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ABSTRACT

Low kernel moisture content (KMC) at harvest in maize grain is an essential feature to
effectively reduce pre- and post-harvest losses and enable mechanical harvesting. To
ensure low KMC at harvest, the inbred lines are required to exhibit rapid kernel drying
rates (KDR). In the present study, 320 maize inbred lines were evaluated during kharif
2021 at two locations to understand the behaviour of these lines for KMC at three
intervals viz., 40, 47 and 57 days after silking and the corresponding KDRs by employing
the principal component analysis (PCA) and k-means clustering. The analysis of variance
indicated the presence of substantial variability for KMC and KDR traits. The first
three principal components (PCs) explained the cumulative variation of 80.43 per cent
of which PC1, PC2, and PC3 explained the variation of 41.6, 19.9 and 19.93 per cent,
respectively. The relative positions of inbred lines in terms of PC1 and PC2 scores in
PCA plot also indicated the presence of huge genetic diversity in the inbred lines. Kernel
moisture content at 40, 47 and 57 days after silking and KDR at 47 days after silking
were the major positive contributors to the total variation among the inbred lines. The
320 inbred lines were grouped into five clusters using k-means algorithm. Clusters 11
and III showed the highest inter-cluster distance with cluster V, as they differed in their
KMC and KDR behaviour. The inbred lines grouped in the cluster I can be exploited
for rapid dry down breeding in maize as high average drying rate of 0.82 per cent was
exhibited by these lines.

Keywords : Maize kernel moisture content, Kernel drying rate, Best linear unbiased predictor (BLUP),

Principal component analysis, k-means clustering

MAIZE (Zea mays L.) is the world’s leading crop
and is widely cultivated because of its
versatility and wider adaptability. It belongs to the
family Poaceae with chromosome number 2n = 20.
Currently, nearly 1147.7 million MT of maize is being
produced together by over 170 countries from an area
of 193.7 mha with average productivity of 5.75 t/ha
(FAOSTAT, 2020).

Mechanical harvesting of maize is the modern key
technology that saves time, labour, and cost associated
with maize production (Chai et al., 2017). Many

developed countries have implemented mechanical
harvesting and in contrast, few major maize-producing
countries like India and China lack maize cultivars
suitable for mechanical harvesting (Liu et al., 2013).
Among several constraints, kernel moisture content
(KMC) at harvest is one of the important factors that
affect the machine performance during harvesting and
post-harvest grain handling operations (Xiang
et al., 2012; Sala et al., 2016 and Mousaviraad &
Tekeste, 2020). Average kernel breakage of 8.63 per
cent and total grain yield loss of 16.50 kg/667 m?
were observed when KMC was >19.90 per cent
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(Chai et al., 2017). High KMC at harvest imposes ear
sprouting, ear rot, and increases the cost of artificial
drying and storage (Li et al., 2017). Hence, breeding
cultivars with low KMC at harvest has become an
important target of maize breeding programme (Li
etal, 2021).

Moisture loss from kernels occurs in two phases i.e.,
before physiological maturity (PM), wherein moisture
is reduced due to the accumulation of dry matter
(Carbohydrates, oils, proteins, etc.) and after
physiological maturity (also called field dehydration
rates), in which moisture loss is mainly influenced by
the external environmental factors. The moisture loss
before PM is mainly controlled by genetic factors and
the later is due to both genetic and environmental
factors and this process of gradual moisture loss is
called kernel drying rate (KDR) (Zohu ef al., 2018).
Rapid kernel drying rates are the marked features of
maize varieties with low KMC at harvest (Sala et al.,
2016). Both KMC and KDR are considered as
quantitative traits and governed by polygenes (Song
et al., 2017 and Wang and Li, 2017).

Genetic variability is the cornerstone to embark on
any crop improvement programme thus, assessing the
phenotypic variability and genetic diversity for kernel
moisture content and kernel drying rates among maize
inbred lines is of prime importance. Principal
component analysis (PCA), Mahalanobis’s D2
statistics, and k-means algorithms are used to assess
the genetic and phenotypic diversity. PCA is an
unsupervised learning method as it finds patterns in
data by reducing relatively a large series of data into
a smaller number of components called principal
components (PC) without prior knowledge about
whether the samples come from different treatment
groups or have phenotypic differences (Altman and
Krzywinski, 2017). The maximum variation is
commonly captured by the first two to three Principal
components (PCs) and the traits associated with them
are useful in differentiating the genotypes (Guei
et al., 2005). Using PCA plots the pattern of
distribution of genotypes, the contribution of traits to
total variability and also cluster pattern can be
understood. The k-means is a non-hierarchical

clustering method that can split the data into two or
more groups (Mac Queen, 1967). Considering the
importance of rapid kernel drying, an attempt was
made to study the behaviour of maize inbred lines
and to identify potential rapid drying inbred lines
employing principal component analysis and k-means
clustering.

MATERIAL AND METHODS

A panel of 320 maize inbreds was sown during kharif
2021, in Alpha lattice design with two replications at
two locations viz., Mega Breeding Station, Kallinaya-
kanahalli (Gauribidanur taluk, Chikkaballapura
district, Karnataka) (MBS Bangalore, N 13°27', E
77°30") and Muppadighatta (Doddaballapura taluk,
Bangalore Rural-district, Karnataka) (MUP_
Bangalore, N 13°15, E 77°26"). Each line was sown
in 2 m row with a spacing of 0.6 m between rows and
0.2 m between plants within a row. All the agronomic
practices were adopted to raise a good crop of maize.

Phenotypic Evaluation

Data were recorded on days to 50 per cent silking,
kernel moisture content (%) at 40 (KMC1), 47
(KMC2) and 57 (KMC3) days after 50 per cent silking
(DAS) and, kernel drying rate (%) at two intervals
viz., between 40-47 DAS (KDR1) and 47-57 DAS
(KDR?2). In each line, when 50 per cent of the plants
started to silk, it was noted as days to 50 per cent
silking. For estimating KMC, from each line, two cobs
were harvested at three different intervals and fifty
kernels from both cobs were taken in butter paper
cover and fresh weight (FW) was taken immediately.
Then the samples were oven dried at 75°C to a constant
weight and the dry weight (DW) was recorded. Kernel
moisture content and kernel drying rate was calculated
as follows (Jia et al., 2019).

Kernel moisture [Fresh weight (FW)-Dry weight (DW)]

content (%) x 100

[Fresh weight (FW)]

and,

(KMC_ - KMC )
Kernel drying rate (%) = ——*— x 100
y-%)

Where,

x and y represent the days after silking at two intervals
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Data Analysis o b
22 o v o .
The phenotypic data was analyzed using R software Q 22 E = f %'
version 4.2.0. Levene’s test (Levene, 1960) was 5 S .
carried out to confirm the homogeneity of error 2 m‘g o ’i .
variances. The within and across environments S gn S 3 23
analysis of variance (ANOVA) was carried out in the @ |T° ="
‘metan’ R package. For all the traits, best linear g %
unbiased predictors (BLUPs) were calculated using 85 |2 8&
the META-R software version 6.0. The BLUPs for S = r:§ S 3°3
KMC were adjusted by days to 50 per cent flowering g o i
by considering it as covariate as the lines differed s %‘TE) RIS
for it. 8 Eg =
[+
The descriptive statistics for each trait was estimated ‘E = i
using the best linear unbiased predictors (BLUP) '% ~ égo § § 2 §
(Henderson, 1975). A combination of PCA and g % @ “
k-means clustering analysis was carried out to S | a (5) o i
characterize the inbred lines and PCA biplot was A \E;; %‘t;n 5858
plotted using facto extra R package. The PCA scores f § = § ST TS
for genotypes were used for k-means cluster analysis. “E f 2 ¥
The trait means and variances were estimated in each g % cﬂg‘é’o 282y
cluster, tested for their homogeneity across the clusters - % g S 25 |-" 7
and cluster means were compared using the ‘F’ test, %’ _‘g 2 g . :
‘Levene’ test and, t-test, respectively (Kanavi et al., =5 & %‘g @ oo
2020). .§ EEO I ===
REsuLTs AND D1scuUsSION RS o i
- e . g 85 |885¢
The significance of ANOVA within each location g S = § S A
indicates the presence of substantial variability among § 5 %
the inbred lines and justifies the requirement for 3 S mé e e
assessment of variation for all the traits (Table 1). The = = g q =2
o significance of MSS for locations and genotypes x %‘ = .
% locations in pooled ANOVA revealed the influence g & » X
'cg of environment on the expression of these traits S é £ & E E
3 (Table 2). As BLUPs allow the comparison of Ejgj a |° <
§ individuals or species over time (generation, year) and % & 2 . ¥
§ space (location, block) by minimizing their effects A 5% |2 %28
3y (Tajalifar and Rasooli, 2022), BLUPs were calculated 2E|s” "<
?ci within and across locations for all the inbred lines o -2 o =
Il considering six traits and was used in further analysis. o
§ The mean, minimum and maximum values for each g g
Sy trait are depicted using the boxplots visualizing the E §
% trait variation for pooled and individual locations “E g B g
§ (Fig. 1). The total length of the box and whisker line % % ° g 5
3 represent the range and the dot in each boxplot ” 2m 34
=
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TABLE 2

Pooled analysis of variance of maize inbred lines for six quantitative traits

Mean Sum of Squares (MSS)

Source of variation df b 0o

ay;l{z HSg & KMC 1 (%) KMC 2 (%) KMC 3 (%) KDRI (%) KDR2 (%)
Location 1 2025.07 *** 873.44 *** 137.00 *** 36.42 *** 6.50 *** 3.14 #**
Replication (Location) 2 0.078 * 5.11 0.85 6.14 0.036 * 0.025
Blocks (Replication) 76 1.21 * 1.90 1.40 1.63 0.032 0.019
Genotypes 319 30.66 *** 37.84 *** 29.69 *** 44,62 *** 0.30 *** 0.218 ***
Genotypes x Location 319 5.62 *** 9.89 *** 8.18 *** 12.45 0.14 *** 0.113 ***
Error 562 0.64 1.67 1.36 1.61 0.03 0.019

df - degrees of freedom; *** Significant at P = 0.001; ** Significant at P = 0.01; *Significant at P = 0.05
KMC 1 - KMC at 40 DAS; KMC2 - KMC at 47 DAS; KMC3 - KMC at 57 DAS; KDR1 - Drying Rate (40-47); KDR2 - Drying Rate (47-57 DAS)

represents the mean value of that particular trait. The
KMC declined gradually from 40 DAS to 57 DAS,
but the variation in KMC for each genotype across
two locations displayed distinct trends. A similar trend
was observed by Zohu ef al. (2018) and Li et al.
(2021). Considering the BLUPs across locations, 14
genotypes had <26 per cent KMC at 57 DAS and 12
genotypes had > 0.90 per cent average KDR.

To analyse variation patterns among the genotypes,
PCA was carried out. To find the optimum number of
PCs for extracting useful information scree plot of
eigen values for each PC was plotted (Fig. 2). The

point at which the curve bends and flattens is the
criteria for deciding the optimum number of PCs
(Mengistu, 2021).

In this way, the three PCs were considered which
accounted for the cumulative variation of 80.43
per cent. The eigen value, per cent variation explained
by each PC, and the factor loadings for each trait are
represented in Table 3 and the distribution of variables
and nature of diversity for genotypes is graphically
represented in Fig. 3. The PC1 vector captured 41.6
per cent of total variation and the traits KMC1 (%),
KMC2 (%) and KMC3 (%) were the major positive
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Fig. 1 : Box-Whisker plots showing variation for days to 50% silking, KMC1 (%), KMC2 (%), KMC3 (%), KDR1 (%)
and KDR2 (%) within and across locations.
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Fig. 2 : Scree plot representing per cent variance explained by
Principal components (PCs).

contributors to the total genetic variability. The PC2
vector captured 19.9 per cent of variation with days
to 50 per cent flowering and KDR1 (%) being the
major negative contributors, while the traits KMC2
and KMC3 contributed positively in relatively lesser
magnitude. The PC3 captured 18.93 per cent of
variation with KDR2 (%) being a major positive
contributor.

It can be seen that the factor loading values for each
trait are comparable in their contribution to genetic
diversity in either positive or negative direction. The
PCA clearly explained that some of the studied
genotypes were diverse from others while many are
similar and positioned near to each other on the biplot
(Fig. 3). So, PCA can be used for grouping of

PCA, - Biplot

PCE (19404

P (81.6%)

Fig. 3 : Biplot among first two Principal components (PCs)
representing relative position of genotypes
and factors loadings

TABLE 3

Eigenvalues, per cent variance explained and factor
loading values of six quantitative traits

Parameters PC1 PC2 PC3
Eigen Values 2.49 1.19 1.13
Variance explained (%) 41.58 19.88 18.93
Cumulative variance 41.58 61.47 8043
explained (%)

Days to 50% silking 0.18  -0.57 0.25
KMCI (%) 0.56 -0.08 0.18
KMC2 (%) 0.58 0.15 0.14
KMC3 (%) 0.54 0.15  -0.27
KDRI1 (%) 0.02 -0.77 -0.12
KDR2 (%) -0.09 0.09 0.88

genotypes and the major contributing principal
component (PC) scores for genotypes can be used as
input variables for the clustering process (Mengistu,
2021).

To group the genotypes based on their similarity and
dissimilarity, k~~-means clustering was carried out. The
optimum number of clusters considered was five as
beyond that there was no significant increase in
between sum of squares/total sum of squares ratio.
The distribution of 320 inbred lines into five clusters
is represented in the PCA plot (Fig. 4).

Indriduals - PCA,

PL2 (109

PCH{41.5%)

Fig. 4 : PCA plot representing five clusters derived using
k-means clustering

To examine the significant differences between the
clusters one-way analysis of variance was carried out
and the results are presented in Table 4. The
significance of mean sum of squares for between
clusters indicated that each cluster members
performed differently for all the traits studied. The
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TABLE 4

Analysis of variance for different traits between the clusters

Days to 50 %

Source of variation df silking KMC 1 (%) KMC 2 (%) KMC 3 (%) KDRI1 (%) KDR2 (%)
Between clusters 4 135.87 *** 245.48 *** 218.55 *** 290.72 *** 0.69 * 0.03 ***
Within clusters 315 3.50 2.30 1.36 2.33 0.01 0.01

df- degrees of freedom, *** Significant at P=0.001; * Significant at P=0.05
TABLE 5 drying ones (0.69%) with relatively high KMC at 57

Intra and inter cluster distances among the five
clusters obtained through k-means

Clusters I II 11 v v
I 0
II 6.50 0
111 7.66 6.60 0
v 6.03 9.06 6.79 0
A% 7.01 11.10 11.55 7.10 0

intra and inter-cluster distances are represented in
Table 5.

The number of genotypes within each cluster, cluster
means and mean comparison between clusters for each
trait are represented in Table 6. The inter-cluster
distance was maximum between clusters II, III with
cluster V indicating the higher genetic distance
between them followed by cluster I and III. The
members belonging to cluster II and III differed in
their KMC and KDR at different intervals in
comparison to cluster V. members. The members
belonging to cluster [ were faster drying with average
drying rate of 0.82% with low KMC (27.49%), while
the members belonging to cluster 1l are the slower

DAS (30.45%).

It is observed that the genotypes belonging to cluster
I had relatively low kernel moisture content at 57 DAS
(27.49%) and have a high average rapid drying rate
of 0.82% between 40 DAS to 57 DAS followed by
cluster I with an average drying rate of 0.78 per cent
compared to other clusters. These genotypes have the
potential usage in breeding maize cultivars harbouring
rapid drying ability.

To promote mechanical harvesting with minimum
kernel breakage there was a requirement of inbred
lines with minimum KMC at harvest and rapid KDR.
Hence, 320 inbred lines were evaluated for traits
implicated in rapid dry down. The performance of
genotypes studied for KMC and KDR was
significantly different and was found to be highly
influenced by the environment. The diversity among
the genotypes was evident through PCA and k-means
clustering approaches. The traits, KMC and KDR
contributed significantly to the total variation. It is
evident from the cluster analysis that the genotypes
belonging to cluster I have high KDR and can be
exploited for rapid dry down breeding in maize.

TABLE 6

Number of genotypes in a cluster, cluster means and mean comparison for the different traits

Cluster No. of Days to 50 % KMC 1 KMC 2 (%) KMC 3 KDRI1 KDR2
entries silking (%) (%) (%) (%)
I 37 60.54 a 4047 a 3471 a 27.49 a 0.93 a 0.70 a
II 87 61.15 ab 4353 b 3732 b 3040 b 0.90 a 0.67 ab
I 100 58.73 b 4245 ¢ 37410 3045 b 0.71 b 0.68 b
v 39 5717 ¢ 39.93d 3454 ¢ 2741 ¢ 0.69 ¢ 0.73 b
v 57 59.81d 45.52d 39.80 ¢ 3345 ¢ 0.78 ¢ 0.67 b
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