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Abstract 

Background  Drought is a major abiotic stress in sub-Saharan Africa, impacting maize growth and development 
leading to severe yield loss. Drought tolerance is a complex trait regulated by multiple genes, making direct grain 
yield selection ineffective. To dissect the genetic architecture of grain yield and flowering traits under drought stress, 
a genome-wide association study (GWAS) was conducted on a panel of 236 maize lines testcrossed and evaluated 
under managed drought and optimal growing conditions in multiple environments using seven multi-locus GWAS 
models (mrMLM, FASTmrMLM, FASTmrEMMA, pLARmEB, pKWmEB, ISIS EM-BLASSO, and FARMCPU) from mrMLM 
and GAPIT R packages. Genomic prediction with RR-BLUP model was applied on BLUEs across locations under opti-
mum and drought conditions.

Results  A total of 172 stable and reliable quantitative trait nucleotides (QTNs) were identified, of which 77 are associ-
ated with GY, AD, SD, ASI, PH, EH, EPO and EPP under drought and 95 are linked to GY, AD, SD, ASI, PH, EH, EPO and EPP 
under optimal conditions. Among these QTNs, 17 QTNs explained over 10% of the phenotypic variation (R2 ≥ 10%). 
Furthermore, 43 candidate genes were discovered and annotated. Two major candidate genes, Zm00001eb041070 
closely associated with grain yield near peak QTN, qGY_DS1.1 (S1_216149215) and Zm00001eb364110 closely related 
to anthesis-silking interval near peak QTN, qASI_DS8.2 (S8_167256316) were identified, encoding AP2-EREBP transcrip-
tion factor 60 and TCP-transcription factor 20, respectively under drought stress. Haplo-pheno analysis identified supe-
rior haplotypes for qGY_DS1.1 (S1_216149215) associated with the higher grain yield under drought stress. Genomic 
prediction revealed moderate to high prediction accuracies under optimum and drought conditions.
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Conclusion  The lines carrying superior haplotypes can be used as potential donors in improving grain yield 
under drought stress. Integration of genomic selection with GWAS results leads not only to an increase in the predic-
tion accuracy but also to validate the function of the identified candidate genes as well increase in the accumula-
tion of favorable alleles with minor and major effects in elite breeding lines. This study provides valuable insight 
into the genetic architecture of grain yield and secondary traits under drought stress.
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Introduction
Maize (Zea mays L.) is an indispensable cereal crop in 
global agri-food systems[1, 2]. However, grain yield is 
stagnating due to unpredictable climate change and 
increase in negative impacts of drought on maize pro-
duction and productivity in sub-Saharan Africa (SSA) 
[3–6]. Boosting maize grain yield potential and improv-
ing maize resilience to drought are key solutions pro-
posed for mitigating the effects of drought and climate 
changes while minimizing farmer’s risk [7, 8]. In SSA, it 
is estimated that about 40% of the region’s maize-growing 
area experiences intermittent drought stress, leading to 
sizable yield reductions ranging from 10 to 25% [9, 10]. 
Maize plants require at least 500 to 800  mm of water, 
which translates to 5.6–6.7  mm per day. This largely 
depends on the maturity group, soil moisture, growth 
stage, and environmental conditions [11, 12]. Water 
deficit below this range can lead to severe water stress in 
maize plants, particularly during the flowering stage. The 
maize plants respond to drought stress by rolling their 
leaves, reducing leaf area, and closing stomata, which 
affects photosynthetic activity and enzyme production. 
Drought stress coinciding with the flowering and grain-
filling stages in maize causes a sizable yield reduction of 
up to 90% [13–15].

Considerable efforts have been made to boost the grain 
yield potential and stress-resilience in maize through 
conventional breeding[3, 16, 17]. However, genetic 
improvement of grain yield under drought stress through 
conventional breeding methods has proven to be chal-
lenging [18], primarily caused by the multigenic nature 
of traits, controlled by many loci, each contributing a 
small effect[13, 19, 20]. Owing to its multigenic nature 
of inheritance and genotype x environment interactions, 
grain yield often presents low heritability under drought 
conditions [21]. For this reason, it is difficult to accurately 
estimate breeding values, which results in lower genetic 
gain per unit time and thereby constrains the develop-
ment of drought-tolerant maize hybrids[22]. This, there-
fore, emphasizes the need to complement conventional 
breeding methods with genomic-assisted breeding tools 
to accelerate the development of high yielding drought-
tolerant maize cultivars thereby boosting productivity in 
stress-prone areas.

Recent advances in crop genomics and phenomics 
have increased our understanding of the physiological 
and genetic basis of complex traits such as drought tol-
erance and grain yield [20, 23]. Linkage mapping based 
on biparental population is one of the most powerful 
tools extensively utilized to identify several quantita-
tive trait loci (QTL) related to grain yield and second-
ary traits under drought stress [22, 24, 25]. However, 
many constructed maps suffer from low resolution 
and low allele richness [25]. Contrary to linkage map-
ping, GWAS utilizes diverse natural populations, which 
eliminates the need for developing segregating popula-
tions, saving time and cost[26] and hence is the most 
preferred method [27, 28]. Moreover, it can detect 
multi-allelic variation, rare, and small effect QTLs 
simultaneously [29], providing high resolution by lev-
eraging historical meiotic recombination events avail-
able in diverse natural populations[30–32]. Conversely, 
the results of GWAS can be influenced by the popula-
tion structure, which can significantly interfere with 
the power of QTL detection[31, 33]. For this reason, 
several statistical models have been developed includ-
ing single-locus GWAS models and multi-locus GWAS 
models [33]. In single-locus GWAS models such as the 
general linear model (GLM) [34]; Mixed linear model 
(MLM)[35]; Enriched compressed mixed linear model 
(ECMLM)[36]; efficient mixed model association eXpe-
dited (EMMAX) [37] and genome-wide efficient mixed-
model association (GEMMA)[38], test marker-trait 
associations for significance by multiple testing one 
marker at a time. These models incorporate population 
structure (e.g. Principal component, Kinship matrices, 
etc.) as fixed covariates or a random polygenic effect 
to address the genetic relatedness among individuals 
in a diverse population [39] and tend to detect major 
QTLs. However, single locus models are often prone 
to high false positive rates or Type 1 errors. Bonfer-
roni correction is commonly employed to control false 
positive rate (FPR)[40]. However, the use of Bonferroni 
correction has been proven to be too conservative such 
that true quantitative trait nucleotides (QTNs) may be 
missed out when considering SNPs in linkage disequi-
librium (LD). Therefore, multi-locus GWAS models 
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have been recommended for addressing multiple test 
corrections[41].

Multi-locus GWAS models do not require Bonfer-
roni correction, have higher power for detection of 
both major and minor QTL effects, and have proven 
to be superior to single locus models in detecting 
small effect loci[40]. For this reason, several multi-
locus GWAS including the multiple loci mixed model 
(MLMM), fixed and random model circulating prob-
ability unification (FarmCPU)[42], and Bayesian-
information and linkage-disequilibrium iteratively 
nested keyway (BLINK)[43]. In addition, other key 
models are multi-locus random-SNP-effect mixed 
linear model (mrMLM)[44], the fast multi-locus 
random-SNP-effect mixed linear model (FASTm-
rMLM) [45], the fast multi-locus random-SNP-effect 
efficient mixed-model association (FASTmrEMMA) 
[46], polygenic-background-control-based least angle 
regression plus empirical Bayes (pLARmEB)[47], poly-
genic-background-control-based Kruskal–Wallis test 
plus empirical Bayes (pKWmEB) [48], and Iterative 
sure independence screening expectation maximization 
Bayesian least absolute shrinkage and selection opera-
tor (ISIS EM-BLASSO) [49] are commonly used now. 
The multi-locus GWAS methods involve a two-step 
process. In the first step, a single-dimensional genome 
scan is implemented using a less stringent critical value 
to identify putative QTLs. In the second step, all puta-
tive QTLs identified in the first step are subjected to 
further genome-wide scan to identify true QTNs using 
a logarithm of the odds (LOD) statistics to determine 
their significance[50].

Genomic selection (GS) or genomic prediction (GP) is 
another efficient genomic-assisted breeding tool in which 
genome-wide markers are fed into a prediction model to 
predict the genomic estimated breeding values (GEBVs) 
of lines in a breeding population [51]. It has enormous 
potential for improving drought tolerance in maize, as 
it allows for more accurate selection of complex traits 
such as grain yield under drought and reduces the breed-
ing cycles by enhancing the genetic gain per unit time 
[52]. Several studies have demonstrated the effective-
ness of utilizing GS for improving grain yield and sec-
ondary traits in drought tolerance breeding in maize[7, 
53–55]. Zhang et al.[56] reported low to medium predic-
tion accuracy for grain yield (GY) and secondary traits 
in maize under drought stress. The results indicated that 
several factors influenced the prediction accuracy values, 
including the types of breeding populations, the size of 
the training population, the complex nature of traits, the 
marker densities, and the genotyping platforms. There-
fore, the combined application of different GWAS mod-
els and GS can enhance the power of QTL detection 

and  accelerate breeding to improve drought tolerance 
and assist in selecting superior genotypes under drought 
stress.

The objectives of the study were to (1) identify sig-
nificant QTNs and putative candidate genes for GY and 
secondary traits under optimum and drought stress 
(DS) using multi-locus GWAS models and (2) assess the 
potential of GS in improving GY and related traits under 
DS and optimum conditions. These results will further 
deepen our understanding of the genetic architecture 
of complex traits, especially for GY and drought toler-
ance, which is critical for making accurate selections and 
developing stress-resilient maize hybrids.

Material and methods
Germplasm, Experimental design, and Phenotyping
A panel of 236 maize inbred lines was assembled for 
this study. The lines were developed by  International 
Maize and Wheat Improvement Centre’s (CIMMYT) 
Global Maize Program through conventional breed-
ing and doubled haploid technology [57]. These elite 
maize lines were crossed with a  popular single cross 
hybrid tester (CML566 x CML395) and produced 236 
test cross hybrids. All test cross hybrids plus six com-
mercial hybrids as checks (DHO4,  DK8031, H513, 
PH3253, Pioneer 3253, and WH505) were evaluated 
under DS and optimum conditions. The optimum experi-
ments were conducted under rainfed conditions which 
was augmented with irrigation to avoid DS at seven (7) 
locations, that is, Embu [0.48° S 37.47° E, 1159 masl], 
Kaguru [37.67°E,-0.08°S,1463masl], Kakamega [0.29°N, 
34.77°E,1535 masl], Kiboko[37.72°E, 2.22°S, 975 masl], 
Kirinyaga [37.19`E, 0.34`S, 1282masl], Mwtapa [3.93° S 
39.74° E, 30 masl] and Shikutsa [ 0.28° N, 34.75° E,1561 
masl]. The drought experiment was conducted at three 
(3) locations, namely Kiboko [37.72°E, 2.22°S, 975 masl], 
Homabay [0.52°S, 34.45°E, 1751 masl] and Mtwapa 
[3.93°S, 39.74°E, 30 masl] during the dry season. The 
drought experiment was conducted following the pro-
tocol established by CIMMYT [19, 58]. The drought 
experiments were irrigated once a week using a drip irri-
gation system until two weeks before the expected flow-
ering date. Irrigation was withdrawn to maintain DS until 
harvest.

The experiments were set up in a 5 × 49 alpha lat-
tice design with two replications. The experimental unit 
was a two-row plot of 5  m long with intra-row spacing 
of 0.25  m and inter-row spacing of 0.75  m. Two seeds 
per hill were seeded and later thinned to one plant per 
hill three weeks after seedling emergence to a final plant 
population of 53,333 plants/ha. Basal fertilizer applica-
tion was carried out at planting using di-ammonium 
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phosphate (D.A.P) fertilizer at the rate of 60  kg N and 
60  kg P2O5 per hectare. Six weeks after emergence, all 
experiments were top-dressed with Urea at the rate of 
60  kg N. All the experiments were kept weeds-free by 
manual weeding and herbicide control. Detailed informa-
tion on the pedigree of the inbred lines used in this study 
is presented in Supplementary Table S1.

Phenotypic data collection and analysis
In all the experiments, data were collected on days to 50% 
anthesis (AD) and days to 50% silking (SD) as the number 
of days from planting to the day, when half of the plants 
per plot had shed pollen and silks emerged, respectively. 
Anthesis-silking interval (ASI) was computed as the dif-
ference between SD and AD. Plant height (PH) and ear 
height (EH) were measured in centimeters from the base 
of the plant to the height of the first tassel branch and 
the node bearing the upper ear, respectively. Ear position 
(EPO) was measured as the ratio of ear height to plant 
height per plot. The number of ears per plant (EPP) was 
determined by dividing the total number of ears per plot 
by the number of plants harvested per plot. Ears from 
each plot were shelled and weighed to determine grain 
yield (GY) in kilograms, which was then converted to 
tons per hectare (t/ha). Moisture content (MOI) of the 
shelled grains at harvest was measured with a portable 
handheld moisture meter and recorded in percentage. 
GY per plot in tons per hectare will be calculated using 
the  field weight of harvested ears per plot and adjusted 
12.5% moisture content. All trait measurements were 
done according to the procedure outlined in the drought 
phenotyping protocol of CIMMYT [58, 59].

Data was analyzed for each and across locations under 
optimum and DS conditions. The restricted maximum 
likelihood (REML) estimates of variance components, 
coefficient of variation, broad-sense heritability, pheno-
typic and genetic correlation among traits for individ-
ual and combined analysis (Eq.  1) were estimated using 
multi-environment trial analysis R package (META-R) 
[60]. The linear mixed models available in META-R were 
implemented using the Lme4 R-package [61]. In the 
model, all factors were treated as random effects in this 
analysis except the genotype effect to estimate the best 
linear unbiased estimates (BLUEs). The best linear unbi-
ased predictions (BLUPs) and variance components were 
estimated by treating all factors as random except repli-
cation and environments.

where Y ijkl is the trait of interest, µ is the overall mean 
effect; Envi is the effect of ith environment;Repj(Envi) is 

(1)Y ijkl = µ+Envi+Repj(Envi)+Blockk RepjEnvi +Genl+EnvixGenl++εijkl

the effect of the  jth replicate nested within the ith environ-
ment; Blockk

(

RepjEnvi

) is the effect of kth incomplete block 

nested  within jth replicate in ith environment; Genl is 
effect of lth genotype; EnvixGenl is the effect of genotype 
x environment interactions and εijkl is the residual effect. 
The variance components from the  combined analysis 
were used to compute broad sense heritability [62].

DNA extraction, Sequencing, SNP discovery, and calling
Genomic Deoxyribonucleic acid (DNA) of 236 lines 
was extracted from seedlings at the  4-leaf stage using a 
modified version of CIMMYT’s high throughput mini-
prep Cetyl Trimethyl Ammonium Bromide (CTAB) 
protocol [63]. The DNA samples were shipped to Cor-
nell University for genotyping. In brief, the high-quality 
DNA extracted from each leaf sample of the 236 lines 
was digested with restriction endonuclease Ape KI. 
DNA libraries were constructed for each sample and 
sequenced using genotyping-by-sequencing (GBS) pro-
tocol as described by Elshire et al. [64]. Raw GBS data of 
955,690 SNPs distributed across the ten maize chromo-
somes were received from the Institute of Biotechnology 
at Cornell University, USA, after mapping to B73 AGPv2 
coordinates. SNP calling was carried out using the TAS-
SEL-GBS pipeline [65]. The raw GBS data were cleaned 
by removal of SNP markers with a minimum count of 
90%, greater than 5% heterozygosity,  and less than 5% 
minor allele frequency using TASSEL software version 
5.2 [66], resulting in a total of 230,743 SNPs. In addi-
tion, the lines with greater than 20% missing data and 
SNPs not located on any of the ten chromosomes were 
further filtered out to a final dataset of 215,542 SNPs in 
236 diverse lines for further analysis. The density and 
distribution map of SNPs on each of the ten maize chro-
mosomes was drawn using a CMplot R package (https://​
github.​com/​YinLi​Lin/​CMplot).

Population structure and linkage disequilibrium analysis
To capture population structure and cryptic genetic relat-
edness among the 236 lines, population structure, and 
kinship analysis were carried out using 215,542 genome-
wide SNPs distributed across the ten chromosomes. The 
population structure was estimated using the admixture 
model method implemented in the software package 
STRU​CTU​RE version 2.3.4 [67, 68]. The number of sub-
populations (K) was set from 1 to 15 with 10 independent 

runs for each K. The burn-in length and Markov Chain 
Monte Carlo (MCMC) replication were set at 100,000 

https://github.com/YinLiLin/CMplot
https://github.com/YinLiLin/CMplot
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each run under the admixture and correlated allele fre-
quency model. The STRU​CTU​RE HARVESTER [69], a 
web-based program was used to summarize STRU​CTU​
RE output, visualize the likelihood values across multiple 
values of K and, compute the natural logarithms of prob-
ability data [LnP(K)] and the ad hoc statistic ΔK based on 
Evanno method [70].

The principal component analysis (PCA) was con-
ducted using the Genomic Association and Prediction 
Integrated Tool (GAPIT) version 3[71, 72] to detect the 
subpopulation structure present in the panel. The kinship 
matrix was estimated using the VanRaden algorithm [73] 
to measure the genetic relatedness among individuals in 
the association panel. The genetic relationship among 
the lines was determined based on the neighbor joining 
tree algorithm using the phylogenetic tree analysis in 
TASSEL software v5.2.93 [66]. To determine the extent 
of linkage disequilibrium (LD), squared allele frequency 
correlations (r2) between all pairs of SNP markers were 
estimated using TASSEL software version 5.2.93 [66]. 
To calculate the LD decay rate, the nonlinear regression 
model developed by [74], with modifications by Reming-
ton et al. [75], was used to fit the LD decay curve into the 
scatterplot using the LOESS function in R.

Genome‑wide association study
GWAS analysis was carried out with 215,542 high qual-
ity SNPs (G) from 236 lines with BLUP values of eight 
phenotypic traits (GY, AD, SD, ASI, EPO, EPP, PH, and 
EH) using different multi-locus (ML) GWAS models 
under DS and optimum conditions. The first four PCAs 
and kinship (K) matrix were incorporated in the GWAS 
models as covariates to reduce false positives. The ML-
GWAS was conducted with seven models including: (1) 
Fixed and random model circulating probability unifica-
tion (FarmCPU)[42], (2) mrMLM[44], (3) FASTmrMLM 
[45], (4) FASTmrEMMA [46], (5) pLARmEB[47], (6) 
pKWmEB[48], and (7) ISIS EM-BLASSO[45]. One multi-
locus model was implemented in (GAPIT) R package 
software[71, 72] and the other six multi-locus models 
were implemented in the mrMLM R package[40]. The 
nomenclature for naming QTN was done using the  let-
ter “q” to indicate QTN, followed by an abbreviation 
representing the trait name, underscoring the manage-
ment conditions, the corresponding chromosome num-
ber, and the number of QTNs identified on that specific 
chromosome.

To determine the genome-wide significant P values 
threshold for the FarmCPU GWAS results, the effective 
number of independent SNPs (N) were calculated using the 

SimpM R program[30, 76, 77] available on GitHub (https://​
github.​com/​LTibbs/​Simpl​eM). The genome-wide significant 
P value threshold was adjusted based on Bonferroni correc-
tion as the ratio of alpha value (α = 0.05) divided by the effec-
tive number of independent SNPs (N = 79,455). Hence, the 
genome-wide significant and suggestive levels were set as 
P = 0.05/N = 6.29 × 10−7 and P = 1/N = 1.26 × 10 − 5, respec-
tively, where N is the effective number of independent SNPs. 
For multi-locus GWAS analysis, the genome-wide significant 
threshold was defined based on the threshold of LOD ≥ 3 
(p = 0.0002). Manhattan plots and quantile–quantile plots 
were developed to visualize GWAS results using CMplot R 
package (https://​github.​com/​YinLi​Lin/​CMplot).

Candidate gene annotation and haplotype block analysis
The LD decay with a physical distance of 4.75 kb found 
in this study was used to find candidate genes. All the 
candidate genes for GY, AD, SD, PH, EH, EPO, and 
EPP located within regions from 4.75  kb upstream to 
4.75  kb downstream associated with significant QTNs 
were identified and annotated using the B73 maize ref-
erence genome (B73 RefGen_V2)[78–80]. The candidate 
gene annotations information was retrieved from the 
maizeGDB database (http://​www.​maize​gdb.​org).

The significant QTN, qGY_DS1.1 (S1_216149215) 
on chromosome 1 for GY located within the genomic 
regions of a candidate gene, Zm00001eb041070 were 
extracted from the variant call format (VCF) using the 
site filtering option of VCF tools [81]. The haplotype 
block analysis was then implemented in Haploview soft-
ware version 4.2 [82] and geneHapR [83]. The blocks were 
defined according to the criteria described by Gabriel 
et  al. [84]. One-way Analysis of variance (ANOVA), 
boxplot, and multiple comparisons of phenotypic differ-
ences among haplotypes were implemented in agricolae 
R package using Tukey’s Honestly Significant differences 
(HSD) test.

Genomic‑wide prediction
GP was carried out on the 236 lines based BLUE values 
for traits across environments within management using 
ridge regression best linear unbiased prediction (rrBLUP) 
model available in the rrBLUP R package [85]. Genomic 
estimated breeding values (GEBVs) were estimated using 
a five-fold cross-validation scheme by randomly sam-
pling 80% and 20% of maize lines as training and testing 
sets, respectively. The prediction accuracy of the model 
was computed as the average Pearson’s correlation coef-
ficient (r) between GEBV estimates from the training and 
testing set with 100 iterations. Bar plot was generated for 
each trait to visualize the means and standard deviation 
of prediction accuracy using the ggplot2 R package [86].

https://github.com/LTibbs/SimpleM
https://github.com/LTibbs/SimpleM
https://github.com/YinLiLin/CMplot
http://www.maizegdb.org
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Results
Phenotypic variation, Descriptive statistics, and Correlation
The combined analysis of variance revealed significant 
(p < 0.05) genotype and GEI variations for GY, AD, SD, 
ASI, EPO, EPP, EH, and PH under DS and optimum 
conditions (Table  1). The mean, minimum, and maxi-
mum values of GY, AD, SD, ASI, EPO, EPP, EH, and PH 
revealed large variability for each trait under both DS and 
optimum conditions (Table 1). GY under DS was reduced 
by 71%. PH (214.69 cm) were reduced significantly under 
DS compared to the mean of PH (225.94 cm). Whereas 
EH (116.88 cm) were relatively increased under DS com-
pared to mean EH (112.27 cm) under optimum condi-
tions.DS had a relatively small effect on EPO and EPP. DS 
conditions increased the average number of days for AD 
and SD compared to optimum conditions. Consequently, 
prolonging the interval between AD and SD (known as 
ASI) under drought by an average of 3 days compared to 
optimum conditions. The broad-sense heritability ranged 
from 0.25 for GY to 0.87 for EPO under DS and varied 
from 0.21 for EPP to 0.74 for AD under optimum con-
ditions. The frequency distribution of each of the traits 
under the two experimental conditions (DS and opti-
mum) is shown in Fig. 1 where most of the traits showed 
continuous distributions.

Pearson’s correlation analysis showing the relationships 
among traits under DS and optimum conditions is pre-
sented in Fig.  2. The correlation coefficients among the 
eight traits ranged from -0.29 to 0.93 under optimum 
conditions, whereas under DS conditions ranged from 
-0.56 to 0.86. Under optimum conditions, the highest 
significant positive correlation (r = 0.93**) was observed 
between flowering traits, SD_OPT and AD_OPT, fol-
lowed by PH_OPT and EH_OPT (r = 0.78**), GY_OPT 
and PH_OPT (r = 0.65**). GY_OPT had a significant pos-
itive correlation with PH_OPT, EH_OPT, and EPP_OPT 
while a significant but negative correlation was observed 
between GY_OPT with SD_OPT and ASI_OPT. Simi-
larly, ASI_OPT had a significant negative correlation 
with AD_OPT, PH_OPT, EH_OPT, and EPP_OPT. 
Under DS conditions, the highest positive correlations 
were 0.83 (between GY_DS and EPP_DS), 0.66 (SD_DS 
and AD_DS), 0.64 (EPO_DS and EH_DS), 0.63 (PH_DS 
and EH_DS), and 0.57 (EPO_DS and AD_DS). GY_DS 
was negatively and significantly correlated with AD_DS, 
SD_DS, ASI_DS, and EPO_DS, while positively and sig-
nificantly correlated with PH_DS and EPP_DS. It was 
observed that ASI_DS was positively correlated with 
AD_DS, SD_DS, and EPO_DS and negatively correlated 
with PH_DS, EH_DS, and EPP_DS. Additionally, AD_DS 

Table 1  Descriptive statistics, analysis of variance, broad sense heritability, least significant difference (LSD) and coefficient of variation 
of agronomic traits under drought and optimal conditions

¥Min Minimum value, Max Maximum value, SD Standard deviation,σ2
G

Genetic variance,σ2
GE

Genotype by environment interactions variance,σ 2
eResidual variance,H2

Broad sense heritability, LSD Least Significant Difference, CV Coefficient of variation, GY Grain yield, AD Days to 50% anthesis, SD Days to 50% silking, ASI Anthesis-
silking interval, EPO Ear position, EPP Ear per plant, PH Plant height, EH Ear height
a Significant at 0.05 probability level
b Significant at 0.01 probability level

Statistic Min Max Mean ± SD σ
2

G
σ
2

GE
σ
2
e H

2 LSD5% CV (%)

Drought Conditions
  GY 1.08 3.84 2.13 ± 0.47 0.06b 0.28b 0.54 0.25 1.85 22.23

  AD 60.56 77.11 67.56 ± 2.33 4.71b 0.97b 2.88 0.85 3.10 2.69

  SD 63.31 76.98 70.36 ± 2.36 4.98b 1.68b 5.38 0.77 3.85 3.60

  ASI 0.56 6.64 2.77 ± 1.02 0.49a 0.69b 2.17 0.46 1.64 95.88

  EPO 0.42 0.64 0.55 ± 0.04 0.002b 0.0003b 0.00 0.87 0.05 5.94

  EPP 0.50 1.13 0.75 ± 0.08 0.0031 0.01b 0.03 0.28 0.14 19.72

  PH 174.71 245.72 214.69 ± 12.82 140.23b 56.48b 260.31 0.24 22.72 8.58

  EH 86.41 145.30 116.88 ± 10.33 86.29b 28.48b 103.41 0.69 16.12 11.02

Optimal Conditions
  GY 6.05 8.51 7.38 ± 0.48 0.44b 0.54b 2.94 0.46 1.36 23.18

  AD 61.57 69.82 65.27 ± 1.64 3.82b 1.74b 7.47 0.74 2.87 4.18

  SD 62.85 70.13 66.04 ± 1.50 3.37b 1.65b 9.91 0.67 2.99 4.77

  ASI 0.33 1.77 0.74 ± 0.33 0.21b 0.13b 1.44 0.49 0.91 13.10

  EPO 0.44 0.54 0.49 ± 0.02 0.0004b 0.0005b 0.00 0.67 0.03 5.30

  EPP 0.97 1.03 1.00 ± 0.01 0.001b 0.002b 0.01 0.21 0.06 11.53

  PH 192.18 249.47 225.94 ± 9.77 139.39b 117.15b 369.56 0.65 19.86 8.49

  EH 97.96 129.19 112.27 ± 5.60 53.22b 58.49b 104.82 0.66 12.18 9.13
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was positively correlated with SD_DS, EH_DS and EPO_
DS, but negatively correlated with PH_DS and EPP_DS. 
Overall, a strong correlation was observed between the 
AD and SD under both optimum and DS conditions.

Marker distribution, Population structure, Phylogenetic 
tree, and Kinship
The distribution of 215,542 SNPs across the genome is 
presented in Fig.  3A and supplementary Table  S2. The 

number of SNP markers on each chromosome ranged 
from 14,629 to 33, 874 SNPs. Chromosome 1 had the 
highest number of SNPs of 33, 874, whereas chromosome 
10 had the lowest number of SNPs with 14,629. The den-
sity of SNPs per mega-base pair (Mbp) varied from 84.89 
Mbp for chromosome 4 to 116.79 Mbp for chromosome 
5 with a mean of 104.28 Mbp.

The population structure of 236 diverse maize lines 
was determined by Bayesian based model in STRU​CTU​

Fig. 1  Frequency distributions for GY (grain yield); AD (days to 50% anthesis); SD (days to 50% silking); ASI (Anthesis-Silking interval); EPO (Ear 
position, Ear–plant height ratio), EPP (Ear per plant, PH = Plant height. and EH (Ear height). in 236 diverse maize lines evaluated under drought 
and optimum conditions. Underscore DS = Drought and OPT = Optimum conditions
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RE and PCA (Supplementary Figure S1a and Fig.  3B). 
The optimum number of K was obtained by plotting the 
number of clusters (K) against delta K (Supplementary 
Figure S1a). The Bayesian structure analysis revealed 
the presence of three distinct subgroups within the 236 
maize lines when K = 3 and ten distinct subgroups K = 10 
(Supplementary Figure S1b). The genetic structure was 
further examined by PCA (Fig. 3B). The results revealed 
the presence of four distinct subpopulations separated 
by PC1 (12.78%), PC2 (9.11%), and PC3 (7.19%). The first 
three PCs explained over 29% of the total genetic varia-
tion among the diverse maize lines. A scree plot of vari-
ance explained against the corresponding PCs as shown 
in Fig.  3C was used to determine the optimal number 
of PCs to retain. The scree plot revealed that an optimal 
number (K) of four PCs could be retained for GWAS. The 
phylogenetic tree based on the neighbor-joining method 
as shown in Fig. 3D revealed that the 236 diverse maize 
lines can be clustered into four main groups (I = 66, 
II = 48, III = 100, and IV = 22) differentiated by the differ-
ent colors (Supplementary Table S1).

The kinship matrix is utilized to assess the relatedness 
among individuals by considering the extent of allele 
sharing. The pattern of red shading in the center of the 
kinship matrix (Fig.  3E)) reflected the level of genetic 
relatedness among individuals, indicating the presence 
of four stratified population structures. In general, the 
results from the PCA, phylogenetic tree, and kinship 
matrix, show that the panel of 236 diverse maize lines can 
be divided into four subpopulations.

Linkage Disequilibrium and GWAS analysis
The nonrandom association of alleles between two 
genetic loci was examined to provide valuable informa-
tion in locating genes tightly linked to SNP markers 
associated with traits of interest. A rapid LD decay pat-
tern was observed across the ten chromosomes (Fig. 3F). 
At r2 = 0.2, the LD decay distance between SNPs on the 
10 chromosomes varied from 2.83 kb (Chr3) to 11.83 
kb (Chr4) with an average genome-wide LD decay with 
physical distance between SNPs of 4.74 kb.

Fig. 2  Pearson’s correlation analysis between the eight traits in 236 diverse maize lines under drought and optimum conditions. The blue color 
indicates the significant positive correlations, and red color indicates the significant negative correlation among different traits: GY (grain yield); AD 
(days to 50% anthesis); SD (days to 50% silking); ASI (Anthesis-Silking interval); EPO (Ear position, Ear–plant height ratio), EPP (Ear per plant, PH = Plant 
height. and EH (Ear height). (A) Under optimum (OPT) condition, (B) Under Drought (DS) condition

(See figure on next page.)
Fig. 3  SNP density, Population Structure, and linkage disequilibrium (LD) in 236 diverse maize lines. A The distribution of 215,542 SNPs 
across the ten maize chromosomes. B Three-dimensional (3D) principal component analysis, displaying four distinct subpopulations (green, red, 
cadet blue, and blue). C A scree plot shows variance explained by each of the first ten principal components. The Optimal number of PCs retained, 
k = 4, is indicated in red dot. D Phylogenetic trees, displaying four unique groups based on neighbor-joining method. E A heat map of kinship 
matrix, showing the degree of genetic relatedness among the diverse maize lines. F Genome-wide average LD decay estimated across and for each 
of the ten maize chromosomes
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Fig. 3  (See legend on previous page.)
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Based on the seven multi-locus GWAS models 
(FarmCPU, mrMLM, FastmrMLM, FASTmrEMMA, 
pLARmEB, pKWmEB and ISIS EM-BLASSO), 219 and 
265 QTNs distributed across the 10 chromosomes were 
detected under DS and optimum conditions, respec-
tively (Fig. 4, Supplementary Table S3 and S4). The QQ-
plots depicting the observed vs expected LOD [− log10 
(p), p = 6.29e-07] distributions showed a significant 
deviation from the expected distribution (Supplemen-
tary Figure S2 and S3), indicating the presence of QTNs 
linked to GY, AD, SD, ASI, PH, EH, EPP and EPO, 
respectively under DS and optimum conditions. The 
Manhattan plot showed that several QTNs with Bon-
ferroni-adjusted threshold of greater than 6.20 [− log10 
(p), p = 6.29e-07] and LOD threshold of ≥ 3 (p = 0.0002), 
were associated with GY, AD, SD, ASI, PH, EH, EPP and 
EPO, respectively under DS and optimum conditions.

The number of significant QTNs detected by multiple 
GWAS models varied across traits. Of these, the power 
of detection among the seven models followed FASTm-
rMLM (62 QTNs) > pLARmEB (45 QTNs) > ISIS EM-
BLASSO (37 QTNs) > pKWmEB (36 QTNs) > FarmCPU (16 
QTNs) > FASTmrEMMA (12 QTNs) > mrMLM (7 QTNs) 
under DS and FASTmrMLM (68 QTNs) > pLARmEB 
(62 QTNs) > pKWmEB (42 QTNs) > FASTmrEMMA (29 
QTNs) > FarmCPU (25 QTNs) > ISIS EM-BLASSO (24 
QTNs) > mrMLM (15 QTNs) under optimum conditions 
(Fig. 4C and 4D). Of these QTNs, 46, 33, 31, 30, 29, 20, 17, and 
13 were found to be associated with EPO, ASI, AD, GY, SD, 
EPP, EH and PH under DS, respectively. Under optimum con-
ditions, 40, 37, 36, 36, 32, 25, and 24 QTNs were associated 
with EPO, EH, ASI, GY, EPP, PH, SD and AD, respectively 
(Fig. 4A and 4B). With the proportion of R2 (%) by individual 
QTNs accounting for 0.00 ~ 8.18, 0.60 ~ 16.06, 3.93 ~ 15.29, 
1.43 ~ 30.68, 0.00 ~ 11.42, 0.75 ~ 10.08, 1.32 ~ 16.06 and 
2.00 ~ 12.66 (%) of total phenotypic variation for EPO, EH, 
ASI, GY, EPP, PH, SD and AD, respectively (Supplementary 
Table S4, S5 and S6).

Significant QTNs detected by at least two ML-GWAS 
models were considered reliable and stable. A sum of 
172 QTNs comprising 77 QTNs under DS and 95 QTNs 
under optimum conditions were significantly associated 

with EPO, ASI, AD, GY, SD, EPP, EH, and PH, respec-
tively (Fig.  4E and 4F; Supplementary Table  S6). Of 
these significant QTNs under DS, 9, 9, 9, 11, 6, 6, 7, 
and 20 reliable QTNs were detected for GY, AD, SD, 
ASI, PH, EH, EPP, and EPO, respectively. The high-
est R2 (%) value was observed for GY QTN qGY_DS2.1 
[S2_194907656:R2 = 5.07%-11.07%], for AD qAD_DS1.2 
[S1_32228028: R2 = 5.27%-11.27%], for SD qSD_DS10.1 
[S10_2032146:R2 = 5.36%—9.92%], for ASI qASI_DS5.1 
[S5_151886720:R2 = 5.94%-11.19%], for PH qPH_DS3.2 
[S3_149683959:R2 = 9.62%-11.27%], for EH qEH_DS2.1 
[S2_60655022:R2 = 6.23%-6.78%], for EPP qEPP_DS1.1 
[S1_217115118:R2 = 9.19%-13.26%] and for EPO qEPH_
DS2.1 [S2_36458273:R2 = 0.96%—6.15%].

In addition, of the 95 QTNs detected in optimum condi-
tion, 12, 9, 6, 13, 13, 11, 18, and 13 QTNs were found to be 
associated with GY, AD, SD, ASI, EH, PH, EPO, and EPP, 
respectively. The QTN, qGY_OPT5.2 [S5_193538664: 
R2 = 5.34%—10.19%] recorded the highest R2 (%) for GY. 
One QTN, qAD_OPT8.1 (S8_105322358) was shared by AD 
(R2 = 6.03% -12.66%) and SD (R2 = 3.99%-16.06%). For ASI, 
qASI_OPT6.1 [S6_159006932: R2 = 6.30%—14.10%] explained 
the highest R2 (%). While qEH_OPT10.4 [S10_88760138: 
R2 = 9.39%—16.06%] showed the highest R2 (%) for EH, 
qPH_OPT3.1 [S3_172201680: R2 = 1.49%—10.08%] for PH, 
qEPO_OPT2.2 [S2_233748945: R2 = 1.56%—3.26%] for EPO 
and qEPP_OPT8.2 [S8_75600223: R2 = 0.002% -5.48%] for 
EPP (Figs. 4 and 5).

The detected QTNs contributing revealed positive and 
negative allelic effects for different traits (Figs. 4E and 5). 
Among the 172 QTNs, few QTNs were  detected under 
both DS and optimum conditions. For instance, two 
QTNs qGY_DS2.1 and qGY_DS1.1 explained the  high-
est and positive effects with 0.34 and 0.24, respectively 
under DS for GY. On the other hand, two new QTNs 
qGY_OPT4.1 and qGY_OPT10.1 showed the  highest 
and positive effects of 0.56 and 0.49, respectively for GY 
under optimum conditions. Negative QTN effects are 
desirable for flowering traits (AD, SD, and ASI) under DS 
for selecting earliness. For instance, QTNs qAD_DS2.1, 
qSD_DS8.1, qASI_DS1.1 exhibited large and negative 
effects for AD (-1.72), SD (-1.79), and ASI (-0.77) on 

Fig. 4  Number of significantly associated QTNs detected by each of the seven GWAS models implemented in this study. A Number of QTNs/SNP 
detected for grain yield (GY); days to 50% anthesis (AD); days to 50% silking (SD); Anthesis-Silking interval (ASI); plant height (PH), eight height (EH), 
ear-plant height ratio (EPH) and ear per plant (EPP) under drought condition (B). Number of QTNs/SNP detected for grain yield (GY); days to 50% 
anthesis (AD); days to 50% silking (SD); Anthesis-Silking interval (ASI); plant height (PH), eight height (EH), ear-plant height ratio (EPH) and ear 
per plant (EPP) under optimum condition C. Number of QTNs detected by the eight GWAS models under drought condition (D) Number of QTNs 
detected by the eight GWAS models under Optimum condition (E) Chromosomal Distribution of QTN effects. The circle diameter is proportional 
to the absolute value of the QTN effect. The colors indicate the direction of the effects: red indicates negative QTN effect, and blue indicates positive 
QTN effect. F Chromosomal distribution of QTNs based on seven GWAS methods. The x-axis indicates genomic locations by chromosomal order, 
and the significant QTNs are plotted against genome location. Each row represents one QTN identified by a different method

(See figure on next page.)



Page 11 of 22Amadu et al. BMC Plant Biology          (2025) 25:135 	

Fig. 4  (See legend on previous page.)
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chromosome 2, 8 and 1, respectively (Fig. 4E). The distri-
bution of QTNs (Fig. 5) on the 10 chromosomes showed 
that chromosome 5 captured the higher number of reli-
able QTNs (12 under DS and 14 under optimum con-
ditions). Two QTNs, qPH_OPT2.2 and qEH_OPT2.1 
exhibited a pleiotropic effect on both PH and EH under 
optimum conditions.

Candidate gene identification and Annotation
Candidate genes analysis was conducted for significant 
QTNs identified in this study to elucidate the molecu-
lar, biological, and physiological mechanisms controlling 
traits under DS and optimum conditions. A total of 43 
candidate genes were discovered and annotated, among 
them 18 and 25 candidate genes were  identified under 
DS and optimum conditions, respectively (Table  2). 
Two candidate genes closely associated with the QTNs 
for improved GY were identified under DS, namely, 
Zm00001eb041070 and Zm00001d045665 (Table  2). 
Nine candidate genes potentially associated with flow-
ering traits (AD, SD and ASI) were identified under DS 
(Table 2). Of these five candidate genes were associated 

with ASI under DS. Similarly, four and three candidate 
genes were found to be associated with EPO and EPP, 
respectively. Under optimum conditions, 3, 5, 8, 3, and 
3 candidate genes were identified for GY, PH, EH, EPO, 
and EPP, respectively (Table 2). On the other hand, one 
candidate gene each was identified for AD, SD, and ASI.

Haplotype analysis
The QTN qGY_DS1.1 (S1_216149215) associated with 
GY under DS was identified in a 216.15 Mb region on 
chromosome 1 based on pairwise LD correlation (Fig. 6A 
and 6C). The QTN region contains six distinct SNPs with 
relatively high LD (Fig. 6C). Four major haplotypes were 
detected among the 236 lines with Haplotypes frequen-
cies of 142 (60%), 39 (17%), 29 (12%), and 7 (3%) for Hap1 
(GAG​GGC​), Hap2 (AAG​GGC​), Hap3 (GTA​ATG​), and 
Hap4 (GAG​GTG​), respectively (Fig.  6B). A significant 
difference was observed between haplotypes Hap1 and 
Hap2 (Fig. 6D). The mean GY was 2.2 t/ha for Hap1, 1.80 
t/ha for Hap2, 2.10 t/ha for Hap3, and 2.2 t/ha for Hap4, 
respectively. (Fig.  6D). Hap1 was considered a superior 

Fig. 5  Chromosomal distribution of QTNs identified in this study
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Table 2  The candidate genes identified in association mapping panel for grain yield, flowering traits, plant and ear height, ear position 
and ear per plant under drought and optimum conditions

¥ GY Grain yield, AD days to 50% anthesis, SD Days to 50% silking, ASI Anthesis-silking interval, EPH Ear position (Ear–plant height ratio), EPP Ear per plant, PH Plant 
height, EH Ear height, € Chrom Chromosome

Trait QTN SNP Chrom Position Gene_name Annotation

Drought Conditions
  GY qGY_DS1.1 S1_216149215 1 216,149,215 Zm00001eb041070 AP2-EREBP transcription factor 60

  GY qGY_DS9.2 S9_32284156 9 32,284,156 Zm00001d045665 Ubiquitin receptor RAD23c

  AD qAD_DS1.1 S1_286187136 1 286,187,136 Zm00001eb058200 Rubisco LSMT substrate-binding domain-containing protein

  AD qAD_DS1.2 S1_32228028 1 32,228,028 Zm00001eb010210 plant U-box type E3 ubiquitin ligase21

  AD qAD_DS1.3 S1_41437741 1 41,437,741 Zm00001eb012590 Trifunctional UDP-glucose 46-dehydratase

  SD qSD_DS10.1 S10_2032146 10 2,032,146 Zm00001d023278 Mad3/BUB1 homolog region 1

  ASI qASI_DS1.1 S1_242493792 1 242,493,792 Zm00001eb047160 kaurene synthase1

  ASI qASI_DS8.2 S8_167256316 8 167,256,316 Zm00001eb364110 TCP-transcription factor 20

  ASI qASI_DS10.3 S10_144315228 10 144,315,228 Zm00001eb430770 Ribosomal protein s11-beta

  ASI qASI_DS10.2 S10_133367573 10 133,367,573 Zm00001eb426690 Hexosyltransferase

  ASI qASI_DS10.1 S10_1280961 10 1,280,961 Zm00001d023240 Serine/threonine-protein kinase BLUS1

  EPO qEPO_DS3.3 S3_230335236 3 230,335,236 Zm00001d044508 Cysteine-rich receptor-like protein kinase 2

  EPO qEPO_DS4.1 S4_157554490 4 157,554,490 Zm00001d051412 CGI-like protein

  EPO qEPO_DS10.1 S10_132009667 10 132,009,667 Zm00001eb426230 GDSL-motif esterase/acyltransferase/lipase

  EPO qEPO_DS10.3 S10_145943876 10 145,943,876 Zm00001d026371 anthocyanidin reductase3

  EPP qEPP_DS1.2 S1_79999858 1 79,999,858 Zm00001eb021070 chloroplast thymidine kinase 1

  EPP qEPP_DS2.1 S2_8915850 2 8,915,850 Zm00001d002247 MATH-BTB domain proteins

  EPP qEPP_DS10.1 S10_138487351 10 138,487,351 Zm00001eb428440 TNF receptor-associated factor 38

Optimum conditions
  GY qGY_OPT2.1 S2_188371742 2 188,371,742 Zm00001d005785 pentatricopeptide (PPR) repeat-containing protein

  GY qGY_OPT1.1 S1_191855978 1 191,855,978 Zm00001eb034820 PfkB-like carbohydrate kinase family protein

  GY qGY_OPT10.1 S10_128990374 10 128,990,374 Zm00001eb425230 Trihelix-transcription factor 25

  AD qAD_OPT1.1 S1_287728649 1 287,728,649 Zm00001d034188 cold-regulated 413-plasma membrane 2

  SD qSD_OPT1.1 S1_84434846 1 84,434,846 Zm00001eb022070 ABI3VP1 transcription factor

  ASI qASI_OPT6.2 S6_166798723 6 166,798,723 Zm00001d038908 Lipid phosphate phosphatase 2

  PH qPH_OPT1.2 S1_242503021 1 242,503,021 Zm00001eb047160 ks1—kaurene synthase1

  PH qPH_OPT1.3 S1_283188006 1 283,188,006 Zm00001eb057310 actin depolymerizing factor 15

  PH qPH_OPT2.2 S2_2224782 2 2,224,782 Zm00001d001877 Phytosulfokine receptor 1

  PH qPH_OPT6.1 S6_96553422 6 96,553,422 Zm00001eb274400 ALA-interacting subunit 1

  EH qEH_OPT1.1 S1_7555731 1 7,555,731 Zm00001eb002720 4-coumarate–CoA ligase

  EH qEH_OPT1.2 S1_86945492 1 86,945,492 Zm00001eb022630 NEP1-interacting protein-like 1

  EH qEH_OPT10.1 S10_141529588 10 141,529,588 Zm00001eb429480 gar2—gibberellin responsive2

  EH qEH_OPT10.2 S10_144933522 10 144,933,522 Zm00001eb431080 bhlh7—bHLH-transcription factor 7

  EH qEH_OPT10.3 S10_88758826 10 88,758,826 Zm00001eb417450 HXXXD-type acyl-transferase family protein

  EH qEH_OPT2.1 S2_2224782 2 2,224,782 Zm00001d001877 Phytosulfokine receptor 1

  EH qEH_OPT3.1 S3_221276451 3 221,276,451 Zm00001d044181 S-type anion channel SLAH3

  EH qEH_OPT5.1 S5_3429314 5 3,429,314 Zm00001d013023 Protein GLE1

  EH qEH_OPT8.1 S8_8273703 8 8,273,703 Zm00001d008420 bHLH-transcription factor 203

  EPO qEPO_OPT3.1 S3_223539203 3 223,539,203 Zm00001d044273 stomatal cytokinesis defective

  EPO qEPO_OPT10.1 S10_106248373 10 106,248,373 Zm00001eb420220 Calmodulin-binding domain-containing protein

  EPO qEPO_OPT10.2 S10_144933522 10 144,933,522 Zm00001eb431080 BHLH transcription factor (Transcription factor PIF4)

  EPP qEPP_OPT10.2 S10_14445038 10 14,445,038 Zm00001d023664 ABA-responsive protein

  EPP qEPP_OPT1.1 S1_8623324 1 8,623,324 Zm00001eb003210 CO-LIKE TIMING OF CAB1 protein domain101

  EPP qEPP_OPT10.1 S10_10170518 10 10,170,518 Zm00001eb408080 TCP-transcription factor 12
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haplotype since it contributes to the highest mean per-
formance compared to other haplotypes.

Genomic prediction
Among the GP models, RR-BLUP is computationally 
less intensive and is well suited for routine application in 
plant breeding trials. Therefore, we used the RR-BLUP 
model to estimate the performance of maize genotypes 
for various traits under optimum and DS conditions 
(Fig. 7). Prediction accuracies were moderate to high for 
all eight traits under optimum and low to moderate under 
DS conditions (Fig. 7). The observed prediction accuracy 
for GY, AD, SD, ASI, PH, EH, EPO, and EPP were 0.29, 
0.58, 0.45, 0.44, 0.61, 0.54, 0.24, and 0.25, respectively 
under DS conditions, and 0.65, 0.72, 0.69, 0.37, 0.71, 0.51, 
0.48, and 0.41, under optimum conditions.

Discussion
Drought has long been recognized as a major abiotic 
factor limiting crop growth and productivity [4, 10, 87]. 
Genetic dissection of the genomic regions responsible for 
GY and other secondary traits under DS will allow breed-
ers to improve their breeding efficiency in the develop-
ment of climate-resilient varieties and, also, facilitate 
the introgression of the favorable alleles into elite germ-
plasm using marker-assisted selection [88]. Furthermore, 
understanding the complex genetic basis of drought 
tolerance, GY and other secondary traits facilitate the 
opportunity to test for the indirect selection of GY under 
DS [25, 89].

In the present study, significant genotypic variance 
and wide range phenotypic variation observed for all 
traits under optimal and DS, indicated the presence 
of adequate genetic diversity within the GWAS panel 

Fig. 6  Regional Manhattan plot, haplotype block analysis of qGY_DS1.1 (S1_216149215), and haplotype effect for GY under drought (A). Regional 
Manhattan plot of peak QTN, qGY_DS1.1 (S1_216149215) on chromosome 1. Y-axis on the left indicates –log10 (P-values) of QNT, Y-axis on the right 
indicates the LOD scores. The dashed line represents LOD score of 3. The pink point indicates peak QTNs simultaneously detected indicates least 
two models (B). Gene structure of Zm00001ed41070 related to peak qGY_DS1.1 (S1_216149215) on chr1 and haplotype of qGY_DS1.1 (S1_216149215) 
from 217 maize line (C). LD block of peak QTN, qGY_DS1.1 (S1_216149215) of region of 155 bp nearest to candidate gene, Zm00001ed41070. The 
thick sky blue and pinks segments represent a strand of a chromosome with QTN/SNP positions. The high intensity of the red blocks indicate 
the D prime value are close to one indicating the six QTNs/SNP are in very high linkage disequilibrium or QTN/SNPs inherited together. D Boxplot 
and phenotypic difference between four haplotypes based on BLUP value of GY using Tukey’s HSD test. Haplotypes with the same letters are 
not significantly different. N is the number of lines grouped in the same haplotype group
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and that progress from selection for GY and secondary 
traits could be achieved through breeding. These find-
ings support earlier studies [7, 90, 91], which indicated 
the existence of sufficient genetic variability. The nota-
ble significant GEI in the study implied that the testing 
sites, drought and optimal growing conditions were 
discriminating enough in identifying genotypic differ-
ences in the response of the GWAS panel to drought 
and optimal conditions, and that these differences can 
be largely attributed to the differences in environmen-
tal factors, such as soil types, temperature, and amount 
of rainfall [13]. Heritability estimates are crucial for 
ascertaining the effectiveness and progress anticipated 
from future phenotypic selection for yield and second-
ary traits under DS. The lower heritability estimates 
for GY under drought stress indicated that the corre-
lated secondary trait, ASI with high heritability and 
strong correlation with GY could enhance the effec-
tiveness of the selection response [92]. These find-
ings are consistent with earlier studies [90, 91, 93, 94]. 
A study by Ndlovu et  al. [95] on multiple bi-parental 
maize populations in Kenya under water-stressed and 
well-watered conditions also reported lower heritabil-
ity for GY and low genotypic variance under DS condi-
tions. The notably significant and negative correlation 
between GY and ASI under DS indicated that ASI is a 

suitable secondary trait to facilitate the selection of GY 
and a target for improving drought tolerance in maize. 
These findings are consistent with earlier studies [94, 
96, 97].

Linkage disequilibrium, population structure 
and association mapping
The LD decay distance determines the power of the 
GWAS [98]. The high-resolution provided by GWAS is 
largely influenced by the nature of LD and the extent of 
its decay across the genome [29, 30], which is population 
specific and influenced by recombination rate, number 
of generations of recombination, genetic drift, selection 
within populations, and population admixture [75, 99]. 
In this study, genome-wide LD analysis revealed that 
the GWAS panel decayed rapidly at 4.75 kb (r2 = 0.2). 
This suggests that the GWAS panel contained adequate 
genetic diversity suitable for GWAS analysis result-
ing from the historical and evolutionary recombination 
events present in the panel. Previous studies conducted 
by Rashid et  al.[100], reported a rapid LD decay of 0.9 
kb at r2 = 0.2 for CIMMYT Asia Association Mapping, 
1.75 kb at r2 = 0.2 for Drought Tolerant Maize for Africa 
(DTMA) and 0.99 kb at r2 = 0.2 for Improved Maize for 
African Soils (IMAS) panels. Lu et  al. [101], reported 
that LD decay distance in temperate germplasm (10 

Fig. 7  Genomic prediction accuracies for grain yield (GY) and other agronomic traits evaluated under optimum and drought conditions
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to 100 kb), was two to ten times greater than LD decay 
distance in tropical germplasm (5 to 10 kb), suggesting 
that tropical maize has significant genetic diversity for 
breeding programs. The population structure within the 
GWAS panel was best explained when separated into 
four groups. The incorporation of the four PCs in GWAS 
analysis was sufficient to reduce false positive marker-
trait association in the present study as evident in the 
Q-Q plots and Manhattan plots.

The variation in the number of QTNs detected across 
the GWAS models suggests that the differences can be 
attributed to genetic algorithms implemented in the dif-
ferent models. A similar conclusion that multi-locus 
models show superior performance over single-locus 
models in terms of statistical power in detecting QTNs, 
particularly in the accuracy of QTN effect estimation 
and reducing false positive rates has been found in many 
other studies [33, 41, 102, 103]. This further implied that 
adopting multiple GWAS models could help to comple-
ment each other in identifying reliable and stable QTNs 
[7]. The proportion of phenotypic variance explained 
R2 (%) by each QTNs and the QTN effects observed for 
GY, EPP and EPO in this study were relatively low under 
DS. The results implied that the GY, EPP and EPO under 
DS are likely influenced by numerous QTNs with small 
effect. Similar results were reported in earlier study [104].

Candidate genes discovery
In the present study, two candidate genes 
(Zm00001eb041070 and Zm00001d045665) signifi-
cantly associated with GY were identified under DS. 
The peak QTNs, qGY_DS1.1 is located within the gene, 
Zm00001eb041070 encoding AP2 (APETALA2)-EREBP 
(Ethylene Responsive Element Binding Protein) tran-
scription factor 60 on chromosome 1. It plays a criti-
cal role in regulating genes involved in plant growth 
and development, biotic, and abiotic stress [105]. 
Ningning et  al. [106] reported three candidate genes, 
GRMZM2G322672 (EREB37), GRMZM2G026926 
(ERF), and GRMZM2G169654 (RAV), belonging to the 
AP2/EREBP family that plays important roles in maize 
response to DS. In maize, ZmEREBP60 is a positive regu-
lator under DS and its expression, significantly upregu-
lated in the roots, coleoptiles, and leaves in response to 
drought [107, 108] Another gene Zm00001eb041070 
reported to control AD under DS [104, 109]. In addition, 
a gene Zm00001d045665 encoding Ubiquitin receptor 
Radiation sensitivity proteins-23 (RAD23) was identified 
-46 bp around the peak QTN, qGY_DS.9.1. This receptor 
is known to participate in DNA repair and play a major 
role in the cell cycle, morphology, and fertility of plants 
through their delivery of UPS substrates to the 26S pro-
teasome [110, 111].

The QTNs associated with GY, qGY_OPT2.1, qGY_
OPT1.1, qGY_OPT10.1 are nearest to three candi-
date genes, Zm00001d005785, Zm00001eb034820 and 
Zm00001eb425230 which encode pentatricopeptide 
(PPR) repeat-containing protein [112, 113], PfkB-like 
carbohydrate kinase family protein[114] and Trihelix-
transcription factor (TTF) 25 [115, 116], respectively. In 
a QTN-by environment interaction GWAS under opti-
mum, DS, heat stress, and combined drought and heat 
stress, Wen et  al. [104] identified GRMZM2G110851 
related to GY around the locus S1_299093763 encoding 
pentatricopeptide repeat protein, required for mitochon-
drial function and kernel development in maize. In rice 
and Arabidopsis, phosphofructokinase B-type carbo-
hydrate kinase family protein, PFKB1 regulates leaf and 
plant growth by controlling chloroplast biogenesis[114, 
117]. The TTFs are light-responsive proteins and play a 
critical role in plant growth and development and stress 
tolerance in maize [116, 118].

Flowering traits in maize are quantitative in nature 
and regulated by complex genetic mechanisms [119]. 
Several candidate genes associated with flowering traits 
under DS and optimal conditions have been reported 
in maize[24, 54, 104, 120, 121]. Here, some new candi-
dates have been found to be associated with flowering 
traits. Rubisco large subunit methyltransferase encoded 
by Zm00001eb058200 on chromosome 1 near peak 
QTN qAD_DS1.1 was found under DS. It is a key pho-
tosynthetic enzyme in the chloroplast that catalyzes the 
fixation of atmospheric CO2 during photosynthesis in 
the carbon assimilation pathway and drought-related 
responses [122, 123]. The gene Zm00001eb010210, asso-
ciated with AD under DS encodes plant U-box type E3 
ubiquitin ligase [124, 125]. The ligase gene family plays a 
key role in the abiotic stress adaptation in maize [126]. 
Another candidate gene for AD, Zm00001eb012590 
encodes Trifunctional UDP-glucose 46-dehydratase, an 
enzyme plays a key role in nucleotide sugar biosynthetic 
pathway, maintaining cell wall integrity during maize cell 
growth and response to abiotic stress[127, 128].

ASI is a key index in breeding programs for facilitating indi-
rect selection for GY under DS. Maize exhibits postponement 
in the silking process under stress, resulting in an extended 
period between AD and SD [89]. Five candidate genes 
Zm00001eb047160, Zm00001eb364110, Zm00001eb430770, 
Zm00001eb426690 and Zm00001d023240 associated with 
ASI under DS, encodes for kaurene synthase1[129], TEO-
SINTE BRANCHED1/CYCLOIDEA/PROLIFERATING CELL 
FACTOR (TCP) -transcription factor 20 [130], Ribosomal 
protein s11-beta [131], Hexosyltransferase[132] and Serine/
threonine-protein kinase BLUS1[133], respectively. Addition-
ally, the candidate gene, Zm00001eb047160 associated with 
PH under optimal conditions, encodes kaurene synthase, an 
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enzyme responsible for the biosynthesis of gibberellins and 
phytoalexin metabolism [129, 134]. The TCP family of tran-
scription factors participates in the regulation of cell growth, 
proliferation, and response to abiotic stress [135]. In maize, 
ZmGA20ox3 play a crucial in regulating PH and enhanc-
ing drought tolerance [136]. Furthermore, candidate genes, 
Zm00001eb364110 and Zm00001eb408080 related to ASI and 
EPP on chromosome 8 and 10, respectively, under drought 
and optimal conditions encode TCP-transcription factor [137, 
138]. Previous studies reported that ZmTCP family proteins, 
particularly ZmTCP42, is a key positive regulator of drought 
tolerance in maize. However, overexpression of the ZmTCP14 
gene significantly reduced the tolerance to drought [138]. How-
ever, ZmTCP14 gene-edited plants showed improved drought 
tolerance and GY[137, 138]. Additionally, the candidate gene 
Zm00001d023240 encodes serine/threonine-protein kinase, 
BLUE LIGHT SIGNALLING 1 (BLUS1), play a crucial role in 
blue light-induced stomatal opening and transduction of sig-
nals related to abiotic stress [137, 139]. This suggests that ser-
ine/threonine-protein kinase BLUS1 participates in regulating 
ASI during DS.

Among the candidate genes identified with asso-
ciation to EPO under DS, Zm00001d044508 encodes 
cysteine-rich receptor kinase, which plays a critical role 
in plant immunity, and abiotic stress response [113, 114]. 
Another gene Zm00001eb426230 encodes GDSL-motif 
esterase/acyltransferase/lipase, play a key role in cuti-
cle development, seed oil storage, and biotic and abiotic 
stress responses [140–142]. The Zm00001d026371 gene 
associated with EPO encodes anthocyanidin reductase, 
a key enzyme in involved in mediating proanthocyanidin 
and lignin biosynthesis in response to DS [143, 144]. Pre-
vious study [145] reported that the anthocyanidin reduc-
tase enzyme system plays a key role in reducing excess 
reactive oxygen species (ROS) induced by DS, which 
can damage cellular membranes and cause cell death in 
maize. The Zm00001d002247 gene, which underpinned 
an association with EPP under DS, encodes the MATH-
BTB domain containing proteins, which play a key role in 
abiotic stress response [146, 147].

The candidate gene Zm00001d001877 near peak QTN, 
qEH_OPT2.1 and qPH_OPT2.2 exhibited pleiotropic 
effect on EH and PH under optimal conditions. This 
implied that a positive correlation between these two 
traits and that the two QTNs simultaneously regulated 
[148]. The candidate gene, Zm00001eb431080 on chro-
mosome 10 exhibited pleiotropic effect with PH and EPO 
under optimum conditions. This candidate gene encodes 
basic Helix-Loop-Helix (bHLH) transcription factor, 
involved in anthocyanin biosynthesis and response to 
biotic and abiotic stresses [149–151]. ABA-responsive 
protein encoded by Zm00001d023664 is associated with 
EPP plays a critical role in controlling stomatal closure, 

and regulate plants response to abiotic stress [152, 153]. 
The candidate gene, Zm00001eb003210 associated 
with EPP encodes CONSTANS-LIKE (COL) TIMING 
OF CAB1 protein domain, which plays a crucial role in 
regulating flowering through photoperiodic control and 
response to abiotic stress [154, 155].

Haplotype estimation
Haplotype refers to a set of alleles combinations within 
a specific genomic region showing significant LD and 
are inherited together [83, 156]. Identification of supe-
rior haplotypes linked to functional genes is impor-
tant for developing markers to accelerate genetic gain 
and facilitate efficient selection in breeding operations. 
The haplo-pheno analysis identified Hap1 (GAG​GGC​
) as a superior haplotype with high mean performance 
associated GY near QTN, qGY_DS1.1 (S1_216149215) 
in the present study. Incorporating this superior hap-
lotype in maize breeding will facilitate the selection of 
improved drought tolerant maize cultivars. These find-
ings revealed that the GY of lines carrying superior 
haplotypes can exhibit improved drought tolerance 
compared to lines with unfavorable haplotypes. This 
is evident in their ability to maintain higher yields in 
DS and, these lines can also be utilized as parents for 
hybridization and backcrossing programs in the future.

Genome‑wide prediction
GS has been successfully applied in maize for complex 
traits like GY under optimum, low soil N stress, heat 
stress and DS conditions [7, 55, 57, 157]. In the present 
study, we compared the prediction accuracies under 
optimum and DS conditions (Fig.  7). The prediction 
accuracies were moderate to high for GY and other 
traits under optimum conditions whereas the accu-
racies were slightly lower under DS conditions. The 
accuracy observed for all traits under both optimum 
and DS conditions reveal the effect of heritability as 
the traits with higher heritability generally had higher 
prediction accuracy. The observed prediction accura-
cies for GY and other traits are comparable to earlier 
studies reported under different stresses in maize [5, 7, 
57, 95, 157, 158]. In genome-wide predictions, the less 
complex traits like AD, SD and PH had higher accu-
racy compared to the GY, which is consistent with the 
nature of trait complexity [7, 55, 56].

Breeding for drought tolerance is complex and very 
expensive. The observed prediction accuracy for GY 
is 0.29 and 0.65 under DS and optimum conditions, 
respectively. On the other hand, the phenotypic selection 
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efficiency is 0.50 (square root of heritability of GY) under 
DS and 0.73 under optimum conditions. Nevertheless, 
with the possibility to complete three cycles per year 
and requirement of lesser resources for implementing 
GS compared to phenotypic selection, endorse GS to 
integrate to improve the selection efficiency for drought 
tolerance as an attractive option in a longer run objec-
tive of breeding program. Further, integration of GS with 
GWAS results leads not only to an increase in the pre-
diction accuracy, but also helps to validate the function 
of the identified candidate genes and increases in the 
accumulation of favorable alleles for drought tolerance 
in improved set of elite lines. Further GS can remarkably 
reduce the resources required for selection and improve 
breeding efficiency.

Conclusion
Tremendous variations for GY and secondary traits asso-
ciated with DS existed in the maize GWAS panel used 
in this study. Based on seven GWAS models, a total of 
172 stable and reliable QTNs (77 under DS and 95 under 
optimal conditions) were identified. Among these QTNs 
two QTNs, qGY_DS1.1 for GY and qASI_DS8.2 for ASI 
were novel. This result demonstrated that combining dif-
ferent GWAS models is effective and powerful in exploit-
ing the complementary strengths of different methods 
in identifying QTNs with small and large effects for GY 
and secondary traits with a complex genetic basis and 
low heritability under DS. In addition, a total of 43 can-
didate genes were detected (18 under DS and 25 opti-
mum conditions). Among these, two key candidate genes 
are closely associated with GY and nine closely associ-
ated with flowering traits under DS. Genomic prediction 
revealed moderate to high accuracies under optimum 
and DS conditions. Integration of GS with GWAS results 
leads not only to an increase in prediction accuracy, but 
also helps to increase in the accumulation of favorable 
alleles for drought tolerance. Overall stable QTNs and 
candidate genes for GY and secondary trait detected in 
the current study can serve as invaluable resources for 
improving GY under DS in maize. The identified superior 
haplotype can be converted to a breeder-friendly marker 
to increase its favorable alleles in elite breeding lines. 
These findings provide valuable insight into the genetic 
basis of drought tolerance for GY and secondary traits in 
tropical maize.
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