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Abstract

Cluster analysis is a type of exploratory analysis that is used for
classifying unknown individuals into groups of members that share
certain similarity. Grouping breeding materials into different clusters
based on their performances under a given condition allows plant
breeders to select breeding lines more efficiently. This study aimed to
group breeding materials based on their performance under water
stress conditions using cluster analysis. The experiment was
conducted in RCB design with 3 blocks. Fifty maize inbred lines were
grown and exposed to water stress conditions. Twenty-four
phenotypic traits were collected and some of them were subjected to
cluster analysis. The Partitioning Around Medoid algorithm was used
to cluster 50 inbred lines from chosen phenotypes. Cluster validation
was then carried out in a subsequent experiment by testing the
statistically significant differences between chosen inbred lines and
tolerant and susceptible clusters. According to the analysis, 4 clusters
with different numbers of inbred lines were obtained. Lines in cluster
no. 3 showed the most tolerance compared with the other clusters. In
contrast, individuals in cluster no. 1 were the most susceptible. The
results of cluster validation in another year also supported this cluster
result. Therefore, we concluded that the clustering method was an
efficient way to differentiate tolerant and susceptible inbred lines.
Furthermore, the results suggested that plant height, tassel size,
spikelet density, days to silking, and anthesis-silking interval were
secondary traits that could be used in selection for drought tolerance
in maize.
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1. Introduction

Developing drought tolerant maize varieties is one method to mitigate yield losses caused by water
stress-inducing phenomena such as rain delay and unexpected low amount of rainfall during the
crop seasons. One important plant breeding process is the identification and grouping of breeding
materials into different groups based on either similarity of performance or genetics. This assists
plant breeders to efficiently choose breeding lines. However, grouping breeding materials using
molecular markers may not provide information about plant adaptivity, especially in the case of
breeding drought tolerant plants since drought tolerance is an adaptive trait that involves response
to specific environment conditions and magnitude of abiotic stress. It is worthy of note that plant
developmental and growth stage, percentage of field capacity and stress duration are the major
factors that cause different degrees of damage in maize plants [1, 2].

Cluster analysis is one type of exploratory analysis and is based on a dimensionality
reduction technique that reduces the multidimensional space of a dataset into two-dimensional (2D)
spaces. It is used for classifying unknown individuals into groups based on their similarities. Cluster
analysis usually uses unsupervised machine learning algorithms. This means that no historical
record or background information is required for this method. The role of cluster analysis is to split
set of unknown individuals into numbers of group (k). One of the popular algorithms for clustering
a biological dataset is Partitioning Around Medoid (PAM) [3]. The advantage of PAM over other
clustering algorithms is that PAM algorithm is appropriate for any dataset with high correlation such
as biological dataset and no minimum number of individuals is required, except & has to be lower
than the numbers of individuals [3]. Machine learning with PAM algorithm finds the medoids within
each k cluster instead of centroids, which are commonly used in other algorithms. Medoid is less
sensitive to outliers that may naturally exist in a biological dataset. A method is a central point of
each k group [4]. With PAM algorithm, dissimilarity distance among individuals can be estimated
from either Pearson, Spearman or Kendall correlation coefficients and this allows the space between
individuals to be specified. Individuals with high similarity can be grouped into the same cluster
whereas individuals from different clusters show high values of dissimilarity distance. As described,
it seems that this method can be helpful for plant breeders who need to investigate whether
variability is existing in their collections. Cluster analysis was used for the purpose of plant
accession classification [5-7] but became less popular after the beginning of genomics era. However,
it has been rising in popularity again with advances in computational science and bioinformatics. In
the present study, in order to gain the hidden information from collected phenotypic traits that plants
explicitly possess under the environment of interest, this study used phenotypic traits which were
typically recorded under water stress in order to group our breeding materials into clusters based on
their adaptiveness to water stress.

2. Materials and Methods

2.1 Experimental design

Fifty maize inbred lines obtained from National Corn and Sorghum Research Center, and Nakhon
Sawan Field Crop Research Center, Thailand were investigated under water stress conditions. The
experiment was conducted in a controllable environment using a randomized complete block
design with 3 blocks. Each block was carried out on different planting dates during 2019-2020.
Fifty maize inbred lines were planted in 2: 1 ratio of soil and organic matter as a planting material,
and they were contained in 450 planting bags (50 lines* 3 blocks* 3 plants/plot). All maize plants
were grown following standard practices until harvesting.
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In order to investigate the performance of each maize inbred line with some of their yield
components, only a moderate degree of water stress was determined (growth stage before flowering
time, low level of soil moisture and short period of water stress) for testing their performance of
these 50 inbred lines. To do so, once maize plants were at the Vs growth stage, water- withdrawal
was started and continued until low soil moisture scale was observed. Next, a limited amount of
water was given to the maize plants for 3 consecutive days. During this period, the majority of the
maize plants were at the Vs growth stage. Subsequently, watering was resumed and continued until
harvesting.

2.2 Trait phenotyping and their correlation

Twenty-four phenotypic traits were collected after maize plants had experienced water stress during
Vs-Vs growth stage. Those 24 traits were plant height at Vt stage (PH), leaf rolling in the midst of
water stress period (LR), tassel size (TS), spikelet density (SPD), 50% days to silking (SD), 50%
days to anthesis (AD), anthesis and silking interval (ASI), normalized difference vegetation index
(NDVI) at V7, Vo, Vi growth stage (represented as V7, V9 and V10 respectively), leaf greenness
(SPAD), chlorophyll content (CHL), percentage of leaf greenness at 30, 40 and 50 days after
flowering (shown as p30, p40 and p50, respectively), number of top ears (nTop), number of total
ears (nAll), total fresh weight of unhusked ears (FW) and husked ears (FWhusked), fresh weight of
unhusked top ears (FWT) and husked top ears (FWThusked), kernel number of top ears (nKerT),
kernel weight of top ears (KWt) and hundred-kernel weight of top ears (hunKWt).

Pearson correlation coefficients among all 24 traits were estimated via R version 3.6.3. In
this study, the yield components, e. g., FW, FWhusked, FWT and FWThusked were considered as
the primary traits. Therefore, only secondary traits that showed statistically significant relationships
with these 4 primary traits were chosen and subjected to cluster analysis.

2.3 Cluster analysis and validation

The Partitioning Around Medoid (PAM) method was implementing for clustering all 50 inbred lines
from the chosen phenotypes. Data standardization was first carried out to scale those chosen
phenotypic traits. Subsequently, a correlation-based dissimilarity matrix was built from package
‘factoextra’ [8] in the R statistical program, version 3.6.3 [9] and & clusters were determined using
30 indices, which was run in a package ‘NbClust’ [ 10]. After that, all 3 components, e.g., the
dissimilarity matrix, k cluster and chosen phenotypic traits in a scaled unit were used to cluster 50
inbred lines with package ‘ggplot2’ [11] and ‘cluster’ [12]. Moreover, each cluster result was
checked for quality by estimating Average Silhouette width. In addition, the least square means for
the chosen phenotypic traits of each resulting cluster were statistically compared and observed for
intra-variation within each cluster.

Then, only eight inbred lines from tolerant and susceptible clusters were randomly chosen

for validating clusters under water stress in the year 2021. Those lines were Ki58, Nei462013,
Neid492006, Nei492024, Neid52006, Ki59, Keil509 and Keil1421, in which the first 4 inbred lines
were from tolerant clusters whereas the latter 4 lines were from susceptible ones. These 8 inbred
lines were grown and treated by the same procedure as described above. At the harvest, only 4 yield
components were collected and analyzed in test of a significance and post-hoc analysis.
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3. Results and Discussion
3.1 Phenotypic correlation

Pearson correlation coefficients among 24 phenotypic traits were computed and tested for a
significance of 0.05 and the results are shown in Table 1. The result revealed that PH, V9 and V10
showed significant positive correlation (r = 0.29 to 0.59, P<0.05) with the 4 main traits of yield
components whereas SD and ASI had a negative relationship with those traits (r = -0.30 to -0.46,
P<0.05). Only traits with significant correlation in both positive and negative coefficients were
further used to develop a correlation-based dissimilarity matrix for cluster analysis. Therefore, 9 out
of 24 phenotypic traits, e.g., plant height at V1 stage (PH), 50% days to silking (SD), anthesis and
silking interval (ASI), normalized difference vegetation index at Vo (V9), normalized difference

vegetation index at V10 (V10), total fresh weight of unhusked ears (FW), total fresh weight of husked
ears (FWhusked), fresh weight of unhusked top ears (FWT) and fresh weight of husked top ears
(FWThusked) were chosen for that purpose.

3.2 Cluster analysis

All chosen 9 traits as described above were scaled before building a dissimilarity matrix among 50
maize inbred lines and illustrated via a heat map (Figure 1). As seen in Figure 1, different shades of
colors between pairs of inbred line represented different degrees of dissimilarity in which maximum
degree was 8 (dark blue) and the minimum was 0 (red). Thirty indices that were available in function
‘nbclust()’ in package ‘factoextra’ were used for k determination with the majority rule. It was found
that 16 out of 30 indices suggested k = 4 for the cluster analysis. D-index was one of the 16 indices
that suggested & = 4 as illustrated in Figure 2. Many clustering algorithms have been reported for
indicating the numbers of clusters. It was difficult to decide the best algorithm for each dataset.
Once Package ‘Nbclust’ provided 30 indices for this purpose, and it helped us to decide the
appropriate number. According to the majority rule, £ =4 was therefore chosen for the further steps.
In general, all indices for k determination share the same goal which is to minimize intra-variation
within a cluster and maximize inter-variation between clusters [13, 14].

After reducing the dimensions of this dataset into 2 dimensions that could be used to
investigate the hidden groups among 50 inbred lines, two-dimensional scores plot were obtained
from the PAM algorithm. Under water stress conditions, the total phenotypic variation among 50
inbred lines from 9 correlated traits explained in this 2D plot was accounted for 67.7% (Figure 3).
According to the 2D plot, different numbers of inbred lines were automatically classified in each
cluster based on their dissimilarities. Cluster no. 3 consisted of 17 inbred lines was followed by
cluster no. 4 (16 lines) whereas only 8 inbred lines were grouped in cluster 1 (the smallest cluster)
and the rest were in cluster no. 2. Apparently, cluster no. 3 lay further away from the plot origin.
This suggested that its 16 inbred lines probably performed differently from the inbred lines in other
clusters.

The main advantage of clustering inbred lines based on their phenotypic performance is
that the process makes it possible to observe phenotypic plasticity [15] in a specific condition of
environments, especially abiotic stresses. The effect of QTL-by-environment interaction can change
the magnitude of genetic force and influence plasticity [16]. Therefore, using cluster analysis based
on integrated multi-phenotypic traits in this study may reflect the true performance of plants better
than using molecular markers.

In order to designate the comparative degree of drought tolerance for these 4 clusters, the
least square (LS) mean of all 24 traits was used to statistically compare clusters at a significance
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Table 1 List of maize inbred lines in each cluster with relative tolerance degree

Cluster Comparative

Inbred lines
degree

1 Susceptible DTMA192 Ki53 Nei452008(TF1) Nei542010 Keil421 Keil509 KiS9 Neid52006

2 Intermediate DTMA193 Nei412019 Nei452013 Nei452029 Nei502007 Nei532003 Nei532005
Nei582016 Nei9008

3 Tolerant DTMA202 Keil420 Keil508 Keil608 Keil715 Kill Ki47 Kid48 Neid52004
Neid52015(TF3) Nei452026 Nei582046 Nei9202(T) Nei462013 Nei492006
Neid92024 Kis8

4 Intermediate Keil519 Keil533 Keil615 Keil618 Keil719 Ki3 Ki45 Ki60 Neid22006
Neid22007 Neid52009 Neid92022 Nei502002 Nei512008 Nei512013 Nei541017

Note: underlined inbred lines were chosen for cluster validation
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Figure 1. A heat map for MDS-obtained dissimilarity matrix among 50 inbred lines corresponding
to 9 chosen traits, e.g., plant height at Vr stage, 50% days to silking, anthesis and silking interval,
normalized difference vegetation index at Vo and V1o, total fresh weight of unhusked ears, total
fresh weight of husked ears, fresh weight of unhusked top ears and fresh weight of husked top ears
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Figure 3. 2D score plots for 50 maize inbred lines under water stress conditions

level of 0.05. According to the LS mean comparison (data not shown), only 11 out of 24 traits,
including primary and secondary traits were found to have statistically significant differences among
the 4 clusters. Those traits were PH, TS, SPD, SD, ASI, FW, FWThusked, FWT, FWhusked, KWt
and hunKWt. The first 5 phenotypic data were secondary traits and the latter ones were primary
traits. Only 2 secondary traits, TS and ASI, were found in the index list of the International Maize

and Wheat Improvement Center (CIMMYT) for drought maize breeding program [17]. Lower
numbers of tassel size (TS) and anthesis-silking interval (ASI) were desirable for drought tolerance.
Strong genetic correlation between ASI and grain yield was previously reported for maize [18].
Therefore, ASI is always used in the indirect selection for drought tolerance in maize. In addition to
its role in phenotypic selection, ASI is one of the agronomic traits that is often included and used
for predicting genomic estimating breeding value (GEBV) in the genomic selection approach [19-
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21]. Furthermore, TS and SPD reflect the responses of male reproductive organs under drought
stress. Recently, differential gene expression in young tassel samples was monitored and reported
[22]. They found that genes regulating the metabolic pathways of carbohydrate and lipid
metabolisms in tassel tissue were down-regulated under water stress and caused male infertility and
immature tassels. For our study, we hereby reported that PH, TS, SPD, SD and ASI were effective
secondary traits for use in selection for drought tolerance.

The comparative tolerance degree was designated as Tolerant, Intermediate and
Susceptible for each cluster in this study (Table 1). Subsequently, the 8 inbred lines underlined in
Table 1 of tolerant and susceptible comparative degree were randomly chosen and tested in year
2021. Similar work was done with maize roots, where PAM clustering was used with multiple
phenotypes including aerenchyma content, cortical cells, cortical cell files, hydraulic conductance,
metaxylem vessels and so on. The results showed 5 clusters of maize root phenotypes with
contrasting performance under water stress. Some of those phenotypic traits have been suggested
as breeding ideotypes [23].

3.3 Cluster validation

Four yield components, FW, FWThusked, KWt and hunKWt, were collected from 4 inbred lines of
tolerant cluster (cluster no. 3) and susceptible cluster (cluster no. 1), each which had been grown
under water stress conditions in another year as previous described. Figure 4 shows the strong
significant differences between tolerant and susceptible clusters (P<0.01) for all pairs of phenotypic
traits. This bar plot clearly indicates that the clustering method with k£ = 4 we used in this present
study was an effective and helpful way to differentiate inbred lines based on their adaptive
performances into different groups. This method enabled us to select the superior parental lines for
further uses.
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Figure 4. Mean comparison with standard error between tolerant and susceptible clusters for field
weight (FW), husked top ear (FWThusked), kernel weight (KWt) and hundred-kernel weight
(hunKWt). Means with asterisks show statistically significant difference at 1% level of each trait
between 2 clusters.
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4. Conclusions

In order to differentiate material collection from performance under the environment of interest,
cluster analysis is another tool that can be used to explore the hidden patterns and enables the
grouping of individual lines based on their dissimilarity. Grouping individuals using multivariate
data and the subsequent display of their distances on a 2D score plot is quite helpful for breeding
work when the history record is unknown. In this current study, we proved that the clustering method
was effective to differentiate tolerant and susceptible inbred lines. Furthermore, we then suggested
that plant height (PH), tassel size (TS), spikelet density (SPD), days to silking (SD), and anthesis-
silking interval (ASI) were effective as a secondary trait for use in selection for drought tolerance.
According to the information we obtained in this study, 17 potential inbred lines from tolerant
clusters were listed and are considered as good candidate for future works. The work has enabled
us to select superior inbred lines for developing biparental populations between tolerant and
susceptible lines. In addition, the other inbred lines designated as the intermediate cluster should
also be further investigated at the molecular level as some of them may prove to be of use.
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