
 Volume  Issue 1

D-5896
[1-8]

 RESEARCH ARTICLE             Agricultural Science Digest, Volume Issue : ()

Assessing Genetic Relationships, Trait Associations and
Diversity Patterns in Sorghum Germplasm Through Correlation,
Cluster and Principal Component Analysis
Neladri Sekhar Sarkar1, T. Kalaimagal1, D. Kavithamani1, R. Chandirakala1,
S. Manonmani1, M. Raveendran2, A. Senthil3                                10.18805/ag.D-5896

ABSTRACT
Background: The loss of biodiversity has a significant impact on the fundamental services provided by ecosystems to humanity,
including plant development and genetic improvement. Germplasm serves as the foundational material for identifying genetic variations.
In this context, the examination of sorghum germplasm diversity has been conducted.
Methods: The study involved 86 different sorghum germplasm samples that were assessed alongside three control groups, each
replicated three times, during the Rabi season of 2021. This evaluation was conducted using augmented block design I (ABD I) at the
Department of Millets, Tamil Nadu Agricultural University in Coimbatore.
Result: The results of the Pearson correlation analysis revealed significant relationships notably, traits such as plant height, number
of leaves, panicle length, panicle width, panicle weight, hundred seed weight and dry fodder yield exhibited positive and significant
correlations with grain yield per plant. Cluster analysis identified four distinct groupings among the 86 accessions, with clusters 1 and
4 displaying the greatest diversity. Principal component analysis indicated that PC1 accounted for the largest variability. The genotypes
were identified through PCA analysis is having greater variation and better performance. The findings of this study suggest that the
identified sorghum genotypes could serve as valuable genetic resources for enhancing sorghum productivity in dry and semi-arid
regions, particularly in the face of unpredictable climate change.
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INTRODUCTION
Sorghum bicolor,  commonly referred to as sorghum, is
cultivated for its grain. This versatile crop serves various
purposes, including human consumption as food, animal
feed and the production of ethanol. It is also known by other
names such as great millet, broomcorn, guinea corn, durra,
jowar. The semi-arid regions of Africa and Asia heavily rely
on sorghum, a crucial staple food crop that provides
sustenance for millions. As the fifth most significant millet
crop globally its cultivated in approximately 100 countries
underscoring its importance for communities throughout the
world (Hariprasanna and Patil, 2015). One of the reasons
for its importance lies in its suitability for low-input cultivation
and its adaptability to diverse environmental conditions.
Being a diploid (2n=20), short-day C4 plant, sorghum
exhibits a higher photosynthetic rate and robust resistance
to abiotic stresses (Nagy et al., 1995). Its versatility is evident
as it serves various purposes, such as fiber, food, fodder
and fuel. The grain portion is utilized for animal and poultry
feed, while rural communities rely on it as fodder for livestock
and the grains themselves are a staple dietary component.
Sorghum exhibits remarkable adaptability to a wide range
of environments and demonstrates a high yield of dry fodder,
making it a promising resource for supplementing fodder
availability. Cultivated sorghum varieties vary in height,
ranging from 0.5 meters to 4.6 meters. These varieties have
been categorized into five races, namely Caudatum, Durra,

Kafir, Bicolor and Guinea, primarily based on morphological
traits such as glume, grain and panicle characteristics
(Harlan and de Wet, 1972). India and Africa collectively
account for approximately 70% of the global sorghum
cultivation. Notable sorghum-producing countries include the
USA, Mexico, Sudan, Ethiopia and Nigeria (Kumar et al.,
2011).

Germplasm is the base material for finding any genetic
variability. It is defined as a gene pool of the species including
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land races, good cultivars, advanced breeding lines and
weedy relatives (Upadhyaya et al., 2010). Sorghum has
been cultivated in India for many generations because of
that India is home to a diverse array of sorghum varieties.
This diversity gives valuable resource to plant breeder for
developing new and improved varieties of sorghum that
can be used all over the world. India is considered as a
secondary centre of origin as it having vast diversity of
Sorghum (Vavilov, 1951). It has a rich genetic diversity for
this it is a valuable source of resistance genes and desired
traits. Perhaps this diversity can be used to produce
varieties high yield, good grain quality, disease resistance
and adaptation to environmental stresses. A variability
study is very crucial to understand the phenotypic and
genotypic diversity in a population of sorghum accessions,
the most efficient multivariate analyses to assess trait
interaction and genotype performance are correlation, PCA
biplot and clustering, which are also widely used to analyse
the relationship between traits in various agricultural plants.
With the help of association study it’s possible to identify
the relationships of the traits and genetic marker in the
population.

MATERIALS AND METHODS
The experimental material consists of 86 sorghum
germplasm accessions (Table 1). The accessions were
evaluated with three checks with three replications along
during Rabi-Summer 2021-2022 in Augmented block design I
(ABD I) at Department of Millets, Tamil Nadu Agricultural
University, Coimbatore. Each line was sown in 4 meter length
with 45 cm.  15 cm. spacing in two rows. All the data were
taken based on descriptor guidelines. Observations were
taken on five randomly selected plants of each genotype
for quantitative parameters for the two seasons. Then the
means were adjusted.

The degree of association of the studied traits was
determined by correlation coefficients among them. The
correlation coefficient matrix were visualized using the
packages “factoextra”, “Performance Analytics”  and
“psych”. The hierarchical cluster algorithm was used to
group related genotypes into groups.  Although the
germplasm inside the extracted clusters was generally
comparable to one another, the extracted clusters are
unique from one another. The packages were adapted to
the library are “dendextend”, “circlize”, “factoextra” and
“cluster” to generate robust hierarchial clustering was done
using the  RStudio (v 4.1.1). To correlate the standardised
morphological characteristic, principal component analysis
(PCA) was utilised recommended by Sneath and Sokal
(1973). The dataset’s dimensionality was decreased using
PCA without sacrific ing valuable information. Latent
vectors, eigenvalues and PCA-biplot are extracted from
the PCA using the software packages “ggplot2”, “factoextra”
and “FactoMineR” in RStudio v 4.1.1 by (Wickham, 2016
and Le et al., 2008).

RESULTS AND DISCUSSION
Correlation analysis
To gain fresh insights into our dataset, we employed scatter
plots and histograms to examine the variables. This analysis
led to two important findings. Firstly, we observed a
significant overlap between our data groups. Secondly, each
variable displayed remarkably similar growth patterns
overall. To further explore the relationships between these
characteristics, we now intend to utilize Pearson correlation
analysis. By employing this method, we aim to acquire
comprehensive information about the degree of
interdependence among the traits, potentially uncovering
novel connections that can enhance scientific knowledge.
The obtained correlation coefficients from this analysis
measure the extent of association between the traits. Notably
Fig 1 illustrates the outcomes of the Pearson correlation
analysis, which indicate a substantial relationship among
the observed traits. Specifically, plant height (PH), number
of leaves (NOL), panicle length (PL), panicle width (PW),
panicle weight (PWt.), hundred seed weight (HSW) and dry
fodder yield (DFY) exhibit a positive and significant
correlation with grain yield per plant. The connection
between panicle width and The characters plant height
showing r=0.23, number of leaves showing r= 0.31, panicle
length showing r=0.57, panicle width showing  r= 0.45,
panicle weight showing r=0.30, hundred seed weight
showing r=0.38 and dry fodder yield showing r=0.85 with
the grain yield per plant(GYPP). It is evident from these
discoveries that there is a correlation between grain yield
and the aforementioned traits. Selecting for any of these
traits that contribute to grain production will lead to an
increase in all other traits. Mathivathana et al., (2015),
Chalachew and Rebuma (2018), Ashik et al., (2023) and
Mulualem et al. (2018) had shown similar results with grain
yield per plant.

Cluster analysis
Hierarchical clustering dendrogram is a type of unsupervised
learning algorithm that groups similar objects into clusters.
The dendrogram can be a useful visualization tool to
understand the structure of the data and to identify natural
groupings among the observations. Here in this study total
four clusters were formed by the 86 germplasm (Fig 2).
Cluster I and Cluster IV led the maximum number of
germplasm having 63 and 9 genotypes. Cluster II and
Cluster III possessed the lowest number of germplasm
having 6 and 8 genotypes each cluster (Table 2).

The mean values of four groups of 86 genotypes were
calculated and the cluster means were presented (Table 3).
Cluster 2 exhibited the maximum mean for days to maturity
(DM), days to fifty percent flowering (DFF) and flag leaf length
(FLL), while cluster 3 showcased the highest mean for the
number of leaves (NOL), plant height (PH) and panicle
length(PL). Moreover, cluster 4 demonstrated the maximum
mean for stem girth (SG),  panicle weight (PWt), dry fodder
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Table 2: Clustering of germplasm lines.

Clusters
No. of

accessions
Accessions

Cluster I 63 IS 10370, SPV 615, YT 82164, IS 4646, MR 32B, AS 3890, B 35, CSV 4, RS 1804, A 6460, SB 79B,
ISVAT 1016, AS 3863, IL 231, MR 8, A 3895, ICSV 166, SB 103, MR 119, A 404, IL 497, ICSB 29, MS
8901, IS 3962, IS 20575, IL 1136, AS 209, CSV 20, AS 3749, ICSV 137, AS 3883, E 16, AS 2157, E
3, SPV 386, A 3822, PM 7439, DM 153, DKV 3, ICSB 23, AS 2578, SAR 17.00, A 524, AS 2487, IL
594, MR 115, IL 528, IL 406, MR 76, ICSV 241, SAR 34.00, IL 98, AS 687, MR 47 , IS 18323, PC  53,
IS 19539,  IS 9283, IS 9652, COS 28, TNS 599, IL 4664 and AS 219

Cluster II 6 ICSPIR MER, ICSB 42, ICSV 61, MR 87, ICSPIR 132 and ICSV 202
Cluster III 8 IL 268, M106, M 35544, MR 119C, ICSB 31, AS 2586, MR 852 and AS 3816
Cluster IV 9 ICSP 28 MFR, MR 22/1, M 26405, MR 99, MR 77, AS 512, A 6072, ICSV 209  and E 19

Table 1: The list of 86 sorghum germplasm.

                                           Entries

IS 9652 IL 1136 ICSB 23 AS 2578 CSV 4
IS 4646 M 1061 ICSV 61 AS 2586 PC 53
COS 28 M 26405 ICSV 209 AS 3749 SAR 17.00
B 35 M 35544 ICSV 137  AS 3863 RS 1804
TNS 599 MR 8 DM 153 AS 2157 AS 3890
IL 4664 MR 22/1 ISVAT 1016 AS 2487 AS 687
IS 18323 MR 77 E 16 AS 209            
MS 8901 MR 87 E 19 AS 219
IS 20575 MR 99 CSV 20 AS 512
MR 76 MR 119 A 6460 SAR 34.00
IS 3962 ICSPIR MER E 3 IS 9283
MR 115 ICSP 28 MFR A 524 A 6072
IS 19539 ICS PIR 132 A 3822 ICSV 166
IL 98 ICSB 29 A 3895 SPV 386
IL 231 ICSB 31 MR 119C SPV 615
IL 268 ICSB 42 MR 852 SB 79B
IL 406 ICSV 202 A 404 SB 103
IL 497 ICSV 241 IS 10370 YT 82164
IL 528 MR 32 B AS 3883 PM 7439
IL 594 MR 47 AS 3816 DKV 3

Fig 1: Scatter Plot, frequesncy distribution and correlation analysis of the 86 genotypes on the basis of agromorphological traits.
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yield (DFY), grain yield per plant (GYPP), flag leaf width
(FLW), panicle width (PW) and hundred seed weight (HSW).
Hence, the genotypes linked with these clusters can be
utilized as parental in a breeding plan (Navya et al., 2021).

Principal component analysis (PCA)
A multivariate statistical approach known as PCA is used to
examine and deconstruct complicated and sizable datasets.
Using PCA, the genetic diversity of the sorghum genotypes
and their relationship to the observed attributes were
assessed based on the correlation between the traits and
the pattern of variation in the genotypes.

Scree plots are straightforward line segment plots that
display the percentage of overall variance in the data (Fig 3).
The correlation matrix’s eigenvalues are plotted in descending
order of magnitude. In order to deal with fewer components,
removing components having an eigenvalue of <1as
recommended by Brejda et al. (2000) data with Eigen values
greater than 1 were taken into account for each component.
It was stated that PCA highlights the what is significance of
the main source of variation at each differentiation axis. PCA
condenses a big set of variables into smaller sets of
components that summarise the correlations. The first five
eigenvalues of the PCA scree plot correspond to the entire
proportion of the variance in the dataset.

Thirteen principle components (PCs) in all were found,
although only five of these were deemed significant by
having eigenvalues greater than 1 (Table 4). The remaining
non-significant PCs (eigenvalue 1) weren’t interesting
enough to warrant additional analysis. These five PCs were
responsible for 68.743% of the variation in the sorghum
germplasm measured for various morphological features.
These results were consistent with those from Nachimuthu
et al. (2014). However, only 31.256% of the overall
morphophysiological diversity for this collection of sorghum
germplasm was provided by the remaining 8 components.
Also, the main component analysis demonstrated that a
limited number of characteristics cannot fully account for
the heterogeneity in germplasm accessions.

The first five PCs were significant in the overall variability
of many agromorphological parameters in sorghum,
according to Ayana and Bekele (1999) and Fathima et al.,
(2023). The most crucial characteristics for grain sorghum’s
ability to withstand drought, however, were discovered to
be head width, head weight, grain production per plant, fresh
shoot weight and dry shoot weight (Ali et al., 2011). The use
of principal component analysis (PCA) to analyze data from
multiple genotypes has proven useful in identifying those
with the most desirable traits for breeding programs. Chikuta
et al. (2015) analyzed 25 forage and 45 grain sorghum

Table 3: Cluster mean of all 86 germplasm.

Cluster DFF PH NOL SD FLL FLW PL PW PWt DM HSW DFY GYPP

Cluster 1 52.317 117.828 8.714 2.502 51.079 5.734 18.230 9.573 41.479 94.349 3.136 78.115 49.435
Cluster 2 65.333 112.722 8.833 2.387 57.417 6.412 17.633 9.850 54.383 140.667 2.995 86.750 52.692
Cluster 3 54.375 154.291 11.250 2.635 49.875 5.881 20.950 10.380 51.318 96.875 3.471 91.713 60.708
Cluster 4 59.222 119.407 9.222 2.800 56.278 6.467 26.699 10.366 61.194 93.889 4.226 111.499 75.166

Fig 2: Clustering depicting genetic relationship among  sorghum germplasm.
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genotypes and found that the first four main components with
eigenvalues greater than one accounted for the highest
variation in the traits studied. Similarly, Abraha et al. (2015)
found that the first four main components accounted for over
75% of the variation in grain yield, biomass, stay-green, leaf
area, peduncle exertion, days to flowering and maturity. These
findings suggest that PCA can be an effective tool in identifying
genotypes with desirable traits for breeding programs.

From Table 4 it was found that the PC I had the greatest
impact on variability (25.56%), followed by the PC II
(13.602%), PC III (11.889%), PC IV (9.321%) and PC V
(8.361%). Selecting qualities that can be divided into primary
groups and subgroups based on homogeneity and
dissimilarity can be done using a PCA biplot analysis. In
order to maximise the diversity in the data, principal

component analysis attempts to resolve the complete
variation of a set of qualities into linear, independent
composite traits (Johnson, 2012). The PCA biplot that took
into account PC1 and PC2 at the same time, five groups of
attributes were found in our data set. PCA biplot showed
the PC1 exhibited about 25% of the total variability and
explained principally by panicle length, panicle width, panicle
weight, dry fodder yield, single plant yield. The second
principal component accounted for about 13% and explained
principally by days to fifty percent flowering, number of
leaves, days to maturity. The third principal components
explained about 11% of total variability and are contributed
by hundred seed weight, plant height, stem girth and flag
leaf length. The fourth principal component accounted for
9% and loaded partially on stem girth, flag leaf width and

Assessing Genetic Relationships, Trait Associations and Diversity Patterns in Sorghum Germplasm Through Correlation, Cluster...

Fig 3: Scree plot for the principal components.
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Table 4: Plant characteristic extracted eigenvalues and latent vectors connected to the first five main components.

Principal components
Variables PC 1 PC 2 PC 3 PC 4 PC 5

Eigenvalue 3.3239 1.7684 1.5457 1.2117 1.0870
Variance per cent 25.5686 13.6028 11.8899 9.3211 8.3614
Cumulative variance per cent 25.5686 39.1714 51.0612 60.3824 68.7437
Traits Latent vectors
Days to fifty per cent flowering(DFF) 0.362 0.597 -0.260 0.214 0.335
Plant height (PH) 0.404 -0.413 0.499 0.162 0.442
Number of leaves (NOL) 0.384 -0.534 0.354 0.429 0.240
Stem girth (SG) 0.274 0.215 0.491 -0.513 0.190
Flag leaf length (FLL) 0.126 0.435 0.496 -0.055 -0.223
Flag leaf width (FLW) 0.249 0.271 0.163 0.454 -0.414
Panicle length (PL) 0.701 0.054 0.159 -0.150 -0.367
Panicle width (PW) 0.527 -0.202 -0.355 -0.015 0.180
Panicle weight (PWt.) 0.575 0.368 0.226 -0.345 0.215
Days to maturity (DM) 0.166 0.648 -0.127 0.447 0.326
Hundred seed weight (HSW) 0.373 -0.099 -0.554 -0.364 0.182
Dry fodder yield (DFY) 0.839 -0.120 -0.170 0.095 -0.277
Single plant yield (SPY) 0.872 -0.158 -0.189 0.023 -0.188
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flag leaf width and the fifth principal components account
for around 8% mainly through plant height and flag leaf width.

Accessions are dispersed extensively over each
quadrant (Fig 4). In this data set, in our PCA biplot 3 groups
of traits were identified considering both PC1 and PC2 (Fig 5).
Days to fifty per cent flowering, flag leaf length, panicle
weight, flag leaf width, stem girth, days to maturity clustered

in group I. Then panicle length, hundred seed weight, Dry
fodder yield, single plant yield, panicle width were brought
under the group II and plant height and number of leaves
fell in group II.  Interestingly through the PCA biplot it was
revealed that the group I traits contributors to the PC2
significantly correlated with the genotypes of cluster I, II and
IV. Whereas the genotypes of clusters I, III and IV were
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Fig 4: Biplot showing distribution of 86 sorghum germplasm.
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Fig 5: Biplot of sorghum genotypes based on quantitative traits.
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linked to the features of group II that was also a contributor
to the PC1 and the genotypes of clusters IV were shown to
be most strongly connected with the contribution of group
III that belongs to the  PC 1. The genotypes  ICSP 28 MFR,
MR22/1, ICSV 209, YT 82164, M 26405, MR 119C, A 3822,
CSV 4, ICSV 61, ICSV 202, MR 119C, MR 87, AS 512, A
3822 and B 35 were selected from the PCA analysis as
good performer in the diversity analysis. PCA, is a statistical
technique used to identify the most important variables or
features in a given dataset. The insights gained from the
studies conducted by Malik et al. (2011) could prove
beneficial when choosing parental genotypes for breeding
methods aimed at producing superior genotypes with
desirable traits.

CONCLUSION
The results concluded that there is a connection between
grain yield and the traits mentioned earlier. Two clusters,
cluster 1 and cluster 4 are significantly distinct from each
other, thus, a cross between these two clusters would result
in a wide range of offspring. The results of the hierarchical
cluster analysis closely matched those of the PCA. From the
PCA analysis we found that, the PCA biplot also showed a
substantial correlation between the genotypes of clusters I,
II, III and IV and the group I characteristics contributors to the
PC2. The genotypes of cluster I, II and some genotypes of
cluster IV were revealed to be most closely associated with
the contribution of group I to the PC 1, in contrast to the
genotypes of clusters III and IV which were linked to the
characteristics of group II and group III, which is also a
contributor to the PC1 and PC2. Based on the PCA analysis,
the genotypes ICSP 28 MFR, MR22/1, ICSV 209, YT 82164,
M 26405, MR 119C, A 3822, CSV 4, ICSV 61, ICSV 202, MR
119C, MR 87, AS 512, A 3822 and B 35 were identified as
strong performers in the diversity assessment. Overall this
study offers valuable insights into the genetic diversity of
sorghum germplasm and identifies genotypes that show
promise in improving grain yield and important nutritional
traits. These findings have significant implications for
enhancing crop productivity and implementing biofortification
initiatives in dry and semi-arid regions. This research
highlights the importance of sorghum in sustainable
agriculture and underscores its potential as a key crop for
addressing food security and nutrition challenges in
challenging environments.
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