
© 2022 PP House

Multivariate Biplot Analysis for the Diversity in Bread Wheat Genotypes 
(Triticum aestivum L.)

Antim1, Vikram Singh1, M. S. Poonia1, Ajay Verma2 , Ashish1 and B. S. Tyagi2

Print ISSN 0976-3988     Online ISSN 0976-4038 Article AR2717

DOI: HTTPS://DOI.ORG/10.23910/1.2022.2717
Research Art ic le

International Journal of Bio-resource and Stress Management

1Dept. of Genetics and Plant Breeding, C. C. S. Haryana Agricultural University, Hisar, Haryana (125 004), India
2ICAR-Indian Institute of Wheat and Barley Research, Karnal, Haryana (132 001), India

RECEIVED on 06th November 2021       RECEIVED in revised form on 18th February 2022      ACCEPTED in final form on 25th March 2022       PUBLISHED on 31st March 2022

Stress Management

I J B S M  M a r c h  2022, 13(3 ) :219-225

https://pphouse.org/ijbsm.php

Citation (VANCOUVER): Antim et al., Multivariate Biplot Analysis for the Diversity in Bread Wheat Genotypes (Triticum aestivum L.). 
International Journal of Bio-resource and Stress Management, 2022; 13(3), 219-225. HTTPS://DOI.ORG/10.23910/1.2022.2717. 

Copyright: © 2022 Antim et al. This is an open access article that permits unrestricted use, distribution and reproduction in any medium 
after the author(s) and source are credited.

Data Availability Statement: Legal restrictions are imposed on the public sharing of raw data. However, authors have full right to transfer 
or share the data in raw form upon request subject to either meeting the conditions of the original consents and the original research 
study. Further, access of data needs to meet whether the user complies with the ethical and legal obligations as data controllers to allow 
for secondary use of the data outside of the original study.

Conflict of interests: The authors have declared that no conflict of interest exists.

A field study was conducted during (November–April, 2017–2018) at CCSHAU, Hisar, Haryana, Indiaxxx to evaluate wheat 
genotypes for diversity analysis by multivariate and biplot analysis.xxx The morphological and agronomic attributes of 

wheat have been evaluated to measure genetic variation and their close relatives. Diversity analysis of bread wheat genotypes 
was deciphered by fifteen morphological traits utilizing multivariate hierarchical clustering technique and biplot analysis. 
Multivariate analyses have been applied to measure the diversity in wheat accessions and to evaluate the relative contributions 
of morphological traits to the total variability in a collection. Recent analyses enable accessions to be classified into clusters as 
per their similarity indexes. Good amount of variability had been observed for most of the traits. Maximum range was observed 
for flag leaf area and plant height. The positive correlation of the grain yield with various traits ensured indirect selection for 
yield can be done by selecting those characters. Significant positive correlation of grain yield exhibited with number of grains 
spike-1, thousands grain weight and plant height. Multivariate Hierarchical clustering technique by Ward’s method expressed 
three clusters with 20.4, 20.5 and 59.1% of total genotypes. The first principal component accounted for 29.4% with major 
traits number of tillers plant-1, flag leaf area, biological yield plant-1, grain yield plant-1, weight of grain ear-1, flag leaf length. 
The contribution of second was 15.7% with major six traits number of grains ear-1, ear weight, weight of grain ear-1, number 
of spikelet ear-1, grain yield plant-1 and  number of tillers plant-1.
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1.   INTRODUCT ION

Wheat, an important staple food crop, is preferred 
over rice and maize as a source of protein in low and 

middle-income nations (Sansaloni et al., 2020). Being the 
staple food crop of many countries with diverse climatic 
conditions, wheat varieties must have enough variability 
to tolerate to pests, pathogens and abiotic stresses (Ali 
et al., 2021). Wheat, consumed as whole grains boiled or 
as bread from its flour in many ways, is not only a staple 
source of carbohydrates and nutrients for around 40% of 
the world’s population providing 20% of the daily protein 
and food calories (Lawati et al., 2021). Genetic diversity of 
plants determines their potential for improved efficiency 
and hence their use for breeding, which eventually may 
result in enhanced food production (Rufo et al., 2019). 
Regular studies of diversity being conducted by breeders 
to evaluate and utilize the diversity of breeding germplasm, 
also to determine  the uniqueness and distinctiveness among 
genotypes to safe guard a breeders intellectual property 
rights (Fu, 2015). In addition, assessment of genetic distance 
is one of most suitable tools for selection of parents in a 
wheat crossing scheme for possible yield enhancement 
(Negisho et al., 2021). A number of suitable methods like 
principal component analysis, factor analysis and cluster 
analysis are presently available for the selection of parent, 
detection of genetic variability, centre of origin, study of 
interaction among the environments and tracking the course 
to crop evolution (Mourad et al., 2020). Cluster analysis is 
a multivariate method, which aims to classify a sample of 
subjects based on a set of measured variables into a number 
of different groups such that similar subjects are placed in 
the same group (Giraldo et al., 2019). It sorts genotypes 
into groups, or clusters, so the degree of association will 
be strong between members of the same cluster and weak 
between members of different clusters. The cluster analysis 
was performed using a measure of similarity levels and 
Euclidean distance (Sant’Anna et al., 2020). Different 
researcher grouped bread wheat genotypes using cluster 
analysis. Principal component analysis makes it possible to 
transform a given set of characteristics (variables), which 
are mutually correlated, into a new system of characteristics, 
known as principal components, which are not correlated 
(Ahmadizadeh et al., 2019). The obtained variables may 
also be used for further analysis, where the assumption 
of no co-linearity is required. Moreover, the analysis is 
characterized by the fact that it includes the total variance 
of variables, explains maximum of variance within a data set, 
and is a function of primary variables (Wani et al., 2018). 
Hierarchical clustering is the most widely used approach in 
the analysis of crop genetic diversity. Several hierarchical 
clustering methods, including single linkage, complete 

linkage, simple average, median, un weighted paired group 
method using arithmetic averages (UPGMA) and Ward’s 
of minimum variance have been used (Pixley et al., 2018). 
Each of these approaches has some distinctive features. 
However the grain yield influenced by spikelet per spike, 
number of effective tillers per plant, grain numbers per spike 
that is why statistical techniques correlation studies and 
principal component analysis provide reliable assessment of 
complex relationships among various traits (Wouw et al., 
2009, Ahmad et al., 2017; Fayaz et al., 2019). Diversity of 
bread wheat genotypes had been deciphered by multivariate 
hierarchical clustering by considering fifteen morphological 
traits simultaneously along with the biplot analysis utilizing 
two principal components. 

2.   MATERIALS AND METHODS

A total of forty-four bread wheat genotypes including 
four popular checks were evaluated under field trials 

laid out in a Randomized Block Design (RBD) with three 
replications in the research field area of Department of 
Genetics and Plant Breeding, CCS Haryana Agricultural 
University, Hisar during the November–April, 2017–2018. 
Recommended agronomic practices have been applied to 
ensure good harvest of wheat yield. Five randomly selected 
competitive plants for each genotype observed for altogether 
fifteen important morphological traits viz DH: Days to 
heading, NTP: No of tillers plant-1, FLL: Flag leaf length 
(cm), FLB: Flag leaf breadth (cm), EW: Ear weight (g), 
FLA: Flag leaf area (cm²), PH: Plant height(cm), EL: 
Ear length (cm), NGE: Number of grains ear-1, GWE: 
Weight of grain ear-1 (g), NSE: Number of spikelet ear-1, 
GW: Thousand grain weight, GY: Grain yield plant-1 (g), 
BY: Biological yield plant-1 (g), HI: Harvest index (%). 
Variability among genotypes as per theses traits exhibited 
by Radar and Bar charts. Descriptive measures of variability 
viz., range, mean and standard error, Skewness, Kurtosis and 
CV calculated to summarize variation in genotypes. Reputed 
statistical software SAS version 9.3 along with JMP 9 was 
exploited for analysis and graphical presentations.

3.   RESULTS AND DISCUSSION

3.1.  Variability among genotypes for morphological traits

Good amount of variability had been observed among the 
studied genotypes as depicted by in Figure 1. Around the 
circle in Radar chart 44 genotypes were depicted and the 
values for the traits for a particular genotype were depicted 
by the point’s concentric circles. The radar diagram 
was utilized by Porter and Niksiar, 2018 to express the 
variability. Descriptive measures of variability viz mean, 
range, standard error, and coefficient of variation for traits 
have been presented in Table 1. Highest range recorded 
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Figure 1: Diversity among genotypes for morphological traits explanined by radar and bar chart

Table 1: Descrptive measures of variability among traits

Traits DH NTP FLL FLB FLA PH EL EW NGE GWE NSE GW GY BY HI

Mean 95.76 8.04 22.70 1.89 33.22 101.66 11.53 2.23 45.02 1.51 19.47 40.93 12.92 32.48 39.81

SD 4.19 1.53 3.26 0.22 7.01 5.45 1.12 0.38 3.29 0.29 1.51 3.11 1.62 3.83 1.66

SE 0.631 0.23 0.491 0.034 1.06 0.82 0.17 0.057 0.49 0.04 0.23 0.47 0.24 0.58 0.23

Min 85.67 5.9 17.23 1.32 19.16 90.17 9.36 1.42 38.33 1.04 14.89 34.29 10.37 26.79 36.67

Max 101.33 11.3 29.09 2.29 50.64 110.2 13.75 3.3 53.22 2.33 22.56 47.91 16.23 40.12 44.56

Range 15.66 5.4 11.86 0.97 31.49 20.03 4.39 1.88 14.89 1.29 7.67 13.62 5.86 13.33 7.89

CV 4.38 19.03 14.36 11.64 21.10 5.36 9.71 17.04 7.31 19.21 7.76 7.60 12.54 11.79 4.17

SD: Standard Deviation; SE: Standard Error; Min: Minimum; Max: Maximum

for flag leaf area (31.49) and plant height (20.03). Such 
significant range of variations provides an ample scope for 
yield improvement. Similar results were earlier recorded by 
Ahmadizadeh et al., 2019. The phenotypic values for days 
to heading varied from 85.67 for G17 to 101.33 days for 
genotype G34. Among the experimental set tallest genotype 
was G3 expressed maximum plant height (110.2 cm) while 
the maximum spike length was observed at G39 (13.67 cm) 
i.e. comparable to the G41 (13.75 cm) one of the check. 
Shortest height of 90.17 cm was recorded by genotype G14. 
Highest thousand grains weight was shown by genotype G3 
(46.05) near to G42 values i.e. check. Sufficient variability 
among genotypes provided ample scope for selection of 
superior and desired genotypes by the concerned breeders 
(Awan  et al., 2015; Ahmad et al., 2017; Lawati et al., 2021).

3.2.  Association analysis 

Most of the morphological traits exhibited a significant 
correlation coefficient values among them. The grain yield 

plant-1 is observed to have significant positive association 
with number of effective tillers plant-1, number of grains 
plant-1, thousand grain weights as expected (Mourad et 
al., 2020). Grain yield plant-1 has further been observed to 
have positive association with ear weight and grain weight 
ear-1 as well. Earlier Tsonev et al. (2021) have recorded 
the similar pattern of significant positive correlation with 
grain yield. The negative association of harvest index with 
biological yield was in agreement with the studies of Mecha 
et al., 2017. The characters exhibiting strong positive 
association with grain yield indicate that selection based on 
morphological traits could definitely lead to improvement in 
grain yield and therefore based on the results obtained in the 
present investigation it is suggested that number of grains 
spike-1, hundred grain weight, number of effective tillers 
plant-1 coupled with spike weight and grain weight spike-1 
be given emphasis for future improvement programme 
focusing on grain yield (Table 2).
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Table 2: Correlation coefficients to study association analysis

NTP FLL FLB FLA PH EL EW

DH -0.0746 -0.2692 -0.0841 -0.1578 -0.0165 0.1072 -0.3738

NTP 0.4916 0.0787 0.3986 0.4971 0.3962 0.1906

FLL 0.0795 0.7396 0.5642 0.0334 0.2738

FLB 0.5519 -0.1874 0.5018 0.1687

FLA 0.2780 0.2631 0.4309

PH 0.0124 0.0853

EL 0.1636

EW

NGE

GWE

NSE

GW

GY

BY

Table 2: Continue...

NGE GWE NSE GW GY BY HI 

DH -0.1956 -0.4569 0.0706 -0.2349 -0.0001 0.0150 -0.0398

NTP 0.0766 0.2812 0.0070 0.2101 0.7373 0.7875 -0.0057

FLL 0.2999 0.3638 -0.2653 -0.0932 0.3214 0.3261 0.0436

FLB -0.1235 0.0366 -0.1052 0.1147 0.1215 0.1058 0.0483

FLA 0.3606 0.3937 -0.0568 0.0599 0.3841 0.3863 0.0447

PH 0.0619 0.1457 -0.0989 -0.1089 0.2803 0.3385 -0.1146

EL -0.1238 0.1283 0.2650 0.3469 0.3036 0.3160 0.0142

EW 0.5964 0.8541 0.4515 0.1548 0.2285 0.2484 -0.0419

NGE 0.6108 0.2911 0.0146 0.0594 0.1083 -0.1313

GWE 0.3889 0.2005 0.2663 0.3064 -0.0746

NSE 0.1545 0.0838 0.0996 -0.0326

GW 0.1263 0.1303 0.0129

GY 0.9402 0.3317

BY -0.0071

Harvest index shows here negative correlation with the 
number of spikelet per ear and days to heading which is 
in agreement to the results of Mecha et al. (2017).Plant 
height has significant and positive association with biomass 
yield plant while number of spikelet per ear has a negative 
correlation with the plant height. Positive correlation 
of grain yield observed with number of grains per spike, 
thousand grains weight and plant height (Tsonev et al., 
2021). Days to heading and Plant height exhibit positive 
and significant correlation which is in accordance to the 
studies of Phougat et al., 2017,  Wani et al., 2018; Giraldo 

et al., 2019.

3.3.  Multivariate hierarchical clustering of genotypes

Using a univariate statistical analysis and standard deviations 
for each one of trait does not provide a complete insight 
into the complex analysis (Bhatta et al., 2018). Multivariate 
statistical methods are appropriate tools for the analysis of 
the complex structure (Ahmadizadeh et al., 2021). The 
hierarchical cluster analysis is a simple way of grouping 
the set of selected genotypes as per  their similarities based 
on 15 morphological  variables. Multivariate techniques 
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have been used to estimate the genetic divergence between 
accessions, like biometric models estimated by the Euclidean 
Distance and hierarchical grouping methods (Ali et al., 
2021). Hierarchical clustering techniques have long been 
the most popular clustering method with Ward’s method 
and average linkage probably being the best available (Awan 
et al., 2015). Three clusters of genotypes had been observed 
nine, nine and twenty six amounts to 20.4, 20.5 and 59.1 
percent of total genotypes (Figure 2).

3.4.  Biplot analysis

Results of the principal component analysis (PCA) 

indicated that the first two components were important in 
explaining the variation among the 44 accessions studied and 
cumulatively accounted for 45.1% of the total phenotypic 
variation (Table 3). The first principal component (PC) 
accounted for 29.4% of the total variation. It illustrated 
the variations in number of tillers plant-1, flag leaf area, 
biological yield plant-1, grain yield plant-1, Weight of grain 
ear-1, flag Leaf length primarily (Rufo et al., 2019). Principal 
component two contributed 15.7% to the total variation. 
Six variables, including Number of grains ear-1, ear weight, 
weight of grain ear-1, number of spikelets ear-1, Grain yield 
plant-1 and number of tillers plant-1 were to contribute more 
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Figure 2 : Hierarchical clustering of genotypes based on fifteen morphological traits as per ward’s method

Table 3: Loadings of traits as per first two principal 
components

Traits PCA1 PCA2

DH -0.1439 0.2692

NTP 0.3610 0.2886

FLL 0.3167 0.0772

FLB 0.1289 0.0961

FLA 0.3522 0.0264

PH 0.2115 0.1867

EL 0.1905 0.1591

EW 0.3152 -0.4084

NGE 0.2144 -0.4143

GWE 0.3351 -0.3924

NSE 0.0942 -0.3007

GW 0.1126 -0.0605

GY 0.3451 0.2994

BY 0.3582 0.2709

HI(%) 0.0182 0.1367

variance 29.36 15.68

to second PC. Out of the 15 traits evaluated, 09 were found 
to contribute most to the first two principal components 
(Table 3) and were therefore considered most discriminate 
to summarize phenotypic variation among the accessions 
through hierarchical cluster analysis. The biplot analysis 
is an appropriate method to analyse interaction between 
genotypes and traits and narrowing down the number 
of traits to the ones contributing a major portion to the 
variability as discussed by Negisho et al. (2021). The first 
two components explained 45.05% of the total variation 
in genotypes (Figure 3). The high positive correlation has 
been observed between HI, GY, BY, NTP and FLA in 
the positive direction. The genotype, G 1 had the highest 
values for grain yield plant-1 (15.82 g) and biological yield 
plant-1 (39.09) and number of tillers plant-1 (10.71). Though 
G 5 achieved maximum grain weight ear-1 (2.04) and 
ear weight (2.83) of was highest among genotypes. The 
difference between the biplot origin and genotype position 
in the biplot is the vector length of the genotype and it is a 
measure of the distinctiveness of the genotype from other 
genotypes as reviewed by Joshi and Okuno (2010). In the 
biplot vectors of traits showing acute angles are positively 
correlated whereas those showing obtuse or straight angles 
are negatively correlated and those with right angles have no 
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correlation. The genotypes having long length of the vector 
have higher or extreme values for one or more characters. 
Selection among such genotypes may be performed either 
for further trials or for their use as parents in breeding 
programs (Sant’Anna et al., 2020). 

4.   CONCLUSION

Grain yield plant-1 had a positive correlation with 
number of tillers per plant, flag leaf area, plant height, 

ear length, grain weight ear-1 and thousand grain weight. 
These traits are most yield determiner traits found in 
the study. Simultaneous selection among such traits will 
improve the grain yield in wheat. Selection of genotypes 
as parents from this set would be beneficial for a breeding 
programme. Multivariate with biplot analysis would be more 
appropriate for diversity analysis for efficient selection of 
promising genotypes irrespective of crops.
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