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ABSTRACT ARTICLE HISTORY
White Guinea yam (Dioscorea rotundata Poir.) is an important Received 5 August 2020

tuber crop grown extensively in tropical regions of West Accepted 21 January 2021
African yam belt. Tuber yield, dry matter content, and toler-
ance to yam mosaic virus are key traits used for identification
and §e|ect|on of superior varletles.for commercial deployment. environment interaction;
In this study, we estimated genetic parameters for fresh tuber genotype by trait

yield, tuber dry matter content, and quantitative field tolerance interaction; genetic

to yam mosaic virus in 49 clones grown in multi-environment parameter estimate; yam
trials (METs). We conducted genomic prediction involving 6337

single nucleotide polymorphisms (SNPs) and phenotypic field

evaluation of data collected on the three traits from four sites.

Additive genetic and non-genetic factors contributed signifi-

cantly to phenotypic variation of studied yam traits in METs

but to varying degrees. The non-genetic effects were relatively

high for most of the measured traits. Narrow-sense heritability

values were low (<0.30) for all studied traits. Further analysis of

the performance of the clones at test sites with additive main

effects and multiplicative interaction (AMMI) analysis exhibited

significant genotype by environment interactions (GEI) for the

three traits. The AMMI identified TDr10/00412, TDr11/00055,

and TDr09/00135 clones with lowest mean trait stability index

and outstanding performance for fresh tuber yield (t ha™"),

tuber dry matter, and mosaic virus resistance across sites. The

elite clones identified could serve as useful source of alleles for

the genetic improvement of the crop and possibly considered

for release to farmers.

KEYWORDS
AMMI stability; genotype by

1. Introduction

Yam (Dioscorea spp.) is a vegetatively propagated crop comprising >600
species (Burkill 1960), of which 11 are widely cultivated for food and
industrial applications globally. White Guinea yam (D. rotundata) is among
the widely cultivated species that serve as a valuable source of food and
income to over 300 million people in Africa (Alabi et al. 2019). The global
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yam production is estimated at 73 million tons, with West Africa accounting
for more than 93% of the total yam production (Aighewi et al. 2020).

Despite its importance, the average yield of most species of high economic
value is low, estimated at approximately 20% of the attainable yield potential
of 40 t ha™' (Bassey and Akpan 2015). Although the average fresh tuber yield
of yam reportedly increased from 7.8 to 8.8 t ha™’, the production increment
was attributable to corresponding increase in total production area from
1.2million ha in 1961 to 8.9million ha in 2019 (FAOSTAT 2020). This
scenario is representative of the strong growth in sub-Saharan Africa (SSA)
agricultural output that accrued mainly from area expansion and intensifica-
tion of cropping systems relative to large-scale improvement in productivity
(Brink and Eva 2009; NEPAD 2014). These efforts resulted in a slow-paced
increase in yield per hectare that did not match the rapid global population
growth (Heerink 2005). Moreover, biotic and abiotic stresses are noted to
contribute to low yields and poor market-quality tubers of yams (Lebot
2009). Yam diseases, such as yam anthracnose and yam mosaic virus, cause
severe yield losses and genetic erosion, and restrict international movement
and exchange of germplasm (Egesi, Onyeka, and Asiedu 2007).

The potential of yams for sustainable food supply and wealth creation can
be unlocked through a consolidated effort, including the development and
deployment of robust varieties that maximize productivity (yield) and quality
(nutritional and industrial quality) across various production environments.
Yam varieties exhibit diverse attributes and performances across production
environments. Tuber yield, dry matter content, and mosaic virus resistance
are important selection criteria in yam breeding. Diverse breeding lines are
extensively screened and tested across diverse environments (different sites
and/or years) prior to choosing the best parents for crosses and the release of
superior clones for commercial deployment. Not all genotypes perform
consistently across environments (Kang 1998). The inconsistent performance
between genotypes across environments, which is known as genotype by
environment interaction (GEI), leads to either change in the ranking of
genotypes (crossover GEI) or changes in trait values of genotypes without
genotypic rank changes (non-crossover GEI) (Crossa 2012). The presence of
GEI in breeding trials makes identification of superior genotypes based on
mean performance across environments difficult, particularly when it is of
crossover type (Kang 1998).

Several analytical techniques have been developed and utilized to assess
the performances of genotypes in plant breeding experiments (Yan and Kang
2003; Smith, Cullis, and Thompson 2005; Malosetti, Ribaut, and van Eeuwijk
2013). The analytical techniques could involve univariate, bivariate and
multivariate analyses, with and without accounting for genetic relationships
among the test genotypes. Best linear unbiased predictor (BLUP) in mixed
models using Residual Maximum Likelihood (REML) method, which
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accounts for genetic relationship matrices, is among the advanced techniques
utilized in many crop breeding trials to determine the breeding values and
genetic parameters that guide the selection of elite genotypes in METSs
(Smith, Cullis, and Thompson 2005). The utilization of these analytical
techniques for data exploration depends on the number of variables mea-
sured, how the variables are measured, explanation and contributions derived
to enhance selection decisions.

The analytic techniques that incorporate relationship matrices dissect the
genetic architecture of complex traits and aid in successful implementation of
breeding strategies and designs (Mufioz et al. 2014). Relationship matrices
are utilized for estimation of expected fraction of genes identical by state
(genomic relationship matrix G), actual fraction of DNA shared by descent
(additive genetic relationship matrix A), or fraction of alleles shared for loci
affecting trait(s) of interest (relationship matrix T) (Wright 1922; vanRaden
2007). These matrices are useful for managing genetic diversity (Caballero
and Toro 2002), genomic selection, and parentage testing (Dodds, Tate, and
Sise 2005).

Models that utilize genomic data for determining genetic relationships
predict genetic effects more accurately compared with those that utilize
expected relationships from pedigrees (vanRaden 2007). Analytical models
that incorporate relationship matrices have been effectively utilized in many
crops to select subsets of promising genotypes as parents in crosses. These
models have helped generate a new set of recombinant progenies or identify
superior genotypes for further testing and/or possible release as new varieties.
However, such models have seldom been used in analyzing data from yam
breeding trials to select superior clones for commercial deployment or use as
parents of crosses (Darkwa et al. 2020a). The objectives of this study were to:
(1) estimate genetic parameters in white yam advanced breeding trials using
molecular marker information; and (2) determine the magnitude of GEI and
use it effectively to improve important traits in white yam.

2. Materials and methods
2.1 Plant materials and trial design

Plant materials included 49 white Guinea yam clones that were evaluated at
four sites in Nigeria (Ibadan, Abuja, Ubiaja and Ikenne) in the 2017/2018
cropping season. Of the 49 clones, three were standard varieties and 46 elite
breeding lines from the yam breeding program of the International Institute of
Tropical Agriculture (IITA). The trial sites represented three agro-ecological
zones for yam in Nigeria: forest, forest-savannah transition, and the southern
Guinea savannah. The trial at each site was laid out in a 7 x 7 alpha lattice
design with two replicates. Healthy tubers of each genotype were cut into setts
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of 200 g each, pre-treated with a mixture of 70 g Macozeb, 75 mL Chlorpyrifos
and 10 L tap water for 5 min and dried for 20 h under shade to heal wounds and
prevent rotting of cut surfaces of setts caused by pathogenic organisms. The
setts were planted in holes made on the crest of mounds at 1 m x 1 m spatial
arrangement, giving a population of 10,000 plants ha™'. The plants were raised
without using stakes and external fertilizer. The trial plots were hand-weeded to
keep the plots weed-free throughout the crop cycle.

2.2 Phenotypic data collection

The fresh tuber yield, tuber dry matter content, and yam mosaic virus were
measured based on protocols in yam ontology (http://www.cropontology.
org/ontology/CO_343/Yam). The data were collected with an Android
Galaxy Tab A 2016 using the field book app (Rife and Poland 2014). The
disease severity score values for yam mosaic virus (YMV) were converted to
percentages and then used to estimate the area under the disease progress
curve (AUDPC), as described by Forbes, Pérez, and Andrade Piedra (2014).
The formula for computing AUDPC is shown below:

n—1
AuDPC =} <%) (tir1 — )
i=1

where y; = disease severity of the i™ observation, t; = time (days) for the i
observation, and n = total number of observations. The susceptibility scale
values of YMV were estimated by first calculating the resistance-scale values,
as described by Forbes, Pérez, and Andrade Piedra (2014) as follows:

Dy
SX - Sy D_y

where S,= estimated susceptibility-scale value, S, = the assigned susceptibil-
ity scale value, Dy= observed disease score (AUDPC value) for the studied
clones and Dy= observed disease score (AUDPC value) for the standard
variety. The quotient of the assigned susceptibility value and the resistance
measure of the standard variety (AUDPC value) was used to obtain
a constant. The resistance value of each clone was then multiplied by the
constant to obtain the susceptibility value of the clone.

2.3 Molecular data

Young fresh leaves were collected from three plants per clone and lyophilized
before DNA extraction. Genomic DNA was extracted using a modified
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CTAB protocol (Dellaporta, Wood, and Hicks 1983). DNA quality and
concentration were assessed using both agarose gel and NanoDrop, following
Aljanabi and Martinez (1997). Fifty micro liters (50 pL) of concentrated
DNA from each sample was sent to Diversity Array Technology (DArT)
Pty Ltd, Canberra, Australia, for sequencing. Raw HapMap file received was
converted to a variant call format (VCF) for the analysis, using PERL
programming language and Tassel (Bradbury et al. 2007; Elshire et al.
2011). The VCEF file was filtered for missing values and polymorphic SNPs,
with quality parameter and a call rate of >80%, depth >95%, and minor allele
frequency of >5%. After filtering, 6337 polymorphic SNP markers were
retained and used to construct genomic relationship matrix in the R (De
Mendiburu 2019) package rrBLUP (Endelman 2011). The missing data for
markers were imputed using beagle 4 (Browning and Browning 2007). SNP
distribution and density along the different chromosomes were assessed
using CMplot R package (Yin 2019). The VCF file with the final SNP
markers was converted to the additive format in 0, 1, 2, where zero =
genotype with no minor allele, 1 = heterozygote and 2 = homozygote
minor allele count at each locus, using recodeA function implemented in
plink (Purcell et al. 2007). The deviation of 1 from gene content or minor
allele frequency (MAF) matrix was obtained to generate scores of -1, 0, 1 to
be used in rrBLUP to construct the genomic relationship G-matrix.

2.4 Data analysis

Different analyses were employed to dissect the genetic and non-genetic
factors influencing the performance of yam clones in the multi-
environment trial dataset. The data collected were first subjected to a linear
mixed model by residual maximum likelihood (REML) procedure (Patterson
and Thompson 1971) to estimate the variance parameters and the empirical
Best Linear Unbiased Predictions (E-BLUPs) for random effects using
ASReml-R 4 (Butler et al. 2018). The univariate Genomic-BLUP model,
including the random interaction term between the genomic effect of the
i"™ clone and the j site, is represented by the model described in Borgognone
et al. (2016) and Smith and Cullis (2018), which is as follows:

Vi = Xp+ Zpup + Zgug + e

where y;; is the data vector of the response variable of the i"™ clone in the j™®
site 1 =1,2,....,,j=12,....J]), with Nj plots for site j; § is the vector of fixed
effects associated with the corresponding design matrix (X), including the
site main and site-specific design-based replication effects. The term u, is
a vector of random non-genetic (or peripheral) effects associated with site-
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specific field-blocking structures (block within replication) used to capture
extraneous variation, with the corresponding design matrix Zp; u, is a vector
of random genetic effect of each genotype in each trial site with associated
design matrix Z,, and e is the vector of combined residuals for individual
trials. The vectors of random effects u,, u, and e are assumed pairwise
independent with Gaussian distribution, with a mean of zero. The variance
matrices for u,, u, and e were as described in Borgognone et al. (2016) and
Smith and Cullis (2018). The random genotype effect (u,) in the model
comprised the clone effects nested within sites and hence referred to as
clone by site effect. The random genetic effect was then partitioned into
additive genetic component associated with the covariance structure propor-
tional to genetic relationships derived from SNP markers and non-additive
(or residual) genetic effect explained by individual identity following the
approach described in Borgognone et al. (2016) and Ovenden et al. (2018),
which is as follows:

Ug = Ug + U,

with variance matrix var(uy) = G, ® G + G, ® Im, where Ga and Ge
are the additive and non-additive genetic variance matrices across sites,
G is genomic relationship matrix, Im is identity matrix, u, is the additive
genetic component associated with the covariance structure proportional
to genetic relationships derived from SNP markers, and u.is the non-
additive genetic effect explained by individual identity. The genetic rela-
tionship matrix G was calculated from SNP markers for the genotypes

using the procedure described by vanRaden (2008). Accordingly,
G =2
Z pigi

number of marker loci), which specifies SNP genotype coefficients at each
locus. The coefficients of the i column in the M matrix are (0 — 2p;) for
AjA;, (1 —2p;) for AjA,, and (2 — 2p;) for A,A,, where qi and pi are the
frequencies of allele 1 (A;) and allele 2 (A,) at locus i, respectively.

From the variance component analysis, following genetic parameters were
determined: additive genetic variance, non-additive genetic variance, non-
genetic variance associated with among-plots and within-plot effects, proportion
of total genetic variances that was additive, trait heritability ((both narrow-sense
(h*) and broad-sense (H?)), genotypic coefficients of variation (GCV), pheno-
typic coefficient variation (PCV), expected genetic advance (GA), and genetic
advance as percentage of mean (GAM). The GCV and PCV were determined
using the following formulae described in Burton and Devane (1953):

, where M is a n x m matrix (n = number of clones, m =

GeV =¥ < 100

PCV =Y 100
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where o%g is genetic variance and ¢?p is phenotypic variance for the trait
from the final model in REML analysis, and X = trait mean. The GCV and
PCV values were categorized using the technique proposed by Deshmukh,
Basu, and Reddy (1986) as follows:

values <10% = low, values 10% to 20% = medium and values >20% = high.

Narrow-sense (h*) and broad-sense (H?) heritability values were deter-
mined using the following formulas used by Robinson, Comstock, and
Harvey (1949):

h? =22 % 100
o’p
2

H2 =28 100
o’p

where 02a, 0°g, and ¢*p are the additive genetic, total genetic and phenotypic
variances, respectively. The h? and H? values between 0% and 30% were
regarded as low; those between 30% and 60% medium, and those >60% high.
The expected genetic advance (GA) and the expected genetic advance
as percent of population mean (GAM) were estimated for comparison of
the extent of predicted genetic gain for traits considered for selection of
superior clones based on the following equations given by Shukla et al.
(2006):

GA = K x H? x op

A
GAM = —G_ x 100
X

where K is the selection differential, which = 2.06 at 5% selection intensity;
H? is broad-sense heritability; op is the phenotypic standard deviation; and X
is population mean. The GAM values <10% were classified as low, those
between 10% and 20% as moderate and those >20% as high.

The three traits were further subjected to GEI analysis using AMMI and
GGE-biplot techniques. The AMMI model stability statistics were computed
using R (R Core Team 2019) package Agricolae (De Mendiburu 2019). The
AMMI stability value (ASV) was estimated for each clone based on the
contributions of the interaction principal component axis (IPCAl and
IPCA2) scores to the interaction sum of squares for the trait. The ASV was
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estimated as follows using the procedure implemented in Purchase, Hatting,
and van Deventer (2000):

IPCAlsumofsquares ? 2
ASV — IPCA1 IPCA?2
\/ |:IPCA25um0fsquares ( SCOfe) i ( Score)

where IPCA1 is the interaction principal comcponent axis 1, IPCA2 is the
interaction principal component axis 2, and igci;:% is the weight given
to the IPCA1 by dividing the IPCA1 sum of squares by the IPCA2 sum of
squares (Farshadfar, Mahmodi, and Yaghotipoor 2011). The trait stability
index (TSI) was estimated as the sum of the ranking based on genotype mean
trait value and ranking based on the AMMI stability score (Bose et al. 2014;

Tumuhimbise et al. 2014).

n

TSI =) (RASV +RY)

1=1

where RASV = rank of the genotypes based on the AMMI stability value; and
RY = rank of the genotypes based on mean trait value across environments
(ascending order for traits, with lower values considered superior and des-
cending order for traits, with higher values considered superior); i is trait
(i=1,2, ... .n) and n is the total number of traits or observations.

The GEI analysis was further extended to GGE biplot model that dissects
simultaneously the genotype main (G) and genotype x environment (GE)
effects in the MET dataset, following the procedure described in Yan et al.
(2000) and Yan and Kang (2003). The “which won-where” polygon repre-
sentation of GGE biplot was explored for identification of best and worst
genotypes in a specific environment or a mega-environment (Yan et al. 2000;
Yan and Kang 2003). The discriminating power of the test environments was
determined using GGE biplots based on average environment coordinate
(AEC) (Yan and Kang 2003). The genotype-by-trait biplot was generated
with GGE biplot analysis according to Yan and Kang (2003).

3. Results

3.1 Quantitative genetic parameter estimates for measured traits in
dataset

The mean values, ranges and associated genetic parameter estimates for the
measured traits are presented in Table 1. The genetic and non-genetic effects
contributed substantially to the trait variation in the current set of materials but
to varied degrees. The variation attributable to non-genetic (environmental) was
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higher than the genetic variation for all traits, except yam mosaic virus. The
percentage of total genetic variance (that is, additive and non-additive (dom-
inance, epistatic)) varied across the measured traits. The non-additive genetic
variance component was highest for fresh tuber yield, tuber dry matter content
and yam mosaic virus. The additive genetic variance was negligible for tuber dry
matter content and yam mosaic virus compared to that for fresh tuber yield. The
narrow-sense heritability estimates were low (<0.30), whereas the broad-sense
heritability estimates were intermediate (0.36-0.58) for all traits. Phenotypic
coefficient of variation (PCV) was slightly higher than the genotypic coefficient
of variation (GCV) for all the traits. Fresh tuber yield (22.2%) had high GCV,
whereas yam mosaic virus (12.1%) had medium and dry matter content (6.5%)
had low GCVs. The PVC for fresh tuber yield was 35.9% (high), whereas that for
yam mosaic virus was 16.0% and for dry matter content 10.8%, both considered
medium PCV values. Genetic advance as percent of the mean (GAM) ranged
from 8.1% to 28.1%. Fresh tuber yield (28.1%) exhibited high GAM value,
whereas yam mosaic virus susceptibility scale (17.5%) and dry matter content
(8.1%) had medium and low GAM values, respectively.

3.2 Unraveling GEI of key traits for yam breeding

Tuber dry matter, yam mosaic virus susceptibility and fresh tuber yield were
used to further assess the response of clones at test environments using
AMMI and GGE biplot techniques. The AMMI analysis of variance exhibited
highly significant (P = 0.001) main effects of clones and environments for all
three key traits. The GEI was statistically significant for tuber dry matter (P <
0.05), for fresh tuber yield (P < 0.01) and reaction to yam mosaic virus
infestation (P < 0.001) (Table 2). The test environments accounted for the
highest proportion of the total sum of squares for fresh tuber yield, whereas
main effect of clones accounted for the highest proportion of the total sum of
squares for dry matter content and reaction to yam mosaic virus. For fresh
tuber yield, the environment contributed 46.14%, compared to 29.32% and
24.54% contributions by genotype and GEI, respectively. The IPCI accounted
for 49.98% of the interaction sum of squares, with IPC2 accounting for
35.00%. For dry matter content, genotypic effect accounted for 39.44% of
the variation, whereas the environment accounted for 25.95% and the GEI
accounted for 34.61%. The IPC1 accounted for 42.03% of the interaction sum
of squares, with IPC2 accounting for 35.32%. For yam mosaic virus severity,
the main effect of clone accounted for 48.60%, whereas the environmental
effect was 26.76% and the GEI was 24.64%. The IPC1 accounted for 43.09%
of the interaction sum of squares, with IPC2 accounting for 30.10%.

Based on the AMMI stability index, TDr09/00135, TDr10/00310, TDr11/
00055, and TDr10/00412 were identified as the best clones expressing high
and stable genotypic values for fresh tuber yields (Table 3). Clones TDr11/
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Table 2. Additive main effects and multiplicative interaction (AMMI) analysis of variance for fresh
tuber yield, dry matter content, and yam mosaic virus severity.

Fresh tuber yield Dry matter content Yam mosaic virus
Degrees of Sum of Mean Sum of Mean Sum of Mean
Source' freedom squares squares squares squares squares  squares
IPC1 50 5976.86  119.54%** 414906  82.98%** 67.01  1.34%*
IPC2 48 4184.85  87.18*** 3486.86  72.64*** 46.81 0.97***
Genotype(G) 48 1760.83  36.68*** 156846  32.68*** 36.62  0.763***
Environment(E) 3 2770.54  923.51*** 103213 344.04*** 20.16 6.72%**
REP(ENV) 52 1019.46  19.60%** 72397  13.92%** 10.80 0.27%**
GXxE 141 147339  10.45** 1376.65 9.76* 18.57 0.13%**
Residuals 141 980.54 6.95 956.54 6.78 9.58  0.07

¥, ¥* *¥¥ = significant at p < 0.05, p < 0.01, and p < 0.001, respectively.
*IPC1 = interactive principal component 1; IPC2 = interactive principal component 2; REP(ENV) = replications
within environments; G x E = genotype by environment interaction.

01408, TDr10/00913, TDr11/00291, TDr10/00282, and TDr09/00135 demon-
strated high and stable tuber dry matter content, whereas TDr89/02665,
TDr10/00412, TDr09/00122, TDr09/00052 and TDr11/00055 showed stable
yam mosaic virus resistance across the test environments. The correlation of
stability indices between fresh tuber yield and tuber dry matter was r =
-0.171 (p =0.24), and that between tuber dry matter and yam mosaic virus
susceptibility scale was r = —0.174 (p =0.10), whereas the correlation was
positive and significant (r = 0.27, p =0.05) between fresh tuber yield and
mosaic virus susceptibility scale. Despite the pattern of correlations between
stability indices, clone TDr10/00412 expressed relatively superior and stable
performance for fresh tuber yield, tuber dry matter, and yam mosaic virus
field resistance, whereas TDr09/00135 combined superior AMMI stability
indices for fresh tuber yield and dry matter. TDr11/00055, on the other hand,
combined best performance and stability for fresh tuber yield and yam
mosaic virus field resistance. Rankings and simultaneous selection for the
three traits identified TDr10/00412, TDr89/00983, TDr10/01012, TDr11/
000291, and TDr09/00135 as the top five genotypes combining superior
performance and stability for growing in various environments.

Further extension of the GEI analysis with GGE biplot model dissected
different responses of yam clones across test sites for the traits (Figures 1-4).
For the fresh tuber yield, the PC1 and PC2 collectively explained 78.1% of the
total variation attributable to genotype and the GEI (Figure 1(a)). The polygon
view of the GGE biplot revealed nine sectors where the test sites occupied two
sectors making two environment clusters: one consisted of Ikenne, Ubiaja and
Ibadan test sites in the forest to forest-savannah transition ecologies; and the
other consisted of a sole test site in southern Guinea savannah ecology with
respect to fresh tuber yield potential. Clones TDr09/00263 and TDr10/00605
(G5 and G20) were the highest yielders in environment cluster 1 that repre-
sented the forest to forest-savannah transition ecologies, whereas clones TDr11/



12 P. E. NORMAN ET AL.

(panunuod)

(LE) LvS SS 69C°0 868'C 9s ¥0S°0 Lzeoe 139 8590 6056 6¥100/011aL
(627) 0°€S 8L S0 Lele 6¢ L6€°0 I7A 443 4 0’0 056’9 criio/Lial
(L1) Ly 929 9¢C’0 8Gl°¢ 9l L6€0 Ly8€e 4 1080 €010l 80¥10/114aL
(€0) 0'8Y 6€ L0¥'0 651°C S Sle'L 889v¢ LS L6Vl SYO'€EL €9¢00/60/dL
(L8) £°LS 6€ €LL0 896'C S8 £V6'L so'LE 14 (4140 186'L 8¢00/014aL
(82) 0'tS % 88C°0 S9L°C L9 91s’0 CL'0€ 14 L1T0 €708 8%¢00/011aL
(00) L's¥ 4 6L€0 8¥9°C 1374 L6¥'0 LL8'LE 14 S€9°0 LLL6 ¥0¥00/601AL
(97) €61 8§ 8¢C0 €oL'e [44 LeLo 658'CE 8y L¥9°0 5986 €1000/60/dL
(taaWAVA 4 (4] 78%°0 €L9°C 144 6LL°L G86°GE A4 95C0 9Ce'8 €9500/0114L
(9v) S¥9 98 LS7'0 661°¢ L9 9¢s’L C6'Ce 9 L¥8°0 €69°0L ¥€£00/114AL
(61) €SV 134 09¢°0 €0L'C A4 096°0 LEeee o wl'l €ELCL 1Z100/604aL
(9) €'6€ LL ¥60°0 Yar'e €9 S/8°0 90S°LE 144 00c’L 066'ClL ¢C100/604dL
(¢v) £T9 96 0450 L¥9'€ 8y 9510 6vLLE 144 LEVO 0SL'6 £9200/60/dL
(Lv) €19 69 8150 EV8'C [44 9/8°0 143443 134 8LTL S9L°€EL Lzooo/0L4@L
(¥2) 061 oy LyC0 989°C 99 ¥/8°0 Wle [474 Wl LLTEL ¢S000/014dL
(v) 0°L€ 8y 0900 6CC’t 144 6€¥°0 0L6'CE 6¢ 680°0 re8 L6200/1 L4aL
(L) L1y [47 06C°0 99T 14 6LC0 YLE0E 8¢ wl Le9'slL 50900/014dL
(1) S'Ly 13 S8L°0 €6L°C 4 9ce’L IrSvE SLE €090 €69°0L 00900/014aL
(¥2) 061 8§ 44\ LLLE 4 960 gle'ce LE (49 4\ €ECOL 8¢100/114aL
(@) oze €€ 65C°0 0ev'C 8T 61L9°0 €98'v¢ 13 5560 0L0°€lL €8600/68/d1L
(€1) Oty oy 80C°0 96/°C ¥S 8¢E0 959'/C [43 9590 90C°CL ¢/eio/Ldl
(8) £ov 8y LyL0 980°€ 144 6’0 €6/'€E 6C L0¥°0 €801 0¢200/601aL
(€) £ze 8L 80L°0 809°C 139 160 [ 7A43 A4 6870 690°ClL ¢5000/60/dL
(¥€) £S5 €/ 6910 0L6'C 89 S09°L 0ov'ce 9C 95’0 S0L°0L cloLo/oial
(00) £'S¥ 6¢ Lv€0 89¢C €L ¥SL°0 86¢£'8C 114 L£S°0 o8cel 10000/004aL
(L) ocze oL 900 195°C LE 9010 (39 443 114 9610 69901 ¢100/014dL
(8) €ov ¥4 ¥0C°0 LETC 8 9Lo’L 991°0€ 8L 6450 L9TvL §5000/1 1141
(91) 0'ev [47 [4ANV ¥06'C 0L S¥S'0 809'LC Ll €910 €99°LL oLeoo/oLidlL
(S) €8¢ VL £59°0 0£8C LT 69%°0 L96°CE 14" 8G¢€°0 LETEL S€100/60/dL
xapul Aujiqels Jes} uesy ISL ASY uesy ISL ASY uesy +SL NSV uesy S9Uo>
9jeds A1iqndadsns snJiA diesow wex (%) Jonew Aip Jaqny (,—ey)

pIaIk 1agny ysai4

"810Z//10T Ul eUSDIN Ul S31IS N0} 1B Palen|eAs weA eauing a1YMm JO S3UOPD M|D 61 40) 3]eds A1jiqidadsns snJIA DIeSoW pue ‘(9) JUSIU0D I91ew
A1p 13qn3 ‘(,_ey 3) pjaIA 4qn3 ysaiy 1oy Ajiqers duewiopad sy bundassip sonsiels ANjigers (JWWY) UondRISIUI 3ARRdIdINW PUe S1O343 UleWw SAIIPPY °€ 3|qel




JOURNAL OF CROP IMPROVEMENT 13

‘xapul Ayjigeis ueaw uo paseq bupjuel si sisayjualed
ul Jaquinu 3y} 3|Iym AII9AS SNUIA dlesow wek pue “Jayiew AIp Jagnl ‘pRIA Jagnl ysaly J04 UOIIIIISS SNOSUBYNWIS S04 dN[RA X3pul Aljiqels abesane ay) 01 siayal xapul Aljigels
U3 "SYIS JUBIRYIP SSOJOe AYjigels dduewlopad Ylm anjea jiel 9A1dadsas Jouadns buluiquiod sadAiousb buryuel-doy aAl syl S1edIpul sanjeA pap|oq xapul ANjiqels JWINY ISL,

"anen AUjIqels WY ASY,

(6%) €L 16 £05°0 vzzTe Ly 905°0 9zS'L€ 6L 960 €€L'9 L0£10/114dL
(S¥) 0%9 u 90€°0 ss1°€ € 9€5°0 062°C€ L LE0'L 810’8 75100/60/0L
(8%) 099 Ly £€60°0 €9l'e st €98°0 V0L'8T oL LIVL 026’8 82200/114dL
(5€) 095 L9 £€7°0 s6l'€ (14 98€°0 €LL7TE 9L S8l €918 28200/014dL
(z€) €55 vy ¥61°0 1£8°C 8y 085°0 LoLze L LS’ 508'6 ¥1100/014aL
(¥¥) £€9 69 66€°0 616 6 810 L£8'LT €/ €99'L 69101 L¥€00/60/0L
(0€) €S L€ 160°0 190°€ €5 43N €0L°€€ 1L 8LS'L oLzol $¥200/0L4aL
(¥) L9 L ¥SE0 gele 6 1550 LL6'LE 1L €690 L€8'9 ¥€100/6040L
(€¥) 0°€9 €9 ZLr0 vr8'T 65 L0 S6E°LE L9 0860 08/'8 omeAI-nfo
(L) 1S 29 LEE0 656 S 0€5°0 150°ZE 99 Y S/50L $6200/6040L
() ooy 6 0010 1SET Sy SLTL 996'S€ 99 900 8LL'8 59920/681aL
(Lo €18 8g 0zL'0 80€'€ o€ 2900 599'LE 99 8407 180°LL 80700/6040L
wl) Lty 14 SzL'0 959 L€ €280 88y'L€ 59 8z0'L 0L6'8 8000071 1AL
(6€) €09 18 6850 sL0°€ 13 60%°0 0zzes 59 8€6°0 60L'8 eydeUE(Q
(81) 0'Sy vs 08€°0 984T 6l LLZ0 €88°C€ 29 80 116’8 €1600/014aL
wl) LTy 14 €810 €297 v €10'L 99L'v€ 8s 7290 60€'8 6£020/6040L
(%) 019 8y €650 95€'C 8/ LLO'L 89/°0€ LS 769'1 65671 08100/1L4dL
(L L1y 8z 2010 128'C Ly 896°0 SL0'SE 95 LO¥'0 ¥90°. 09000/0L4L
(z€) €55 8¢ 0610 128°C €/ 1980 5/8'8T 5§ €971 xan $1000/1 4L
(9€) €25 LS 1710 sEL'e 99 1080 L0£'0€ 39 or'L 898'LL 62900/ 14dL
xapul Auiqess 1y uespy IS1 ASY uesy IS1 ASY uesly JIS1 JASY ueapy sauo|)
3]eds A|Iqndadsns SnJIA dlesow Wep (%) Janew Aip 1aqn) (,_eyy)

piaIk 1agny ysai4

‘(PanunRuod) '€ 3|qeL



14 (&) P.E. NORMAN ET AL.

00055, TDr10/00052, TDr09/00122, TDr09/00408 and TDr10/00245 (G13,
G43, G33, G40, and G2, respectively) were the highest yielders in environment
cluster 2 that represented the southern Guinea savannah ecology for yam
cultivation in Nigeria (Figure 1(a)).

The graphical display in the GGE biplot for the tuber dry matter content
depicted the existence of mega-environments, where the outermost 11 clones
in the biplot formed an 11-sided polygon with “winner” clone at the vertex.
The four test sites were delineated into three out of the 11 sectors forming
three environment clusters, where the first cluster comprised Ibadan site,
the second cluster constituted Ikenne and Ubiaja sites, and the third cluster
represented the Abuja site. Clone TDr10/00563 in the environment cluster
one represented by Ibadan site, TDr89/02665 in the environment cluster two
represented by Ikenne and Ubiaja sites and TDr09/02079 in the third envir-
onment cluster represented by Abuja site were winning yam clones for the
tuber dry matter content (Figure 1(b)). Figure 2(a,b) represents the discri-
minating ability and representativeness of test sites for fresh tuber yield and
tuber dry matter. Based on the GGE biplots average environment coordina-
tion (AEC), Ikenne for fresh tuber yield and Ibadan for tuber dry matter
content had the longest vectors and large PC1 values with wider angles from
AEC compared to the other sites, hence, were the most discriminating sites
for these traits (Figure 2(a,b)). The more representative site for expression of
fresh tuber yield was Ubiaja, whereas Ikenne and Ubiaja seemed to be more
representative for tuber dry matter content, as it had small absolute PC2

2
C1 » 56.5%, PC2 # 21 8%, Sulpa T6.1%
~|jransiom =0, Scaing =0, Ceﬂtﬁrng:?. Sve=2
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Which wins where or which is best for TBRYLD Which viins where or which is best for CMC

Figure 1. Polygon representation of GGE biplot based on total fresh tuber yield (a) and dry
matter content (b), of 49 yam genotypes grown at Abuja, Ibadan, Ikenne and Ubiaja in Nigeria.
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Figure 2. Discriminating power and representativeness of the test environments for total fresh
tuber yield (a) and dry matter content (b), of 49 yam genotypes.

score with longest vector and very narrow angle from AEC for respective
traits. Figures 3 and 4 display “which-won-where” pattern of the yam clones
and the discrimination ability and representativeness properties of test sites
for resistance to yam mosaic virus field infection. The PC1 and PC2 for
reaction to yam mosaic virus natural field infection collectively explained
about 80% of the total variation attributable to genotype main and the GEI
effects. The polygon view of biplot for reaction to yam mosaic virus formed
six sectors, with four test sites occupying two of the six sectors, suggesting
two environment clusters: one consisted of Abuja and Ibadan, and the other
comprised Ubiaja and Ikenne. Clones TDr09/00408, TDr09/00267 and
TDr09/00135 (G40, G41, and G10) were the most susceptible to yam mosaic
virus in environment cluster 1, whereas TDr11/00734 and Oju-iyawo (G25
and LCTR1) were the most susceptible clones in environment cluster 2
(Figure 3). The assessment of test site quality for yam mosaic virus resistance
identified Abuja, Ibadan and Ikenne as the sites with relatively more dis-
criminating power than Ubiaja (Figure 4).

The genotype-by-trait (GT) biplot (Figure 5) identified yam clones with
the highest values for the three traits assessed in our study. The GT biplot
also depicted how the clones performed with regard to particular traits. The
variation attributable to PC1 and PC2 of GT biplot was 85.9%. Nine clones
were associated with fresh tuber yield (Figure 5; Table 4). Clone TDr10/
00605 (G31) out-yielded the eight clones. Thirteen clones were associated
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Figure 3. Polygon representation of GGE biplot based on susceptibility scale values of yam
mosaic virus of 49 yam genotypes grown at Abuja, Ibadan, lkenne, and Ubiaja in Nigeria.
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Figure 4. Discriminating power and representativeness of the test environments for suscept-
ibility scale values of yam mosaic virus of 49 yam genotypes.
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Figure 5. Genotype by trait biplot of 49 clones of white Guinea yams grown at Abuja, Ibadan,
Ikenne, and Ubiaja in Nigeria.

with tuber dry matter content. Among these 13 clones, TDr89/02665 (G49)
had the highest value for tuber dry matter content. For the yam mosaic virus,
17 clones exhibited susceptible reaction. Of the 17 clones, the three most
susceptible genotypes were TDr09/00267 (G12), TDr09/00408 (G16) and
TDr11/00291 (G40).

4. Discussion

In the present study, we dissected the nature and extent of genetic and non-
genetic factors, explaining the variation among yam genotypes in an MET
using phenotypic and molecular marker information. The magnitude of
phenotypic variance attributable to the genetic and non-genetic factors
matters in determining the most likely means to exploit the heritable varia-
tion for the trait in a breeding population via selection or recombination
breeding. The total genetic variance was smaller for fresh tuber yield and dry
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Table 4. Names, codes and trait values of yam clones studied in the genotype-by-trait biplot
analysis.

Fresh tuber yield

Clones Codes (tha™") Tuber dry matter (%) Yam mosaic virus susceptibility scale
TDr09/00135 G8 13.231 32.961 2.87
TDr10/00310 G27 11.563 27.608 2.904
TDr11/00055 G36 14.261 30.166 2.231
TDr10/00412 G28 10.669 32.451 2.561
TDr00/00001 G2 12.28 28.398 2.368
TDr10/01012  G33 10.705 324 2.97
TDr09/00052 G4 12.069 32.749 2.608
TDr09/00220 G10 10.834 33.793 3.086
TDr11/01272 G44 12.206 27.656 2.796
TDr89/00983 @1 13.07 34.863 2.43
TDr11/00128 G37 10.233 32916 3.111
TDr10/00600 G30 10.693 34.546 2.793
TDr10/00605 G31 15.621 30314 2.626
TDr11/00291 G40 8.344 32.97 3.229
TDr10/00052 G19 13.271 31.244 2.686
TDr10/00021 G18 13.765 30414 2.843
TDr09/00267 G12 9.15 31.149 3.641
TDr09/00122 G6 12.99 31.506 2424
TDr09/00121 G5 12.133 33.331 2.703
TDr11/00734 G42 10.693 32.924 3.199
TDr10/00563 G29 8.326 35.585 2.573
TDr09/00013  G3 9.865 32.859 3.103
TDr09/00404 G15 9.711 31.877 2.648
TDr10/00248 G25 8.043 30.124 2.765
TDr10/00228 G23 7.981 31.052 2.968
TDr09/00263 G11 13.045 34.688 2.159
TDr11/01408  G45 10.103 33.841 3.158
TDr11/01142 G43 6.95 32474 3.121
TDr10/00149 G22 9.509 30.321 2.898
TDr11/00629 G41 11.868 30.701 3.135
TDr11/00015 G35 11.474 28.875 2.821
TDr10/00060 G20 7.064 35.075 2.821
TDr11/00180 G38 12.939 30.768 2.356
TDr09/02079 G17 8.309 34.766 2.623
TDr10/00913  G32 8.911 32.883 2.786
Danacha G47 8.709 32.22 3.015
TDr11/00008 G34 8.97 31.488 2.656
TDr09/00408 G16 11.081 31.665 3.308
TDr89/02665 G49 8.118 35.966 2.351
TDr09/00295 G13 10.575 32.051 2.959
Oju-iyawo G48 8.78 31.395 2.844
TDr09/00134 G7 6.831 31.977 3.133
TDr10/00245 G24 10.21 33.703 3.061
TDr09/00341 G14 10.169 27.871 2.979
TDr10/00144 G21 9.805 32.161 2.871
TDr10/00282 G26 8.163 32.773 3.195
TDr11/00228 G39 8.92 28.704 3.163
TDr09/00152 G9 8.018 32.29 3.155

TDr11/01701  G46 6.133 31.526 3.224
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matter content than the non-genetic variance, indicating that a large propor-
tion of the total variation was non-heritable or environmental. The smaller
genetic variance relative to non-genetic variance also implied that selection
progress for fresh tuber yield and dry matter content would be slow. The
substantial non-genetic effect on a trait among yam clones highlights the
potential to improve these traits through the use of selection methods that
are not influenced by environment, such as use of molecular markers (Evans
et al. 2018). Unlike fresh tuber yield and dry matter content, YMV had
a larger proportion of the phenotypic variation attributed to genetic factors
than to non-genetic factors. This suggests that selection progress for YMV
could be achieved faster compared to the fresh tuber yield and dry matter in
the current set of yam genotypes.

Traits that had high broad-sense heritability (H* > 0.60) captured higher
total genetic variance attributable to both additive and the non-additive (the
dominance and epistasis) effects. The broad-sense heritability is more impor-
tant in clonally propagated crops than in non-clonally propagated crops, as
clonal propagation captures all genetic effects: additive, dominance and
epistasis, and can pass the genotype intact on to the next generation. Traits
that exhibited high heritability and a high genetic advance as percentage of
mean indicated that progress can be made for those traits through selective
breeding. Johnson, Robinson, and Comstock (1955) suggested the relevance
of combining heritability with genetic advance for efficient predictability of
response to selection. Generally, both the non-genetic (environmental) and
non-additive (dominance and epistasis) variances contributed more to total
phenotypic variance than the additive genetic variance, leading to low nar-
row-sense heritability estimates for the three traits studied.

The current study also revealed the potential of genomic best linear
unbiased prediction (gBLUP) for assessing the genetic merits of yam clones
in multi-environment trials and choosing superior parents for crosses.
Besides, gBLUP analysis could be used to reduce the stages of field evaluation
in yams to save resources and increase the pace of cultivar release. The
merits of genomic prediction in reducing cycle time and evaluation stages
in crop breeding programs have been extensively explained (Muranty et al.
2015; Resende et al. 2017, 2012; Burguefio et al. 2007; Bradbury et al. 2007;
Garcia, Carbonell, and Asins 2000), including root and tuber crops
(Friedmann et al. 2018; Norman et al. 2018). Genomic prediction contributes
to efficient parental identification for crossing (Heffner, Sorrells, and
Jannink 2009).

The GEI analysis of the three traits using AMMI model indicated the
possibility of identification and selection of widely adapted and/or specifically
adapted genotypes for target environments. Both the main genetic effect and
the GEI effects were important in controlling these traits. However, the envir-
onmental (site) effect alone exhibited the greatest influence relative to the main
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genetic and GEI effects, indicating much benefit would be achieved from
improved agronomic management (Xu 2016). Such a strong environmental
influence on variation among clones for fresh tuber yield (t ha™') has been
previously reported by Egesi and Asiedu (2002) for yam and by Ntawuruhunga
and Dixon (2010) for cassava. The presence of strong environmental effects
should not be ignored, but rather exploited by breeding programs using
stability analysis, such as AMMI and GGE, which identify genotypes with
general adaptation across environments and specific adaptation to particular
environments (Farshadfar, Mahmodi, and Yaghotipoor 2011).

The AMMI stability indices dissected the performance stability of yam
clones across environments. The AMMI stability indices effectively identified
the top-ranking five clones that integrated performance superiority with
stability for the measured traits. However, none of the clones appeared in
common in the top five list for all three traits, possibly because different traits
are controlled by different genes and each trait exhibits differential response
to different environments. The stability indices for fresh tuber yield and
tuber dry matter had a weak and negative correlation. Likewise, stability
indices for tuber dry matter and yam mosaic virus susceptibility had a weak
and negative correlation. However, the association between fresh tuber yield
and mosaic virus susceptibility scale was positive and significant. Detailed
assessment at the individual clone level identified negative correlation-
breaker individuals. Clone TDr09/00135 was among the negative correlation-
breaker clones that were in the top-ranking five genotypes for fresh tuber
yield and tuber dry matter. Clone TDr11/00055 and TDr10/00412 simulta-
neously exhibited superior and stable performance for fresh tuber yield and
yam mosaic virus resistance. Considering the relevance of the key traits in
discriminating the yam clones, a multiple trait selection index that takes into
account each of these traits simultaneously would identify superior and stable
clones for commercial deployment. The multiple trait selection technique
helps breeders to take balanced selection decisions that include relevant traits
of interest to producers, marketers and consumers. Accordingly, TDr10/
00412, TDr11/00055, and TDr09/00135 were the best clones that combined
relatively superior mean values with stable performance for fresh tuber yield,
tuber dry matter content, and mosaic virus resistance at different sites. An
agronomically superior variety possesses a range of traits but superiority and
stability for all traits are rarely combined within a single variety. Instead,
a range of trait superiority and stability are found in different genotypes.
Thus, use of index selection facilitates identification of desirable genotypes
integrating high and stable trait performance across environments and
simultaneous selection of promising genotypes (Baker 1986; Yan and Kang
2003).

Further dissecting the adaptation and stability of the clones with GGE
biplot analysis assisted in clustering the test environments into distinct
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mega-environments, with each environment comprising sites sharing con-
sistently best-performing clones. A site in each mega-environment repre-
sents the target environment with the power of differentiating clones (Yan
and Tinker 2006). According to Yan et al. (2007) test environments are
classified into three main groups. The first group has short vectors and
lacks sufficient information about variability in the genotypes. The second
group with long vectors, small angles, and the average environment coor-
dination (AEC) abscissa possesses an ideal environment quality for identi-
fication of superior genotypes. The third group that is characterized by
large angles and AEC abscissa, is useful for culling of unstable genotypes.
Yan and Kang (2003, 91) noted that the angle between the vector of an
environment and the AEC axis is a measure of representativeness of that
environment. Abuja, Ibadan and Ikenne had a relatively longer vector than
Ubiaja did. The vectors of Abuja, Ikenne and Ubiaja, each forming a wide
angle with AEC, showed relatively weak representativeness, whereas
Ibadan, with a narrow angle, showed relatively strong representativeness
of a test site for screening white yam clones with mosaic virus resistance.

The GT biplots revealed best-performing clones that were associated with
fresh tuber yields and tuber dry matter content, whereas those that were
associated with YMV, especially the vertex clones, were the worst performers
or most susceptible ones. These findings are substantiated by the mean perfor-
mance data for the clones across METs (Table 3). The biplot of the grand mean
showed clone TDr10/00605 (G31) to be the best genotype for fresh tuber yield
and clone TDr89/02665 (G49) for tuber dry matter content. Our results suggest
the relevance of assessing multiple traits across diverse environments in yam
breeding trials to ensure that the selected genotype(s) have acceptable perfor-
mance in target environments and meet the demands of the producers, pro-
cessors and the consumers. These findings concur with the suggestion that
putative white yam clones should be selected on the basis of desired high fresh
tuber yield, acceptable tuber dry matter content, and field tolerance to YMV
(Darkwa et al. 2020b). Our findings also established the relevance of GT biplot
in unraveling vital information that could be useful for parental selection aimed
at improving key traits, as reported by Yan and Frégeau-Reid (2008). Thus, the
clones that exhibited good attributes would be wuseful as parents in
a hybridization program aimed at generating improved clones with high fresh
tuber yields, tuber dry matter content, and resistance to YMV.

5. Conclusions

Application of various analyses in the current study helped to assess the data
generated from breeding trials to derive useful genetic information and
determine the nature of GEI in yam. Complementation of mixed model
with genomic relationship matrix improved understanding of the genetic
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merits and genetic architecture of tuber yield, dry matter content, and yam
mosaic virus infection in white yams. Moreover, the useful genetic values of
superior yam clones, identified for target environments in this study, present
an opportunity for the genetic improvement of the crop.
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