and heterozygo-
sity in a breeding population is one way of sustaining
long-term genetic gain (Akdemir and Sanchez 2016).

The diversity in all market classes showed the
potential of the germplasm to be considered as a ref-
erence population for genomic selection as more than
one product profile is possible. Based on this attrib-
ute, in addition to disease resistance or seed iron,
seven product profiles, including large white, large
red, large red mottled, small red, small white, sugar
(speckled) bean, and yellow beans, were developed
across three East African countries, including Uganda
(Mukankusi et al. 2019). A product profile could be
defined as the complete range of technical attributes
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required for a new variety to be successfully released
into a market segment (Ragot et al. 2018).

In consideration of the release status and origin of
the germplasm, the observed genetic diversity indi-
cated that breeding efforts in Uganda have generated
some comparable diversity. Thus progenies (breeding
lines) could be used as parents for further improve-
ment rather than reusing the reference parents since
this is especially important to realize a continuous
genetic gain.

PIC reveals the value of a molecular marker for
linkage analysis (Botstein et al. 1980). Similar PIC
values of 1.5 to 2.2 like obtained in this study were
reported in African germplasm using SNP-based
markers (Cichy et al. 2015; Nkhata et al. 2021). Such
levels of polymorphism have been used to determine
whether common SNPs in the population are linked
to traits of interest. While both Setl and Set2 maybe
useful, Set2 recorded higher polymorphism prob-
ably because it consisted of 38% of germplasm from
sources other than Uganda in comparison to Setl’s
6%.

Conclusions

The structure and polymorphic information gener-
ated in the study provides useful perspectives for
genomic breeding and genome wide association study
using the population. In addition, the subpopulations
exhibited a level of genetic diversity that can be used
for breeding. Among gene pools, the market classes
including the red, black, and cream had the highest
genetic diversity. The observed variations within and
among subpopulations were useful in guiding product
profile development to realize genetic gain.
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