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The Fall armyworm (FAW), Spodoptera frugiperda (J. E. Smith) invaded sub-
Saharan Africa (SSA) in 2016 and has since become prevalent in many countries,
causing significant maize grain yield losses and reduced grain quality. Breeding
for host plant resistance to FAW requires improving multiple traits, complicating
selection. This study evaluated the use of principal component (PC)-based multi-
trait selection indices to identify FAW resistant maize genotypes. A total of 192
maize hybrids alongside four commercial hybrids, were evaluated over four
seasons under artificial FAW infestation. Data on FAW leaf feeding damage (LD) at
7, 14, and 21 days after infestation, and ear damage (ED), ear rot (ER), and grain
yield (GY) were recorded. The data were subjected to analysis of variance and PC
analysis, and results used to construct two economic weight-free selection
indices: PCl-based index (PC1BI) and PC2-based index (PC2BI). Broad-sense
heritability estimates were 0.59 to 0.73 for LD, and 0.69 for GY. The two PCs
explained 97.1% of the variation among the hybrids. PC1BI, with higher loadings
for the leaf feeding damage traits, showed the larger desired gains for these traits
(—2.92 to —-3.84%) and GY (19.9%), making it a superior index to PC2BI. PC1BI
identified six promising hybrids with GY above the cutoff of 7.0 t ha™* for selection
under FAW infestation. PC2BI exhibited larger gains for ED (-11.1%) and ER
(-45.4%). The index-based selected hybrids consistently outperformed the
commercial hybrid checks. The PC-based indices have the potential to serve
as valuable tools for breeders to maximize selection gains; however,
modifications are necessary to incorporate other desirable agronomic and
adaptive traits.
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Introduction

Maize is an important and strategic crop in sub-Saharan
African (SSA) for food, feed, and plays key roles in the national
economies of several countries as a key industrial and export
commodity (Badu-Apraku and Fakorede, 2017; Ekpa et al., 2018,
2019; Erenstein et al., 2022; UBOS, 2022). Sustained production of
maize is curtailed by several factors including declining soil fertility,
climate change, and emerging pests and diseases (Sisay et al., 2019;
Prasanna et al., 2021; Asfaw et al, 2024). The outbreak of the
invasive fall armyworm (FAW) pest first reported in 2016 is among
the most important pest limiting the production of maize in SSA
(Goergen et al.,, 2016; Otim et al., 2018; Sisay et al., 2019; Tambo
etal., 2020). The pest has a broad host range, but its impact is severe
on maize fields causing plant damage and yield losses ranging
between 20 to 70% especially during aggressive feeding larval stage
(Day et al.,, 2017; Ramirez-Cabral et al., 2017; Montezano et al.,
2018). The larval feeding causes several damages to the leaves,
stems, and maize ears, further exposing cobs to ear rots and
mycotoxin contamination, reducing the quality and safety of
grains and their products (FAO, 2017; Pruter et al., 2020;
Palumbo et al, 2020; Logrieco et al, 2021). The impact of the
pest is mainly severe for smallholder farmers with limited access to
inputs, especially pesticides that are costly and require training on
use to limit exposure and pesticide risks on humans, crops, livestock
and agro-biodiversity (Day et al., 2017; Ramirez-Cabral et al.,, 2017;
Kassie et al., 2020; Tambo et al., 2020; Yan et al., 2022).

The FAW is difficult to control and manage due to its migratory,
transboundary and polyphagous behavior, short life cycle and nature
of mostly small holder farming in SSA (FAO, 2021; Otim et al., 2021).
Host resistance provides a cost-effective, user-friendly, and
environmentally safe component of an integrated pest management
strategy against FAW under smallholder conditions (Prasanna et al.,
2022). Most tropical breeding programs are still in their early stages
of host resistance development, and only a few first-generation FAW-
tolerant hybrids are commercially available, thus limiting the use of
host resistance (Prasanna et al., 2022). Breeding for next-generation
and durable resistance demands the consideration of several traits in
selection and advancement processes. The key traits targeted by
breeders include foliar damage and grain yield traits that benefit
the producer, as well as those that influence product quality and
consumer acceptance, such as ear damage and ear rot. However,
FAW-inflicted leaf-feeding damage and ear quality traits often show
an unfavorable correlation with grain yield (Kasoma et al.,, 2021;
Kamweru et al., 2022; Prasanna et al,, 2022). Selecting uncorrelated
traits focusing on direct selection approaches makes genetic
improvement challenging for multiple traits (Olivoto and Nardino,
2020; Zuffo et al., 2020; Batista et al., 2021; Ambrosio et al., 2024).
Investigating selection indices aimed at selecting desired second-
generation host resistant varieties is crucial given the uncertainty
when selection is focused on direct trait approaches. Studies have
demonstrated that employing selection indices for multiple traits
offers successful chances for breeding several traits into a single
genotype (Lopez-Cruz and de los Campos, 2021; Padjung et al., 2021;
Anshori et al,, 2022; Ceron-Rojas and Crossa, 2022; Farid et al., 2022;

Frontiers in Plant Science

10.3389/fpls.2025.1544010

Anshori et al., 2024). Breeders utilize a variety of selection indices,
such as the Smith-Hazel index (Smith, 1936), base index (Williams,
1962), restricted selection index (Kempthorne and Nordskog, 1959),
and the Tai index (Tai, 1977). Some of these indices require the use of
economic weights but economic weights for traits are subjective and
not easy to determine. Selection indices that require weights
generated intrinsically from data are easy to use and amenable for
breeders. An example of such an index is the principal component
(PC) based index which is possibly the most used (Agudelo-Gomez
et al., 2016; Tang et al, 2021; Padjung et al,, 2021). Principal
component analysis is useful in eliminating redundancy in
univariate analyses (Iezzoni and Pritts, 1991), and therefore, PC-
based indices also eliminate multicollinearity among variables. The
PC-based index method has been used to identify maize varieties with
acceptable nutritional value and promising physiological seed quality
traits (Tang et al., 2021; Padjung et al., 2021). Principal component
indices could thus be useful when selecting FAW-resistant genotypes
since some of the traits are scored multiple times, and others show
unfavorable correlations. The objective of this study was to evaluate
PC-based indices for the selection of maize hybrids with resistance to
FAW and improved grain yield under artificial infestation conditions.

Materials and methods
Plant materials

In 2019, nineteen (19) inbred lines were crossed in a diallel
mating scheme to generate 171 F1 test hybrids without reciprocals.
The inbred lines were developed by CIMMYT and showed
promising host responses to FAW feeding damage under artificial
infestation in preliminary tests that were done in 2017 and 2018.
Table 1 details characteristics, pedigree, and origin of parental lines
utilized in the half-diallel crosses. The crosses were made at Kenya
Agricultural and Livestock Research Organization (KALRO)
Kiboko Research Station (2°15’S, 37°75’E, 975 m a.sl) in Kenya.
In addition to the diallel hybrids, 17 experimental hybrids,
including two internal genetic gain checks (CKH10769 and
CKH10717), and two commercial check hybrids (WH401 and
WH505) were included in the study.

Evaluation of response to FAW infestation

A total of 171 diallel hybrids were evaluated along with 15 or 17
experimental hybrids, two internal genetic gain checks (CKH10769
and CKH10717), and two commercial check hybrids (WH401 and
WH505) for four seasons under artificial FAW infestation. In 2020,
the trial included 192 hybrids, while in 2021, there were 190
hybrids. The experimental design was a 4 x 48 alpha-lattice in
2020 and a 5 x 38 alpha-lattice in 2021, each with two replications.
The experiments were conducted in screen houses in Kiboko,
Kenya. The hybrids were planted in a single-row plot, 3 meters
long, with 0.75 meters between rows and 0.25 m between plants.
FAW neonates, obtained from the CIMMYT insectary at KALRO
Katumani Agricultural Experimental Station in Machakos County,
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TABLE 1 List and characteristics of parental lines utilized in the half diallel crossing.

Code Name Pedigree Characteristics Origin
1 CML247 (G24-F119/G24-F54)-6-4-1-1-B-B-B-B Tolerant to ear rot Mexico
2 CML269 P25STE-C1-FS13-6-1-1-#-B-B-B-B Tolerant to ear rot Mexico
3 CML17 P22TSR-B-B-40-2-1-2-B-B-B-B Lodging resistant Mexico
4 CML23 P25-FS112-2-2-2-1-4-B-B-B-B Tolerant to ear rot Mexico
5 CML274 (AC7643/P43-F7)-2-3-4-3-B-B-B-B Tolerant to ear rot Mexico
6 CML371 MBRETW-F2-56-1-1-1-B-B-6-B-B-B-B Multiple borer resistance Mexico
7 CML372 MBRETW-F2-177-3-1-1-B-B-B-B Multiple borer resistance Mexico
8 CML402 AC8222-6-2-2-B-#-#-2-B*3-1-B-B-B-B Tolerant to ear rot Mexico
9 CML476 P21MRRS-C1-525-1-B-B-B-B Susceptible to FAW Mexico
10 DL187008 MDRC3 Bc/MBRC5 Bc F59-1-B-#-1-2-B-B-B-B Multiple borer resistance Kenya
11 DL187009 MBR/MDRC4 Bc F34-1-B-#-1-1-B-B-B-B Multiple borer resistance Kenya
12 DL187010 MIRTC5 Bco F62-2-2-1-1-2-1-B-B-B-B Multiple insect resistance Kenya
13 DL187011 P84c3BcxMIRTCS5 Beo F10-1-2-2-2-3-1-B-B-B-B Multiple insect resistance Kenya
14 DL187012 P84c3BcxMIRTCS5 Beo F80-4-2-1-4-1-1-B-B-B-B Multiple insect resistance Kenya
15 DL187019 MBRC6 Bc F234-1-B-#-1-1-B-B-B-B Multiple borer resistance Kenya
16 CML334 P590-C3-F374-2-1-2-B-#-3-3-B-B-B-B Southwestern corn borer resistance Mexico
17 CKSBL10153 [(MIRTC4Am F128-B-1-3-B-B x CL-02450)-B]-1-B-B-B-B Stem borer tolerance, FAW tolerance Kenya
18 CML71 ANTGP2-5-#-1-2-1-1-5-5-7-B-B-B-B Tolerant to FAW Mexico
19 CML345 P390SCB-C1-F72-1-1-1-1-#-6-B-B-B-B Tolerant to FAW Mexico

Kenya, were used to artificially infest the hybrids. The rearing of
FAW neonates followed the protocols described in detail by
Prasanna et al. (2018) and Anyanda et al. (2022). Seven neonates
were placed in the whorl of each plant at the V5 stage using a camel
brush, following the protocols outlined by Prasanna et al. (2018).

Data collection

Fall armyworm leaffeed damage (LD) was assessed at 7 (LD1), 14
(LD2), and 21 (LD3) days after artificial infestation using a visual
rating scale of 1-9 (Davis and Williams, 1992; Prasanna et al., 2018).
A score of 1 is considered highly resistant, 2 to 3 resistant, 4 to 5
moderately resistant, 6 to 7 susceptible, and 8 to 9 highly susceptible.
The average leaf feeding damage score (LD_AV) was computed from
the three ratings. At harvest, ear damage (ED) was also rated on a
scale of 1-9 (Prasanna et al., 2018; Kamweru et al.,, 2022), where 1
indicated no ear feeding damage and 9 represented severe ear feeding
damage. Ear rot (ER) was recorded by counting rotten ears per plot
after harvest, expressed as a percentage of the total harvested ears. All
the harvested ears were then weighed to determine plot field weight
data. Grain moisture content was measured using a moisture meter.
Using field weight, grain moisture content, and an average shelling
percentage of 80%, grain yield (GY, t ha™) was calculated and
adjusted to 12.5% moisture content.

Frontiers in Plant Science

Data analyses

Analysis of variance

Data were checked for normality using the Shapiro-Wilk test by
examining residual plots, and histograms. The data were found to
be normally distributed, and therefore no data transformation was
required. A linear mixed model was used to perform analyses of
variance (ANOVA) across environments using the META-R
software (Alvarado et al., 2020). The linear mixed model used for
the analysis of the data was:

Yijkl =u +Gi + E] + Rk(E]) + BI(ER)Jk + GEI] + El'jkl

where Y is the response variable; i is the intercept; G; is the
effect of the ith genotype; E; is the effect of the jth environment; Ry(E;)
is the effect of kth replicate in the jth environment; B; (ER)j is the
effect of the Ith block within the kth replicate at the ith environment;
GEjjis the effect of the interaction between the ith genotype and the
jth environment; and ;4 is the experimental error associated with
the ith genotype, jth environment, kth replicate and Ith block. The
error is assumed to have a mean zero and a homoscedastic variance
o2. The best linear unbiased estimates (BLUEs) computed from a
combined ANOVA were used to create the indices and perform
correlation analysis. Broad-sense heritability was estimated for
combined environments using variance components following
Hallauer et al. (2010) as:
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H = oG
- 2 2
2 o 9%k o, %%
oG+ e + er
2 . . . 2 .
where o is the genotypic variance, oy is the genotype x
location interaction variance, e is the number of environments, r is
the number of replicates, and the Gé is the residual variance.

Construction of principal component
indices for hybrid selection

The data for six FAW -resistance-related parameters (LD1, LD2,
LD3, ED, ER, and GY) from the 192 (2020) or 190 (2021) maize
genotypes were standardized to have a mean of zero and variance of
one for each trait. The standardized values were then subjected to
Principal Component (PC) analysis to obtain weights for
constructing the selection indices using the META-R software.
The decision on the number of PCs to use in the index was
informed by analysis of the scree plot, where only PCs with
eigenvalues greater than one were selected (Supplementary
Figure 1). This criterion led to selection of the first two principal
components (PC1 and PC2) used in the study. The index score
values for each genotype were calculated by summation of the
products of the BLUEs across environments for each trait and their
respective weights (eigen vectors) on the first two principal
component axes (PCl and PC2) following the procedures
outlined by Tang et al. (2021). The computations were done in
Microsoft Excel, considering a set of all six FAW resistance-related
traits. Two PC-based selection index schemes were developed: a
PC1-based index (PC1BI) and a PC2-based index (PC2BI).

The model for constructing PC1BI was:

PC1BI = -0.95 x LD1 +—-0.93 x LD1 + -0.91 x LD3 + -0.50
x ED +-0.70 x ER + 1.00 x GY
while the model used to construct PC2BI was:

PC2BI = -0.36 x LD1 + —0.44 x LD2 + —0.45 x LD3 + 1.00 x ED
+0.83 X ER + -0.08 x GY

The LD1, LD2, LD3, ED, ER, and GY correspond to the hybrid
means for leaf feeding damage score at 7, 14, and 21 days after
infestation, ear damage score, ear rot score, and grain yield,
respectively. The multiplicative factors for each trait were the
eigen vectors from the PC analysis. The genotypic correlations
among traits and the index score values were computed and
visualized using the R package ‘psych’ version 2.4.6 (William, 2024).

Performance of PC-indices and
hybrid selection
To evaluate the selection efficiency of the PC-based indices,

multi-trait selection gains among seven FAW resistance-related
traits either through conventional single-trait or principal
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component-based index selection options were compared. Each
trait, including LD1, LD2, LD3, LD_AV, ED, ER, and GY, was
considered as an independent conventional single-trait direct
selection option. In each selection scheme, the hybrids were
ranked and the average of the 15 or 10 top-performing selected
hybrids was considered while estimating the selection deferential
for the traits. The selection gain (GS) for each trait was calculated as
a percentage of the selection differential, expressed relative to the
grand mean of the 192 hybrids, and then multiplied by the trait
heritability (Santos et al., 2018; Zuffo et al., 2020; Norman et al.,
2022). Accordingly, the equation used to estimate selection gain
(GS) was:

_ (Xs - Xo) x H
- Xo

GS

where, Xs is mean of the 15 or 10 top-performing selected
hybrids, Xo is the grand mean of the 192 hybrids, (Xs-Xo) =
selection deferential, and H? is the broad-sense heritability of
the trait.

Additionally, the relative gain, estimated as RG = [(Genotype-
Check)/Check] x 100 was used to compare the performance of the
15-best index-selected hybrids against the commercial checks
WH401 and WH505 following the method of Matias et al.
(2020). A grain yield of 7 t ha! was used as the cutoff, based on
the trait metrics developed and used in the Stage gate advancement
process by the Global Maize Program of CIMMYT for Product
Profile #1 (intermediate maturity maize). Relationship heatmaps
based on the top 15 and five bottom index-selected hybrids were
generated using the ‘pheatmap’ package in R to visualize and
identify superior genotypes that exhibited desired combinations
for several traits (Kolde, 2019).

Results

Analysis of variance, variance components,
heritability and genotype
mean performance

A combined ANOVA revealed significant (P< 0.01)
environment (E), genotype (G), and G x E mean squares for all
traits (Table 2). The genotypic variance (0'(2;) and G x E variance
(o) were of similar magnitude for LD1 but o was larger than
ogp for the other traits (Table 3). The broad-sense heritability (H?)
estimates were moderate for LD1, LD3, ED, ER, and GY (range 0.59
to 0.69) and high (range 0.73 and 0.79) for LD2 and LD_AV. The
mean LD across the three scores was 5.1 while the mean GY was 5.1
tha™ for the trial (Table 3). The performance of the test hybrids and
checks is presented in Supplementary Table 1. A total of 186 hybrids
had leaf feeding damage 1 (LD1) scores of<4, while six hybrids
showed LD1 scores >4. For LD2, moderate resistance scores ranged
from 5.4 (E163) to 5.9 (E82) for 66 hybrids, while for LD3 the scores
ranged from 5 (E152) to 5.9 (E94) for 148 hybrids. Fifty-four
experimental hybrids recorded average leaf feeding damage
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TABLE 2 Combined analysis of variance for FAW resistance parameters and agronomic traits of 192 hybrids evaluated under artificial FAW infestation

in 2020-2022.
Source of variation df LD1 LD2 LD3 LD_AV ED ER GY
Environment (E) 3 42.82%% 38.08*+ 168.89%** 20.16%% 88.33%+ 4023.00°* 982.60**
Rep (E) 4 947+ 18.97%* 18.33%* 670" 4.09* 420.00%+ 60.90%*
Block (Rep/E) 336 0247 0.45%%* 0.68** 0.25%* 0.30%** 33.00% 450"
Genotypes 191 0.46** 0.59% 0.88** 042+ 0.62%* 86.00%+ 11,60+
Genotypes x E 565 0.22%% 0.28* 047 0.16** 0.30* 4000+ 430"
Residual 422 0.12 0.11 027 0.70 0.17 25.00 1.70

**, X Significant at P < 0.01 and P < 0.001, respectively.

LD1, LD2, and LD3, leaf feeding damage score at 7, 14, and 21 days after infestation; LD_AV, Average leaf feeding damage score; ED, Ear damage; ER, Ear rot; GY, Grain yield.

(LD_AV)<5, with check hybrids WH401 and WH505 showing
LD_AV >6. For ear damage, all the genotypes recorded ear damage
scores<3. Of the test genotypes, 141 experimental hybrids had
ER<10%, while the check entries exhibited ER between E192
(17.4%) to E191 (31.3%). Grain yield for the experimental hybrids
under artificial FAW infestation ranged from 2.2 to 7.8 t ha™*, with 11
hybrids yielding > 7 t ha™". The best check WH505 yielded 4.4 t ha™.

Principal component analysis, correlations
among FAW resistance parameters, and
index scores

Principal component analysis revealed that the first two PCs
explained 97.1% of the total variation among the hybrids (Table 4;
Figure 1). The traits with the highest loadings on PC1 (64.2%) were
the leaf-feeding damage scores and grain yield. The traits with the
highest loadings on PC2 (32.9%) were ear damage and ear rot. The
genotypic correlations between the time series FAW leaf feeding
damage traits LD1, LD2, LD3, and LD_AV were strong (r = 0.3 to
0.9) (Figure 2). The PC1BI and PC2BI index values for the hybrids
are presented in Supplementary Table 1. The desirable index value
is the larger value. The PCI1BI index values ranged from -26.3 to
-8.7, for WH505 and E154, respectively. For PC2BI, the index values
ranged from -27.6 to 1.4 for hybrids WH505 and E28, respectively.

The PC1BI and PC2BI index values were strongly correlated with all
traits except GY with PC2BI values.

Performance of PC-based indices and
hybrid selection

The expected selection gains for FAW resistance parameters
and agronomic traits based on the PC indices are presented in
Table 5 and Figure 3. Using the PCIBI resulted in the desired
genetic gains for all traits for the top 10 and 15 selected hybrids. A
similar result was obtained using PC2BI except for GY when the top
15 hybrids were selected. There were similar gains in the desired
direction for the traits with high loadings on PC1 with selection
using PC1BI. The selection gain for GY was higher (19.9%) under
PCI1BI compared with PC2BI (1.68%) when selecting the top 10
hybrids. Index PC2BI, based on high PC2 loadings on ED and ER,
showed larger gains for these traits relative to PC1BI. Direct
selection based on average leaf feeding damage (LD_AV) showed
larger gains for LD1, LD2, LD3, and ER compared to PC1BI, direct
selection based on ER (ER_DS), and direct selection based on GY
(GY_DS). Direct selection based on GY resulted in larger gains for
GY but undesirable direction for ED and ER. The ranking of the top
15 and bottom five experimental hybrids under different selection
schemes is shown in Table 6. The LD of the top 10 hybrids ranged

TABLE 3 Variance component and broad-sense heritability (H?) estimates and means for FAW resistance parameters and agronomic traits of 192

hybrids evaluated under artificial FAW infestation in 2020-2022.

: 2 )
Traits (;é O'éE (;62 H Mean Range LSDg o5 CV (%)
LD1 003 002 0.12 0.62 352 2.90 - 4.80 033 971
LD2 0.04 *** 0.01ns 0.11 0.73 6.04 540 - 7.30 033 553
LD3 0.05%%* 0.00ns 027 0.59 572 5.00 - 6.90 042 9.12

LD_AV 0.04%%% 0.00ns 0.07 0.79 5.09 460 - 6.20 027 5.28
ED 004+ 0.02* 0.18 0.59 1.98 1.40 - 2.90 037 2127
ER 11,03+ 333 28.80 0.65 8.14 1.10 - 3130 571 6591
GY 0.88** 072 1.70 0.69 511 220 - 7.80 1.55 2555

*,#** Significant at P < 0.05 and P < 0.001, respectively. o‘é, genotypic variance; o‘éE, variance of genotype x environment interactions; 622, error variance; LD1, LD2, and LD3, Leaf feeding damage
score at 7, 14, and 21, days after infestation; LD_AV, Average leaf feeding damage score; ED, Ear damage; ER, Ear rot; GY, Grain yield.
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TABLE 4 Eigenvectors of the first two principal component axes (PC1
and PC2) based on correlation matrix of FAW resistance parameters.

Traits PC1 PC2

Leaf feeding damage score at 7 days (LD1) -0.97 0.10
Leaf feeding damage score at 14 days (LD2) -0.98 0.25
Leaf feeding damage score at 21 days (LD3) -0.93 0.30
Ear damage -0.19 -1.00

Ear rot -0.39 -0.94

Grain yield 1.00 0.05
Proportion of variance explained 64.2% 32.9%

Bold values indicate loadings above 50% on each PC.

from 4.6 to 5.2, while their grain yield ranged from 5.1 to 7.7 t ha™",
Six of the top 15 based on PC1BI yielded > 7 t ha™. Out of the top 15
hybrids based on PC1BI, five hybrids (E116, E154, E161, E163, and
E74) were ranked among the top 15 hybrids selected based on
PC2BI while four hybrids (E141, E148, E163, and E183) were
among the top under direct selection based on LD_AV. Hybrid
E163 was consistently among the top 15 through all three selection
schemes. Two genotypes E155 and E163 were selected under both
PC2BI and LD_AV selection schemes. The percentage relative
selection gain of each of the 15 top hybrids against the
commercial checks WH401 and WH505 under different selection
schemes showed that the hybrids would result in larger relative
gains compared to the two commercial checks (Table 7). The gains
were mainly observed for LD_AV, ED, ER, and GY, with the larger
magnitude gains recorded for the PC-based selection indices. The
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FIGURE 1

Biplot of the first two principal components for FAW resistance
parameters and agronomic traits of 192 hybrids. LD1, LD2, LD3 =
Leaf feeding damage score at 7, 14, 21 days after infestation,
respectively; ED, Ear damage; ER, Ear rot; GY, Grain yield.
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relationship heatmaps (Figure 4) categorized the genotypes into two
main groups. One cluster included hybrids that clustered together
with the check varieties characterized with poor trait-genotype
associations, while the other had 15 index-based selected
genotypes that were divided into subgroups for each index
scheme. Under PC1BI, one subgroup comprised six top yielding
hybrids (E78, E159, E115, E133, E141, and E181) that exhibited
strong association with GY (Figure 4A). Seven hybrids (E74, E111,
E34, E154, E116, E116, and E163) in second subgroup combined
relatively higher GY and lower ER and ED damage under the same
index. Out of the seven, four hybrids (E116, E154, E161, and E163)
combined higher GY and lower LD_AV scores, and one E174
combined higher GY and lower ED scores under PC2BI (Figure 4B).

Discussion

Until 2016, when FAW was reported in Africa (Goergen et al.,
2016), it had primarily been a maize pest in the Americas. Its
emergence on the African continent prompted the efforts to identify
suitable sources of genetic resistance within the available
germplasm to develop resistant maize hybrids. These initial
breeding efforts, conducted under artificial FAW infestation, led
to the identification of several inbred lines with tolerance to FAW
(Prasanna et al.,, 2022). To develop suitable hybrids, these inbred
lines must be evaluated in hybrid combination under different
management conditions. This process requires consideration of
numerous traits to identify the most suitable genotypes. Given the
large number of traits to be considered in a breeding strategy,
selection of the most relevant ones can be challenging. This process
thus requires an efficient approach for selecting hybrids that
combine resistance to FAW, good agronomic performance, and a
number of essential adaptive traits. Therefore, this study explored
the use of principal component-based selection indices to efficiently
identify genotypes that combine the desired traits under artificial
FAW infestation. The key traits important for FAW resistance
breeding in the study included leaf feeding damage, ear damage, ear
rot incidence, and grain yield.

Genetic variation and heritability estimates

Significant genotypic variation was observed for all FAW
resistance parameters and agronomic traits, indicating substantial
genetic variability in this germplasm for breeding for host resistance
to FAW. Genetic variability is critical to making genetic progress in
breeding. The findings are in agreement with previous
investigations on FAW that reported genetic variations for FAW
resistance related traits in tropical and temperate maize (Kasoma
et al,, 2021; Kamweru et al., 2022; Soujanya et al., 2022; Warburton
et al,, 2023). The development of the insect-resistant populations
that are progenitors of some of the lines used in this study was based
on a diverse set of Caribbean maize and Tuxpefio accessions from
Mexico (Mihm, 1997). This underscores the importance of the large
genetic variability in addressing breeding for a pest like FAW in a
new environment.
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Genotypic correlations between FAW resistance parameters and index score values. LD1, LD2, LD3 = Leaf feeding damage score at 7, 14, 21 days
after infestation, respectively; ED, Ear damage; ER, Ear rot; GY, Grain yield; PC1BI, Principal component 1-based index; PC2BI, Principal component
2-based index. *, **, *** Significant at P < 0.05, P < 0.01, and P < 0.001, respectively.

In the present study, the environment and G x E interaction
were significant, suggesting that the different seasons of evaluation
could have led to differential genotype responses. Similar results
were reported in earlier studies on FAW (Widstrom et al., 1992;
2021; 2022; 2023). Differences in
temperature over testing seasons are known to influence the

Kasoma et al, Kamweru et al,
biological activities of insects including FAW (Ramirez-Cabral
et al., 2017; Schneider et al., 2022; Skendzic et al., 2021; Yan et al,,
2022). In plant breeding programs, traits with high heritability are
more likely to be improved rapidly (Nyquist, 1991). This study
revealed that broad-sense heritability estimates for the FAW
resistance parameters were moderate to high, which suggests that
breeding for FAW resistance using this germplasm could lead to
reasonable genetic gains from selection for these traits. The high
broad-sense heritability estimates also suggest that narrow-sense
heritability for these FAW-related parameters would be moderate to
high (Falconer and Mackay, 1996). Previous studies on FAW have
also reported moderate to high broad-sense heritability estimates
for FAW resistance parameters in maize (Kasoma et al, 2021;
Kamweru et al., 2022; 2023).

Performance of PC-based indices and
hybrid selection

A selection index offers a criterion for selection that objectively
assesses the genotypic values of individuals or families (Subandi
et al, 1973). An effective selection index requires strong genetic
correlations among the traits that are included in an index
(Oloyede-Kamiyo, 2019; Olivoto and Nardino, 2021; Batista et al.,

2021). In this study, the genotypic correlations among the FAW
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resistance traits were strong, justifying their inclusion in the
selection index. Similarly, strong genotypic correlations between
the leaf-feeding damage traits, ED, and ER were reported by
Kamweru et al. (2022). One of the challenges of using selection
indices is the complexity of assigning economic weights (e.g. Smith,
1936; Smith et al,,
economic weight-free indices (Williams, 1962; Subandi et al., 1973;

1981). Several authors have suggested several

Stromberg and Compton, 1989; Tang et al., 2021). Two economic
weight-free PC-based selection indices were developed in this study,
which together explained 97% of the variation in this germplasm.
The first index, PC1BI explained largely the variation in the three
leaf feeding damage traits and GY, whereas PC2BI explained the
variation in ear-related traits ED and ER. When both indices were
used to select the top 15 hybrids, the checks were not among the top
hybrids selected. This was because the commercial check hybrids
WH401 and WH505 performed poorly in relation to the key traits
for FAW resistance with high loadings on both indices, but it also
points to the good discriminatory power of the two indices
(2021) demonstrated that using
multivariate selection tools, such as PCA, is an effective method

developed. Tang et al.

for combining multiple traits into a single maize genotype.

The use of PC1BI to select the top 10 or 15 hybrids resulted in
balanced gains in the desired direction for all traits, with the largest
genetic gain for GY of 19.9% (top 10) and 18.8% for top 15%.
Interestingly, the improvements in GY achieved using PC1BI were
nearly identical to those obtained by directly selecting for GY.
Oloyede-Kamiyo (2019) also reported favorable selection gains for
GY in a study evaluating the efficiency of four index-based selection
methods for resistance to the lepidopteran stem borer Chilo
partellus. Several other studies have highlighted the beneficial
application of selection indices to identify high-yielding hybrids
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TABLE 5 Principal component-based index (PC1BI and PC2BI) and direct selection gains and direction of selection scenarios for FAW resistance

parameters and agronomic traits.

Selection scheme

Traits

Selection gains

Top 10 selected hybrids

Selection gains

Direction

Topl5 selected hybrids

PC1BI
LD1 -3.43 -2.95 +
LD2 -2.92 -2.14 +
LD3 -3.04 -2.66 +
LD_AV -3.84 -3.13 +
ED -5.68 -6.62 +
ER -27.77 -27.89 +
GY 19.90 18.83 +
PC2BI
LD1 -2.81 -1.69 +
LD2 -1.84 -0.96 +
LD3 -1.66 -0.94 +
LD_AV -2.43 -1.33 +
ED -11.05 -10.08 +
ER -45.43 -42.43 +
GY 1.68 -0.63 -
LD_AV_DS
LD1 -5.33 -5.51 +
LD2 -5.08 -4.63 +
LD3 -5.21 -4.49 +
LD_AV -6.46 -5.92 +
ED -4.31 -2.86 +
ER -21.58 -15.86 +
GY -4.64 -4.92 -
ED_DS
LD1 -0.45 -1.15 +
LD2 -0.09 -0.76 +
LD3 -0.99 -1.06 +
LD_AV -0.71 -1.21 +
ED -13.53 -12.77 +
ER -36.84 -33.84 +
GY 2.60 1.62 +
ER_DS
LD1 -2.81 -1.85 +
LD2 -1.84 -1.47 +
LD3 -1.66 -2.08 +
LD_AV -2.43 -2.19 +
(Continued)
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TABLE 5 Continued

Selection scheme Traits

Top 10 selected hybrids

Selection gains

10.3389/fpls.2025.1544010

Direction Selection gains Direction

Top15 selected hybrids

ER_DS
ED -11.05 + -9.05 +
ER -45.43 + -42.85 +
GY 1.68 + -2.50 -
GY_DS
LD1 -1.51 + -1.11 +
LD2 -1.18 + -0.72 +
LD3 -1.82 + -1.84 +
LD_AV -1.85 + -1.54 +
ED 1.78 - 1.33 -
ER 0.78 - 3.67 -
GY 31.65 + 29.17 +

+, Desired; -, Undesirable; PC1BI, Principal component 1-based index; PC2BI, Principal component 2-based index; and LD_AV_DS, ED_DS, ER_DS, and GY_DS = direct selection schemes

based on average leaf feeding damage, ear damage, ear rot and grain yield, respectively.

LD1, LD2, LD3, Leaf feeding damage score at 7, 14, 21 days after infestation, respectively; LD_AV, Average leaf feeding damage; ED, Ear damage; ER, Ear rot; GY, Grain yield.

with favorable trait combinations in maize (Widstrom et al., 1982;
Mhike et al., 2012; Makumbi et al., 2018; Crispim-Filho et al., 2020).
In contrast, a study on sorghum using the functional plant loss
index (FPLI) which is akin to PC1BI, did not show a significant
relationship with grain yield performance (Singh et al., 2011). With
the application of PC2BI, selection gains in the desired direction
were achieved for all traits when selecting the top 10 hybrids,
although larger gains were observed for ED and ER. While both
indices resulted in desirable gains, PC1BI proved to be a better
index, with a significantly higher gain for GY (19.90) compared to
1.68 for PC2BI. Direct selection methods for leaf feeding damage,
ear damage or GY, resulted in less balanced selection gains for all
traits compared to the PC-based indices. This result further
underscores the importance of using selection indices in breeding

60 -

Selection gain

60 A) Top best 15 hybrids

FIGURE 3

Selection gain under PC and direct-based selection schemes based on: (A) top 15 (B) top 10 selected hybrids. LD_AV, Average leaf feeding damage

score; ED, Ear damage; ER, Ear rot; GY, Grain yield.
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programs focused on maximizing high yield potential and
improving tolerance to multiple stresses.

With the application of the PC1BI index, several promising
hybrids with grain yield > 7.0 t ha™' and good overall index scores
were identified. These hybrids align with the current priority trait
metrics for FAW resistance breeding at CIMMYT (Prasanna et al.,
2022). This suggests that PC1BI could serve as an excellent selection
index tool in FAW resistance breeding to identify genotypes that
combined FAW resistance with high yield potential. Similar
recommendations for using selection indices have been made for
corn ear worm (Widstrom et al, 1982) and Chilo partellus
resistance in maize (Oloyede-Kamiyo (2019) and sorghum (Singh
et al, 2011). Some hybrids selected using the PC2BI index showed
reduced ear and rot damage though their yield was slightly below

ELD_AV
HED
W ER
HGY

B) Top best 10 hybrids

frontiersin.org


https://doi.org/10.3389/fpls.2025.1544010
https://www.frontiersin.org/journals/plant-science
https://www.frontiersin.org

22U3I0G JUe|d Ul SI913UO0I4

0T

[SSIRVFETM ST

TABLE 6 Ranking of the top 15 and bottom five experimental hybrids under PC1BI, PC2BI, and LD_AV selection schemes.

Hybrids LD_AV  ED ER GY Value Rank Hybrids LD_AV  ED ER GY Value Rank Hybrids LD_AV ED | ER

Top 15 hybrids based on

Top 15 hybrids based on PC1BI Top 15 hybrids based on PC2BI direct LD_AV
E154 4.8 1.7 2.5 6.5 -8.7 1 E28 5.1 14 1.1 5.0 14 1 E163 4.6 1.7 2.5 5.1 1
E163 4.6 17 2.5 5.1 9.3 2 E155 48 1.6 1.7 4.1 0.3 2 E152 4.7 1.6 3.8 4.4 2
E133 4.9 2.1 7.2 7.8 9.4 3 E156 4.9 1.7 2.4 45 0.3 3 E146 4.7 1.6 6.1 4.1 3
E116 49 17 2.9 6.1 9.5 4 E154 48 17 25 6.5 0.3 4 E164 4.7 1.7 3.7 43 4
E141 4.7 2.2 7.9 7.6 9.5 5 E163 4.6 17 25 5.1 0.5 5 E165 4.7 1.9 9.2 47 5
E78 4.9 1.9 5.6 7.0 9.6 6 E12 53 1.6 32 53 0.7 6 E141 4.7 22 7.9 7.6 6
E159 5.0 1.9 7.0 7.7 9.7 7 El61 4.9 17 2.9 57 0.7 7 E183 4.7 1.8 52 57 7
E34 4.9 1.5 4.1 6.2 9.8 8 El16 4.9 1.7 2.9 6.1 0.8 8 E169 4.7 2.1 6.6 52 8
E148 48 1.8 4.1 58 9.8 9 El 52 1.7 33 47 -1.0 9 E148 48 1.8 4.1 5.8 9
E74 52 1.6 38 6.8 9.8 10 E172 53 1.6 35 4.1 -1.0 10 E139 4.8 2.0 7.8 47 10
E161 49 17 2.9 5.7 9.9 11 E74 52 1.6 3.8 6.8 12 11 E185 4.8 1.9 73 57 11
E115 5.0 1.8 7.0 7.4 -10.0 12 E126 5.1 1.8 34 4.0 12 12 E89 4.8 2.2 114 42 12
E181 4.8 2.1 7.5 7.0 -10.2 13 E18 4.9 17 35 5.0 13 13 E117 4.8 23 12.8 57 13
Ell1 5.1 1.7 53 6.6 -10.3 14 E38 53 1.7 37 3.0 14 14 E170 48 2.0 4.6 49 14
E183 4.7 1.8 5.2 5.7 -10.3 15 E130 52 1.7 3.8 59 -15 15 E155 48 1.6 17 4.1 15
Bottom 5 Hybrids Bottom 5 Hybrids Bottom 5 Hybrids
E189 5.6 2.6 20.0 5.1 -19.3 188 E140 5.1 25 19.2 57 -16.7 188 E41 5.6 2.0 3.9 3.4 188
E188 5.0 25 20.5 35 -19.3 189 E189 5.6 2.6 20.0 5.1 -17.2 189 E189 5.6 26 20 5.1 189
E127 5.0 2.9 23.9 2.8 21.5 190 E188 5.0 25 205 35 -18.1 190 E2 5.6 1.8 59 2.7 190
E192 6.1 23 17.4 3.1 217 191 E127 5.0 2.9 239 2.8 217 191 E192 6.1 23 17.4 3.1 191
E191 6.2 2.7 313 4.4 -26.3 192 E191 6.2 2.7 313 4.4 276 192 E191 6.2 2.7 313 4.4 192

LD1, LD2, LD3, Leaf feeding damage score at 7, 14, 21 days after infestation, respectively; LD_AV, Average leaf feeding damage score; ED, Ear damage; ER, Ear rot; GY, Grain yield.
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TABLE 7 Percentage relative selection gain of each of the 15 best-selected hybrids against the commercial checks WH401 and WH505 under different

selection schemes.

PC1BI selection index PC2BI selection index Direct LD_AV selection scheme

Against WH401

Hybrids LD_AV ED ER GY Hybrids =~ LD_AV ED ER GY Hybrids =~ LD_AV ED ER GY
E154 203 266 -85.9 112.0 E28 -15.6 -39.9 935 62.1 E163 245 269 -85.9 67.3
E163 245 269 -85.9 67.3 E155 211 -29.7 -90.0 349 E152 231 29.6 -78.1 43.0
E133 -19.7 9.10 -58.8 154.5 E156 -19.3 -26.1 -86.2 47.2 E146 2238 -30.7 -64.9 34.1
E116 -19.3 239 -83.1 98.1 E154 203 -26.6 -85.9 112.0 E164 226 236 787 39.5
E141 222 -4.70 -54.7 147.6 E163 245 -26.9 -85.9 67.3 E165 223 -16.8 -47.5 52.9
E78 -20.0 -18.2 -68.1 127.2 E12 136 -29.8 -81.8 71.6 E141 222 4.7 -54.7 147.6
E159 -18.1 -16.6 -60.1 152.7 El61 -18.8 24.1 -83.1 86.6 E183 222 22.1 -70.0 85.3
E34 -19.0 -33.7 -76.8 102.7 E116 -19.3 239 -83.1 98.1 E169 221 7.8 -62.3 69.3
E148 219 214 763 88.4 El -14.8 255 814 54.4 E148 219 214 763 88.4
E74 -152 -30.5 -78.1 1214 E172 -13.0 316 -79.9 355 E139 217 -14.1 -55.5 53.6
E161 -188 24.1 -83.1 86.6 E74 -15.2 -30.5 -78.1 121.4 E185 216 -15.3 -58.4 84.8
E115 -18.1 226 -59.7 140.6 E126 -164 219 -80.3 30.9 E89 215 5.3 344 383
E181 206 5.8 -56.9 127.6 E18 -18.6 237 -80.2 64.6 E117 214 04 265 86.5
Elll -16.7 256 -69.6 117.2 E38 -12.5 24.1 787 -18 E170 214 -13.3 -73.6 60.3
E183 222 221 -70.0 853 E130 -15.0 -23.0 785 91.3 E155 211 29.7 -90.0 34.9

Against WH501

E154 224 -38.9 92.1 47.1 E28 -17.8 -50.0 -96.4 124 E163 -26.4 -39.2 92.1 16

E163 -26.4 -39.2 92.1 16.0 E155 23.1 415 944 6.4 E152 251 -41.5 -87.8 0.8
E133 218 244 -77.0 76.6 E156 214 385 923 2.1 E146 248 -42.3 -80.4 7.0
E116 214 -36.7 -90.6 374 E154 224 389 92.1 47.1 El64 247 364 -88.1 32
El41 242 208 -74.7 71.8 E163 264 -39.2 92.1 16.0 E165 243 -30.8 -70.7 6.1

E78 220 319 822 57.6 E12 -15.8 416 -89.8 19.0 E141 242 -20.8 -74.7 71.8
E159 202 -30.6 -77.8 753 El61 209 -36.9 -90.6 29.5 E183 242 352 -83.3 28.6
E34 212 -44.8 -87.1 40.6 E116 214 -36.7 -90.6 374 E169 24.1 233 -79.0 17.4
E148 239 -34.6 -86.8 30.7 El -17.1 -38.0 -89.6 7.1 E148 239 -34.6 -86.8 30.7
E74 174 422 -87.8 53.6 E172 -15.2 -43.1 -88.8 -6.0 E139 237 285 752 6.6
El61 209 -36.9 -90.6 29.5 E74 -17.4 422 -87.8 53.6 E185 236 29.6 -76.8 28.2
E115 203 -35.6 77.5 66.9 E126 -18.6 -35.0 -89.0 92 E89 235 213 -63.5 -4.1
E181 227 216 -76.0 57.9 E18 -20.8 -36.6 -89.0 142 E117 234 -17.2 -59.0 29.4
Elll -189 -38.1 -83.1 50.7 E38 -14.8 -36.9 -88.1 319 E170 234 -27.9 -85.3 11.2
E183 242 352 -83.3 28.6 E130 -17.2 359 -88.0 327 E155 231 -41.5 944 64

LDI, LD2, LD3, Leaf feeding damage score at 7, 14, 21 days after infestation, respectively; ED, Ear damage; ER, Ear rot; GY, Grain yield; PC1BI, Principal component 1-based index; PC2BI,

Principal component 2-based index.

the 7tha™ threshold. These genotypes warrant further testing as
they may carry additional traits beneficial for a breeding program
(Ambrosio et al., 2024). The combined selection performance of the
two indices (PC1BI and PC2BI), highlighted overlapping selections
among the top 15 hybrids. Several of these hybrids were also
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selected through a direct selection scheme based on LD_AV.
Hybrid E163 emerged as a promising genotype, as it was selected
across all the selection schemes. The promising genotypes are likely
to have a higher frequency of stable and adaptable alleles for both
GY and FAW resistance which could be valuable for breeding
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Heatmaps displaying relationships between FAW resistance parameters and genotypes based on top 15 and bottom 5 hybrids selected using:
(A) PC1BI and (B) PC2BI-selected hybrids. On the scale, deep red color was desirable for traits that were desired for increase, while deep blue was

required for traits that were desired for decrease.

purposes. Genotypes commonly selected across indices exhibit
extensive adaptability alleles and perform well across a variety of
environments (Zuffo et al., 2020; Ambrosio et al., 2024). This study
was carried out under controlled environments, which excluded
other traits important for selection of adapted high yielding maize
hybrids, for example response to foliar diseases. Additional field
studies across a variety of stress conditions often encountered by a
large proportion of smallholder farmers are required to validate the
yield stability and disease resistance of the selected hybrids for
broader adaptation.

Potential future application of PC-
based indices

Presently, there are no published reports on the implementation
of selection indices to select FAW resistant genotypes in tropical
maize in SSA where the pest is relatively new. The PCA approach
used in this study offers a framework for the construction and use of
an economic weight-free multi-trait selection index for the
identification of FAW-resistant genotypes in SSA. This would
overcome the limits paused by the need to determine economic
weights which can limit gains from selection. However, given the
multiple stresses present in SSA (e.g. Makumbi et al., 2018), the
development of multiple stress-tolerant varieties suitable for
farmers requires selection for a wide range of traits. Therefore,
applying a PC-based selection index that includes other important
traits in SSA is crucial for optimizing selection gains across multiple
traits. Such traits include but are not limited to agronomic traits like
lodging resistance, plant height, ear rot, poor husk cover, fungal and
viral diseases. Incorporating many traits will help the validation of
the PC-based indices as a handy tool for breeders to select for
multiple traits. A further area of study could be the incorporation of
farmer responses in the PC-based indices. Data collection on a large
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number of agronomic and disease traits is time consuming and
errors can be introduced. We propose integrating advancement in
technology during data collection as breeders validate and test
indices. For instance, high-throughput phenotyping methods (e.g.,
Araus et al,, 2018) could be used to effectively collect real-time and
high-quality data on FAW leaf feeding and ear damage, which are
typically costly and labor-intensive traits to measure at multiples
intervals. Use of high-throughput phenotyping methods would help
to reduce labor costs for breeding programs while increasing
efficiency and precision in data collection. Similar high-
throughput approaches could be implemented for other
agronomic traits like plant and ear height, ear and kernel traits,
foliar leaf diseases, and virus diseases like maize lethal necrosis and
maize streak virus to further reduce the cost of breeding operations.
With reduction in cost, the resources can then be allocated to other
breeding operations like acquisition of electronic data collection
equipment that improve efficiency and drive genetic gain.

Conclusions

Two principal component (PC)-based indices were developed
and evaluated for their effectiveness in selection of FAW-resistant
hybrids and achieving desired gains in FAW resistance breeding.
Both PC indices explained most of the variation among the
genotypes, with PC1BI accounting for most of the variation for
FAW leaf feeding damage and grain yield. Larger desired gains were
achieved using PCIBI. The PC-based indices resulted in more
balanced multi-trait genetic gains compared to the single-trait
selection approach. The use of PC-based index selection presents
a promising, economic weight-free selection tool to maximize
genetic gains in FAW resistance breeding programs. However, it
should also incorporate additional desirable agronomic and
adaptive traits beyond the FAW-related parameters.

frontiersin.org


https://doi.org/10.3389/fpls.2025.1544010
https://www.frontiersin.org/journals/plant-science
https://www.frontiersin.org

Wambi et al.

Data availability statement

The data sets used in this study have all been analyzed and
summarized in the main Tables, Figures, and Supplementary
Tables presented.

Author contributions

WW: Conceptualization, Data curation, Formal analysis,
Investigation, Methodology, Writing - original draft, Writing -
review & editing. DM: Conceptualization, Formal analysis,
Investigation, Methodology, Supervision, Validation, Writing -
review & editing, Writing — original draft. GA: Investigation,
Supervision, Writing - review & editing. HZ: Investigation,
Supervision, Writing — review & editing. AB: Investigation,
Writing - review & editing. MW: Supervision, Writing — review
& editing. DK: Writing — review & editing. BP: Funding acquisition,
Project administration, Writing — review & editing.

Funding

The author(s) declare that financial support was received for the
research and/or publication of this article. Funding for the research
was provided by the International Maize and Wheat Improvement
Center (CIMMYT) under the USAID-FAW project, and by the Bill
and Melinda Gates Foundation (BMGF) through the Accelerating
Genetic Gains in Maize and Wheat for Improved Livelihoods
project (INV—-003439). The first author was supported by the
Eastern and Southern Africa Higher Education Center of
Excellence Project: IDA Credit 5794-ET, under the Africa Centre
of Excellence in Climate Smart Agriculture and Biodiversity
Conservation for a PhD study. Additional support from USAID

References

Agudelo-Gomez, D. A., Agudelo-Trujillo, J. H., and Cerén-Muifioz, M. F. (2016).
Selection index for meat and milk traits of buffaloes in Colombia. Livestock Sci. 191, 6—
11. doi: 10.1016/j.1ivsci.2016.06.016

Alvarado, G., Rodriguez, F. M., Pacheco, A., Burgueio, J., Crossa, J., Vargas, M., et al.
(2020). META-R: A software to analyze data from multi-environment plant breeding
trials. Crop J. 8, 745-756. doi: 10.1016/j.¢j.2020.03.010

Ambrosio, M., Daher, R. F., Santos, R. M., Santana, J. G. S., Vidal, A. K. F,,
Nascimento, M. R., et al. (2024). Multi-trait index: selection and recommendation of
superior black bean genotypes as new improved varieties. BMC Plant Biol. 24, 1-12.
doi: 10.1186/s12870-024-05248-5

Anshori, M. F., Musa, Y., Dungga, N. E., Widiayani, N., Arifin, A. S., Masniawati, A.,
etal. (2024). A new approach for selection of transgressive segregants in F3 populations
based on selection index and anthocyanin content in cayenne pepper. Front. Sustain.
Food Syst. 8. doi: 10.3389/fsufs.2024.1288579

Anshori, M. F,, Purwoko, B. S., Dewi, I. S., Suwarno, W. B,, and Ardie, S. W. (2022).
Salinity tolerance selection of doubled-haploid rice lines based on selection index and
factor analysis. AIMS Agric. Food. 7, 520-535. doi: 10.3934/agrfood.2022032

Anyanda, G. N, Bruce, A. Y., Makumbi, D., Ahonsi, M., Kahuthia-Gathu, R,
Namikoye, S. E., et al. (2022). Reproductive potential of fall armyworm Spodoptera
frugiperda (JE Smith) and effects of feeding on diverse maize genotypes under artificial
infestation. Front. Insect Sci. 2. doi: 10.3389/finsc.2022.950815

Araus, J. L., Kefauver, S. C., Zaman-Allah, M., Olsen, M. S., and Cairns, J. E. (2018).
Translating high-throughput phenotyping into genetic gain. Trends Plant Sci. 23, 451-
466. doi: 10.1016/j.tplants.2018.02.001

Frontiers in Plant Science

13

10.3389/fpls.2025.1544010

Feed the Future (USAID-Ftf) Uganda Agricultural Research
Activity is acknowledged.

Conflict of interest

The authors declare that the research was conducted in the
absence of any commercial or financial relationships that could be
construed as a potential conflict of interest.

Generative Al statement

The author(s) declare that no Generative AI was used in the
creation of this manuscript.

Publisher’'s note

All claims expressed in this article are solely those of the authors
and do not necessarily represent those of their affiliated organizations,
or those of the publisher, the editors and the reviewers. Any product
that may be evaluated in this article, or claim that may be made by its
manufacturer, is not guaranteed or endorsed by the publisher.

Supplementary material

The Supplementary Material for this article can be found online
at: https://www.frontiersin.org/articles/10.3389/fpls.2025.1544010/

full#supplementary-material

SUPPLEMENTARY FIGURE 1
Scree plot showing eigenvalues for the seven PCs.

Asfaw, D. M., Asnakew, Y. W, Sendkie, F. B., Abdulkadr, A. A., Mekonnen, B. A.,
Tiruneh, H. D., et al. (2024). Analysis of constraints and opportunities in maize
production and marketing in Ethiopia. Heliyon 10, 1-7. doi: 10.1016/
j-heliyon.2024.e39606

Badu-Apraku, B., and Fakorede, M. A. B. (2017). Maize in Sub-Saharan Africa:
Importance and Production Constraints. In Advances in Genetic Enhancement of Early
and Extra-Early Maize for Sub-Saharan Africa. (Springer International Publishing), 3—
10. doi: 10.1007/978-3-319-64852-1_1

Batista, L. G., Gaynor, R. C,, Margarido, G. R. A, Byrne, T.,, Amer, P., Gorjanc, G.,
et al. (2021). Long-term comparison between index selection and optimal independent
culling in plant breeding programs with genomic prediction. PloS One 16, €0235554.
doi: 10.1371/journal.pone.0235554

Ceron-Rojas, J., and Crossa, J. (2022). The statistical theory of linear selection indices
from phenotypic to genomic selection. Crop Sci. 62, 537-563. doi: 10.1002/csc2.20676

Crispim-Filho, A. J., dos Santos, F. P., Pinto, J. F. N., Melo, P. G. S., dos Reis, E. F.,
and Mendes-Resende, M. P. (2020). Dealing with multiple traits in maize: A new
approach for selecting progenies. Crop Sci. 60, 3151-3165. doi: 10.1002/csc2.20292

Davis, F. M., and Williams, W. P. (1992). Visual rating scales for screening whorl-
stage corn for resistance to fall armyworm. Mississippi Agricultural & Forestry
Experiment Station, Technical Bulletin 186, Mississippi, State University, MS 39762,
USA.

Day, R,, Abrahams, P., Bateman, M., Beale, T., Clottey, V., Cock, M., et al. (2017). Fall
armyworm: Impacts and implications for Africa. Outlooks Pest Manage. 28, 196-201.
doi: 10.1564/v28_oct_02

frontiersin.org


https://www.frontiersin.org/articles/10.3389/fpls.2025.1544010/full#supplementary-material
https://www.frontiersin.org/articles/10.3389/fpls.2025.1544010/full#supplementary-material
https://doi.org/10.1016/j.livsci.2016.06.016
https://doi.org/10.1016/j.cj.2020.03.010
https://doi.org/10.1186/s12870-024-05248-5
https://doi.org/10.3389/fsufs.2024.1288579
https://doi.org/10.3934/agrfood.2022032
https://doi.org/10.3389/finsc.2022.950815
https://doi.org/10.1016/j.tplants.2018.02.001
https://doi.org/10.1016/j.heliyon.2024.e39606
https://doi.org/10.1016/j.heliyon.2024.e39606
https://doi.org/10.1007/978-3-319-64852-1_1
https://doi.org/10.1371/journal.pone.0235554
https://doi.org/10.1002/csc2.20676
https://doi.org/10.1002/csc2.20292
https://doi.org/10.1564/v28_oct_02
https://doi.org/10.3389/fpls.2025.1544010
https://www.frontiersin.org/journals/plant-science
https://www.frontiersin.org

Wambi et al.

Ekpa, 0., Palacios—Rojas, N., Kruseman, G., Fogliano, V., and Linnemann, A. R.
(2018). Sub- Saharan African maize-based foods: Technological perspectives to
increase the food and nutrition security impacts of maize breeding programmes.
Global Food Secur. 17, 48-56. doi: 10.1016/j.gfs.2018.03.007

Ekpa, O., Palacios-Rojas, N., Kruseman, G., Fogliano, V., and Linnemann, A. R.
(2019). Sub- Saharan African maize-based foods - processing practices, challenges and
opportunities. Food Rev. Int. 35, 609-639. doi: 10.1080/87559129.2019.1588290

Erenstein, O., Jaleta, M., Sonder, K., Mottaleb, K., and Prasanna, B. M. (2022). Global
maize production, consumption and trade: trends and R&D implications. Food Secur.
14, 1295-1319. doi: 10.1007/s12571-022-01288-7

Falconer, D. S., and Mackay, T. F. C. (1996). Introduction to quantitative genetics. 4th
ed (Essex, UK: Longman Group Ltd.).

FAO (2017). The future of food and agriculture — Trends and challenges (Rome: Food
and Agriculture Organization of the United Nations). Available online at: http://www.
fao.org/3/a-16583e.pdf (Accessed November 15, 2024).

FAO (2021). Evaluation of FAO’s contributions to Sustainable Development Goal 2 -
Control of transboundary plant diseases and pests (Rome: Food and Agriculture
Organization of the United Nations).

Farid, M., Anshori, M. F., and Ridwan, I. (2022). Tomato F3 lines development and
its selection index based on narrow-sense heritability and factor analysis. Biodiversitas
23, 5790-5797. doi: 10.13057/biodiv/d231132

Goergen, G., Lava, K. P, Sankung, S. B., Togola, A., and Tamo, M. (2016). First
report of outbreaks of the fall armyworm, spodoptera frugiperda (J.E. Smith)
(Lepidoptera, noctuidae): A new alien invasive pest in west and central Africa. PloS
One. 11(10), e0165632. doi: 10.1186/s12870-024-05248-5

Hallauer, A. R, Carena, M., and Miranda Filho, J. B. (2010). Quantitative genetics in
maize breeding (New York: Springer).

Tezzoni, A. F., and Pritts, M. P. (1991). Applications of principal component analysis
to horticultural research. HortScience 26, 334-338. doi: 10.21273/HORTSCI.26.4.334

Kamweru, I, Anani, B. Y., Beyene, Y., Makumbi, D., Prasanna, B. M., and Gowda, M.
(2022). Genomic analysis of resistance to fall armyworm (Spodoptera frugiperda) in
CIMMYT maize lines. Genes 13, 1-19. doi: 10.3390/genes13020251

Kamweru, I, Beyene, Y., Anani, B., Adetimirin, V. O., Prasanna, B. M., and Gowda,
M. (2023). Hybrid breeding for fall armyworm resistance: Combining ability and
hybrid prediction. Plant Breed. 142, 607-620. doi: 10.1111/pbr.13129

Kasoma, C., Shimelis., H., Laing, D. M., Shayanowako., A., and Mathew, L. (2021).
Combining ability of maize genotypes for fall armyworm (Spodoptera frugiperda J.E.
Smith) resistance, yield and yield-related traits. Crop Prot. 149, 1-9. doi: 10.1016/
j.cropro.2021.105762

Kassie, M., Wossen, T., De Groote, H., Tefera, T., Sevgan, S., and Solomon Balew, S.
(2020). Economic impacts of fall armyworm and its management strategies: evidence
from southern Ethiopia. Eur. Rev. Agric. Economics 47, 1473-1501. doi: 10.1093/erae/
jbz048

Kempthorne, O., and Nordskog, A. W. (1959). Restricted selection indices.
Biometrics 15, 10-19. doi: 10.2307/2527598

Kolde, R. (2019). pheatmap: Pretty Heatmaps version version 1.0.12. doi: 10.32614/
CRAN.package.pheatmap

Logrieco, A. F., Battilani, P., Camardo Leggieri, M., Haesaert, G., Jing, X., Lanubile,
A, et al. (2021). Perspectives on global mycotoxin issues and management from
MycoKey Maize working group. Plant Dis. 105, 525-537. doi: 10.1094/PDIS-06-20-
1322-FE

Lopez-Cruz, M., and de los Campos, G. (2021). Optimal breeding-value prediction
using a sparse selection index. Genetics 218, iyab030. doi: 10.1093/GENETICS/
IYAB030

Makumbi, D., Assanga,, S., Diallo., A., Magorokosho., C., Asea., G., Worku., M., et al.
(2018). Genetic analysis of tropical midaltitude- adapted maize populations under stress and
nonstress conditions. Crop Sci. 58, 1492-1505. doi: 10.2135/cropsci2017.09.0531

Matias, F. L., do Valle, C. B., Gouveia, B. T., Moro, G. V., and Barrios, S. C. L. (2020).
Using additive indices and principal components to select sexual genitors and hybrids
of Urochloa decumbens. Crop Breed. Appl. Biotechnol. 20, 1-8. doi: 10.1590/1984-
70332020v20n2al8

Mhike, X., Patrick Okori., P., Magorokosho., C., and Ndlela., T. (2012). Validation of
the use of secondary traits and selection indices for drought tolerance in tropical maize
(Zea mays L.). Afr. ]. Plant Sci. 6, 96-102. doi: 10.5897/AJPS11.179

Mihm, J. A. (1997). Insect Resistant Maize: Recent Advances and Utilization;
Proceedings of an International Symposium held at the International Maize and
Wheat Improvement Center (CIMMYT) 27 November-3December 1994 (Mexico, D.F:
CIMMYT). Available at: http://hdlhandle.net/10883/744 (Accessed November 15,
2024).

Montezano, D. G., Specht, A., Sosa-Gomez, D. R., Roque-Specht, V. F., Sousa-Silva, J.
C., de-Paula-Moraes, S. V., et al. (2018). Host plants of Spodoptera frugiperda
(Lepidoptera: Noctuidae) in the Americas. Afr. Entomol. 26, 286-300. doi: 10.4001/
003.026.0286

Norman, P. E., Agre, P. A, Asiedu, R, and Asfaw, A. (2022). Multiple-traits selection
in white Guinea yam (Dioscorea rotundata) genotypes. Plants 11, 3003. doi: 10.3390/
plants11213003

Frontiers in Plant Science

14

10.3389/fpls.2025.1544010

Nyquist, W. E. (1991). Estimation of heritability of prediction of response in plant
populations. Crit. Rev. Plant Sci. 10, 235-322. doi: 10.1080/07352689109382313

Olivoto, T., and Nardino, M. (2021). MGIDI: towards an effective multivariate
selection in biological experiments. Bioinformatics 37, 1383-1389. doi: 10.1093/
bioinformatics/btaa981

Oloyede-Kamiyo, Q. O. (2019). Efficiency of index-based selection methods for stem
borer resistance in maize (Zea mays L.). J. Crop Sci. Biotech. 22, 205-211. doi: 10.1007/
§12892-017-0130-0

Otim, M. H., Fiaboe, K. K. M., Akello, J., Mudde, B., Obonyom, A. T., Bruce, A. Y.,
etal. (2021). Managing a Transboundary Pest: The Fall Armyworm on Maize in Africa.
In Moths and Caterpillars (IntechOpen). doi: 10.5772/intechopen.96637

Otim, M. H,, Tay, W. T., Walsh, T. K., Kanyesigye, D., Adumo, S., Abongosi, J., et al.
(2018). Detection of sister-species in invasive populations of the fall armyworm
Spodoptera frugiperda (Lepidoptera: Noctuidae) from Uganda. PloS One 13, 1-18.
doi: 10.1371/journal.pone.0194571

Padjung, R., Farid, M., Musa, Y., Anshori, M. F,, Nur, A., and Masnenong, A. (2021).
Drought-adapted maize line based on morphophysiological selection index.
Biodiversitas 22, 4028—4035. doi: 10.13057/biodiv/d220951

Palumbo, R., GonCAlves, A., Gkrillas, A., Logrieco, A., Dorne, J., Dall’Asta, C., et al.
(2020). Mycotoxins in maize: mitigation actions, with a chain management approach.
Phytopathol. Mediterr. 59, 5-28. doi: 10.14601/Phyto-11142

Prasanna, M. B., Bruce, A., Beyene, Y., Makumbi, D., Gowda, M., Asim, M., et al.
(2022). Host plant resistance for fall armyworm management in maize: relevance,
status and prospects in Africa and Asia. Theor. Appl. Genet. 135, 3897-3916.
doi: 10.1007/500122-022-04073-4

Prasanna, B. M., Bruce, A., Winter, S., Otim, M., Asea, G., Sevgan, S., et al. (2018).
“Host plant resistance to fall armyworm,” in Fall armyworm in Africa: a guide for
integrated pest management, Ist edn. Ed. B. M. Prasanna, et al (CDMX, CIMMYT,
Mexico), 45-62.

Prasanna, B. M., Cairns, J. E., Zaidi, P. H., Beyene, Y., Makumbi, D., Gowda, M., et al.
(2021). Beat the stress: breeding for climate resilience in maize for the tropical rainfed
environments. Theor. Appl. Genet. 134, 1729-1752. doi: 10.1007/s00122-021-03773-7

Pruter, L. S., Weaver, M., and Brewer, M. J. (2020). Overview of risk factors and
strategies for management of Insect-Derived Ear Injury and Aflatoxin Accumulation
for Maize Grown in Subtropical Areas of North America. J. Integrated Pest
Management 11, 1-8. doi: 10.1093/jipm/pmaa005

Ramirez-Cabral, N. Y. Z., Kumar, L., and Shabani, F. (2017). Future climate scenarios
project a decrease in the risk of fall armyworm outbreaks. J. Agric. Sci. 155, 1219-1238.
doi: 10.1017/S0021859617000314

Santos, I. G., Cruz, C. D., Nascimento, M., Rosado, R. D. S., and Ferreira, R. P. D.
(2018). Direct, indirect and simultaneous selection as strategies for alfalfa breeding on
forage yield and nutritive value. Pesqui. Agropecu. Trop. 48, 178—189. doi: 10.1590/
1983-40632018v4851950

Schneider, L., Rebetez, M., and Rasmann, S. (2022). The effect of climate change on
invasive crop pests across biomes. Curr. Opin. Insect Sci. 50, 1-5. doi: 10.1016/
j.0is.2022.100895

Singh, B. U,, Rao, K. V,, and Sharma, H. C. (2011). Comparison of selection indices to
identify sorghum genotypes resistant to the spotted stemborer Chilo partellus (Lepidoptera:
Noctuidae). Int. J. Trop. Insect Sci. 31, 38-51. doi: 10.1017/S1742758411000105

Sisay, B., Simiyu, J., Mendesil, E., Likhayo, P., Ayalew, G., Mohamed, S., et al. (2019).
Fall armyworm, spodoptera frugiperda infestations in east Africa: assessment of damage
and parasitism. Insects 10, 1-10. doi: 10.3390/insects10070195

Skendzi¢, S., Zovko, M., Zivkovié, L. P., Lei¢, V., and Lemié, D. (2021). The impact of
climate change on agricultural insect pests. Insects 12, 1-32. doi: 10.3390/insects12050440

Smith, H. F. (1936). A discriminant function for plant selection. Ann. Eugenics 7,
240-250. doi: 10.1111/j.1469-1809.1936.tb02143.x

Smith, O. S., Hallauer, A. R., and Russell, W. A. (1981). Use of index selection in recurrent
selection programs in maize. Euphytica 30, 611-618. doi: 10.1007/BF00038788

Soujanya, P. L., Sekhar, J. C., Yathish, K. R, Karjagi, C. G., Rao, K. S., Suby, S. B, et al.
(2022). Leaf damage based phenotyping technique and its validation against fall
armyworm, spodoptera frugiperda (J. E. Smith), in maize. Front. Plant Sci. 13.
doi: 10.3389/fpls.2022.906207

Stromberg, L. D., and Compton, W. A. (1989). Ten cycles of full-sib selection in
maize. Crop Sci. 29, 1170-117. doi: 10.2135/cropscil989.0011183X002900050014x

Subandi,, Compton, W. A., and Empig, L. T. (1973). Comparison of the efficiencies of
selection indices for three traits in two variety crosses of corn. Crop Sci. 13, 184-186.
doi: 10.2135/cropscil973.0011183X001300020011x

Tai, G. C. C. (1977). Index selection with desired gains. Crop Sci. 17, 182-183.
Tambo, J. A., Kansiime, M. K., Mugambi, I, Rwomushana, I, Kenis, M., Day, R. K.,
et al. (2020). Understanding smallholders” responses to fall armyworm (Spodoptera

frugiperda) invasion: Evidence from five African countries. Sci. Total Environment 740,
1-11. doi: 10.1016/j.scitotenv.2020.140015

Tang, H., Xu, C, Jiang, Y., Wang, J., Wang, Z., and Tian, L. (2021). Evaluation of
physical characteristics of typical maize seeds in a cold area of north China based on
principal component analysis. Processes 9, 1-1. doi: 10.3390/pr9071167

frontiersin.org


https://doi.org/10.1016/j.gfs.2018.03.007
https://doi.org/10.1080/87559129.2019.1588290
https://doi.org/10.1007/s12571-022-01288-7
http://www.fao.org/3/a-i6583e.pdf
http://www.fao.org/3/a-i6583e.pdf
https://doi.org/10.13057/biodiv/d231132
https://doi.org/10.1186/s12870-024-05248-5
https://doi.org/10.21273/HORTSCI.26.4.334
https://doi.org/10.3390/genes13020251
https://doi.org/10.1111/pbr.13129
https://doi.org/10.1016/j.cropro.2021.105762
https://doi.org/10.1016/j.cropro.2021.105762
https://doi.org/10.1093/erae/jbz048
https://doi.org/10.1093/erae/jbz048
https://doi.org/10.2307/2527598
https://doi.org/10.32614/CRAN.package.pheatmap
https://doi.org/10.32614/CRAN.package.pheatmap
https://doi.org/10.1094/PDIS-06-20-1322-FE
https://doi.org/10.1094/PDIS-06-20-1322-FE
https://doi.org/10.1093/GENETICS/IYAB030
https://doi.org/10.1093/GENETICS/IYAB030
https://doi.org/10.2135/cropsci2017.09.0531
https://doi.org/10.1590/1984-70332020v20n2a18
https://doi.org/10.1590/1984-70332020v20n2a18
https://doi.org/10.5897/AJPS11.179
http://hdl.handle.net/10883/744
https://doi.org/10.4001/003.026.0286
https://doi.org/10.4001/003.026.0286
https://doi.org/10.3390/plants11213003
https://doi.org/10.3390/plants11213003
https://doi.org/10.1080/07352689109382313
https://doi.org/10.1093/bioinformatics/btaa981
https://doi.org/10.1093/bioinformatics/btaa981
https://doi.org/10.1007/s12892-017-0130-0
https://doi.org/10.1007/s12892-017-0130-0
https://doi.org/10.5772/intechopen.96637
https://doi.org/10.1371/journal.pone.0194571
https://doi.org/10.13057/biodiv/d220951
https://doi.org/10.14601/Phyto-11142
https://doi.org/10.1007/s00122-022-04073-4
https://doi.org/10.1007/s00122-021-03773-7
https://doi.org/10.1093/jipm/pmaa005
https://doi.org/10.1017/S0021859617000314
https://doi.org/10.1590/1983-40632018v4851950
https://doi.org/10.1590/1983-40632018v4851950
https://doi.org/10.1016/j.cois.2022.100895
https://doi.org/10.1016/j.cois.2022.100895
https://doi.org/10.1017/S1742758411000105
https://doi.org/10.3390/insects10070195
https://doi.org/10.3390/insects12050440
https://doi.org/10.1111/j.1469-1809.1936.tb02143.x
https://doi.org/10.1007/BF00038788
https://doi.org/10.3389/fpls.2022.906207
https://doi.org/10.2135/cropsci1989.0011183X002900050014x
https://doi.org/10.2135/cropsci1973.0011183X001300020011x
https://doi.org/10.1016/j.scitotenv.2020.140015
https://doi.org/10.3390/pr9071167
https://doi.org/10.3389/fpls.2025.1544010
https://www.frontiersin.org/journals/plant-science
https://www.frontiersin.org

Wambi et al.

Uganda Bureau of Statistics (UBOS) (2022). Statistical abstract. Available online at:
http://www.ubos.org/onlinefiles/uploads/ubos/pdfdocuments/abstracts/
Statistical Abstract2013.pdf (Accessed October 8, 2024).

Warburton, M. L., Woolfolk, S. W., Smith, J. S., Hawkins, L. K., Castano-Duque, L.,
Lebar, M. D., et al. (2023). Genes and genetic mechanisms contributing to fall
armyworm resistance in maize. Plant Genome 16, 1-13. doi: 10.1002/tpg2.20311

Widstrom, N. W., Williams, W. P., Wiseman, B. R., and Davis, F. M. (1992).
Recurrent selection for resistance to leaf feeding by fall armyworm on maize. Crop Sci.
32, 1171-1174. doi: 10.2135/cropscil992.0011183X003200050022x

Widstrom, N. W., Wiseman, B. R., and McMillan, W. W. (1982). Response to index
selection in maize for resistance to ear damage by the corn earworm. Crop Sci. 22, 843-
846. doi: 10.2135/cropscil982.0011183x002200040034x

Frontiers in Plant Science

15

10.3389/fpls.2025.1544010

William, R. (2024). psych: procedures for psychological, psychometric, and personality
research (Evanston, Illinois: Northwestern University). Available at: https://CRAN.R-
project.org/package=psych (Accessed November 21, 2024).

Williams, J. S. (1962). The evaluation of a selection index. Biometrics 18, 375-393.
doi: 10.2307/2527479

Yan, X.-R,, Wang, Z.-Y,, Feng, S.-Q., Zhao, Z.-H., and Li, Z.-H. (2022). Impact of
Temperature Change on the Fall Armyworm, Spodoptera frugiperda under Global
Climate Change. Insects 13, 1-17. doi: 10.3390/insects13110981

Zuffo, A. M., Steiner, F., Aguilera, J. G., Teodoro, P. E., Teodoro, L. P. R, and Busch.,
A. (2020). Multi-trait stability index: A tool for simultaneous selection of soya bean
genotypes in drought and saline stress. J. Agron. Crop Sci. 206, 815-822. doi: 10.1111/
jac.12409

frontiersin.org


http://www.ubos.org/onlinefiles/uploads/ubos/pdfdocuments/abstracts/StatisticalAbstract2013.pdf
http://www.ubos.org/onlinefiles/uploads/ubos/pdfdocuments/abstracts/StatisticalAbstract2013.pdf
https://doi.org/10.1002/tpg2.20311
https://doi.org/10.2135/cropsci1992.0011183X003200050022x
https://doi.org/10.2135/cropsci1982.0011183x002200040034x
https://CRAN.R-project.org/package=psych
https://CRAN.R-project.org/package=psych
https://doi.org/10.2307/2527479
https://doi.org/10.3390/insects13110981
https://doi.org/10.1111/jac.12409
https://doi.org/10.1111/jac.12409
https://doi.org/10.3389/fpls.2025.1544010
https://www.frontiersin.org/journals/plant-science
https://www.frontiersin.org

	Use of multi-trait principal component selection index to identify fall armyworm (Spodoptera frugiperda) resistant maize genotypes
	Introduction
	Materials and methods
	Plant materials
	Evaluation of response to FAW infestation
	Data collection
	Data analyses
	Analysis of variance

	Construction of principal component indices for hybrid selection
	Performance of PC-indices and hybrid selection

	Results
	Analysis of variance, variance components, heritability and genotype mean performance
	Principal component analysis, correlations among FAW resistance parameters, and index scores
	Performance of PC-based indices and hybrid selection

	Discussion
	Genetic variation and heritability estimates
	Performance of PC-based indices and hybrid selection
	Potential future application of PC-based indices

	Conclusions
	Data availability statement
	Author contributions
	Funding
	Conflict of interest
	Generative AI statement
	Publisher’s note
	Supplementary material
	References


