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ABSTRACT 

Determination of genetic relationships and determination of best criteria for selection of 

lines to be included in future breeding program is an invaluable aid in crop improvement. 

Various statistical techniques have been used to study diversity among different genotypes. 

Among these techniques multivariate is most frequently used one for the genetic association of 

genotypes. The present study was undertaken to screen genetic variation among 95 genotypes 

of wheat for their morphoagronomic traits. Five quantitative traits: plant height, number of 

fertile tillers, spike length, number of grains per spike, weight of grain per spike were evaluated 

by PCA and two-way cluster analysis. Three main principal components were determined 

explaining 85.75% of the total variation among the genotypes. 37.71% of the variation is 

explained by PC1 which reflects number of grains per spike, weight of grain per spike. PC2 

and PC3 explained 28.19% and 19.85% of the total variance, mostly in relation to number of 

fertile tillers and the plant height, respectively. Biplot graph revealed strongest positive 

association between number of grains per spike and weight of grain per spike and negative 

association between spike length and number of fertile tillers. Two-way cluster analysis 

resulted with a dendrogram with one solely separated genotype, inferior for most of traits and 

four main clusters of genotypes defined with wide genetic diversity especially between the 

groups within the first cluster. From the findings of present study genotypes with high values 

for specific traits can be directly recommended for general cultivation or to be used in future 

breeding programs. 
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INTRODUCTION 
Wheat (Triticum sp.) is one of the world’s most important crops, and constantly 

increasing its productivity is crucial to the livelihoods of millions of people. Narrowing the 

range of genetic variation, as a result of intensive breeding is however limiting the opportunity 

of improving wheat productivity (Sharma et al., 2021). Knowledge of genetic diversity and 

genetic variation based on morphological characteristics, especially those of economic interest 

can be an invaluable assistance in breeding programs for crop improvement (Dos Santos et al., 

2009). An understanding of the genetic relationships among lines can be particularly useful in 

identifying diverse parental combinations to create segregating progenies with maximum 

genetic variability for further breeding (Bhandari et al., 2017), introgressing desirable genes 

from diverse germplasm into the available genetic base (Singh et al., 2021) and in precise 

identification with respect to plant varietal protection (Govindaraj et al., 2015). 
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Studies of taxonomic diversity among wheat germplasm, for morphological traits, is 

recognized as the first step for their classification and description although several other tools 

are also used extensively (Smykal et al., 2008; Sonmezoğlu et al., 2012; Babić et al., 2011; 

Maqbool et al., 2010). Objectives of such assessments are to classify the accessions into 

homogenous groups for mentioned traits, to characterize obtained groups, to analyze 

relationships among the groups and to identify the subset of traits that best distinguished 

differences among these groups. Wheat collection germplasm classification, according to 

morphological traits, principal component and cluster analyses are proved as useful tools 

(Mohammadi & Prasanna, 2003). Evaluation of phenotypic variability by multivariate analysis 

gives the possibility to include a large number of accessions and to identify the most suitable 

resources for special traits (Goel et al., 2015). 

Present study was conducted to determine patterns of taxonomic variation and diversity 

for five morphological characteristics, wheat genotypes classification in the groups of 

similarity (clusters) and to identify traits, that mostly discriminate distinguished groups of 

genotypes. 

 

MATERIAL AND METHODS 

 

Plant material and experimental design  

Three wheat species Triticum durum Desf. (durum wheat), Triticum aestivum L. (bread 

wheat) and Triticum dicoccum Schrank ex Schübler (emmer wheat) and the lines obtained from 

their hybridization (Manasievska Simik, 2006). A total of 90 wheat lines, two durum varieties, 

two bread varieties and one landrace of Triticum dicoccum were analyzed. RCBD design was 

applied with two replications during 2018/19 at location Opaje, Kumanovo. During the growth 

season, standard crop management practices were applied. Twenty plants from each plot were 

randomly collected for biometrical analysis of the following quantitative traits: plant height 

(PH), number of tillers (NT), spike length (SL), grain number per spike (NK) and grain weight 

per spike (KM). 

 

Statistical analyses 

The mean values of the genotypes for the quantitative traits were analyzed with different 

packages in the R 3.0.3 statistical software. Principal component analysis (PCA) was 

performed by using “psych” package (Revelle, 2014) where data matrix is standardized by 

default, meaning that component scores are standard scores (mean = 0, sd = 1). Components 

were extracted until the Eigen value > 1. Two-way cluster analysis was carried out with the 

quantitative traits that were highly correlated with the first three principal components. 

Euclidian distance between the genotypes was calculated by use of standardized values of the 

selected traits. The obtained values were normalized according to Roldan-Ruiz et al. (2001) 

and cluster dendogram was created by UPGMA method. The optimal number of clusters was 

estimated by multiscale bootstrap resampling for evaluation of uncertainty in hierarchical 

cluster analysis (Suzuki and Shimodaira, 2013). For each cluster, the p-values were calculated 

(a value between 0 and 1) and the clusters with approximately unbiased (AU) p-values larger 

than 95% after 1000 bootstrapping replications were taken to be strongly supported by data. 

This analysis resulted with a dendrogram which was used as a row dendrogram in the heatmap, 

while the column dendrogram was obtained in relation to the row dendrogram. Two-way 

cluster was generated by use of “heatmap.plus” package (Day, 2012). 
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RESULTS AND DISCUSSION 

 

Principal component analysis 

PCA represents multivariate technique which can be effectively used for transforming 

the number of correlated variables into a smaller number of variables called principal 

components. The number of components extracted is equal to the number of variables being 

analyzed. The first component covers the maximum variability of the data in relation to the 

following components. The method allows visualization of differences between genotypes and 

identification of potential groups and for identification of components that are positively or 

negatively correlated with a certain plant morphological characteristics. Characteristics with 

high correlation gave higher input to the variation pattern of the analyzed wheat genotypes. 

By the application of principal component analysis three PCs were determined with 

Eigen values > 1. They accounted for 85.75% of the variation among the wheat genotypes used 

in this study (Table 1). 

 

Table 1. Principal components score for the analyzed traits 

 
Characters Factor loadings 

РС1 РС2 РС3 

PH -0.385 0.005 0.900 

SL 0.486 -0.688 0.343 

NK 0.846 0.360 0.125 

KM 0.742 0.521 0.181 

NT -0.485 0.731 0.126 

Eigen value 1.88 1.41 1.00 

Proportion of Variance (%) 37.71 28.19 19.85 

Cumulative Variance (%) 37.71 65.90 85.75 

 

The first PC was related with grain number per spike, grain weight per spike and spike 

length,  explaining  37.71% of the variability and largely determine the diversity of the studied 

genotypes. The second PC explained 28.19% of the total variance, mostly in relation to the 

number of tillers. The last component explains the smallest proportion of the variation 

(19.85%) and was strongly positively associated with plant height. 

PC analysis revealed that principal discriminatory characteristics representing the 

clusters were grain number per spike, grain weight per spike and PH, with their highly positive 

contributions to the diversity of the analyzed lines. Similar results for plant height and grain 

yield obtained by PCA are reported from Khan et al. (2015) and Mishra et al. (2015).  

Biplot has been applied to study relation among studied traits in a set of lines, grouping 

the wheat genotypes based on these traits as well as to identify the superior genotypes in 

relation to these traits.PC1 and PC2 factor loadings were plotted on Figure 1, where location 

of 95 genotypes displays the relation to the values of their Characteristics. Yan and Rajcan 

(2002) noted that cosine of the angle between trait vectors approximates the correlation 

coefficient between the traits, where, according to Yan and Kang (2003), correlation is positive, 

if angles are acute (< 90 °) and negative, if angles are obtuse (> 90 °). 
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Figure 1. Biplot of PC1 and PC2 representing correlation between the genotypes and 

quantitative traits 

 

The vector view of the biplot suggest a strong positive correlation among traits NK and 

KM also among PH and NT as indicated by the small obtuse angles between their vectors. The 

correlation between NT and KM, NK, SL; between KM, NK and SL was near zero as indicated 

by the near perpendicular vectors. The vectors indicated by the near angle of approximately 

180 degrees, suggest for the existence of a strong negative correlation between PH and SL; 

also between PH and KM, NK. Location of the genotype, i.e. its distance from the biplot origin 

measures how it differs from a hypothetical “average” genotype located at the biplot origin that 

has an average level for all traits (Yan and Fregeau-Reid, 2008). Long vectors of the genotypes 

5, 18, 19, 70 and 81 indicate that they have extreme values for one or more traits, out of which 

genotypes 70 and 81 are particularly superior lines for their high positive values of KM, KN 

and SL. Based on principal component method, the genotypes in this study were grouped into 

four clusters, each contained genotypes that were highly similar (Figure 1). Group 2 consisted 

of genotypes with high values for traits such KM and NK, group 3 consisted of genotypes with 

had high values for traits PH and SL. Group 4 genotypes were characterized by a large number 

of fertile tillers and group 5 genotypes had high values for traits NK and SL. Genotype 5 was 

one solely separated genotype, superior for PH, NT and inferior for NK, KM, SL. 

 

Two-way cluster analysis 

First two PCs refer to the largest amount of genotypes variability and highly correlated 

traits with these components were used for two-way cluster analysis. The analysis resulted with 

a dendrogram representing the genetic distance (degree of similarity) among 95 wheat 

genotypes. According to the analyzed data, one genotype 5 did not belong to any cluster. 

Genotype 5 is solely separated and most distanced from the others due to its low values for all 

traits except for PH and NT. All other genotypes were classified in four main clusters, whereas 

each cluster contained genotypes that were highly similar (Figure 2). Cluster 1 consisted of 41, 
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cluster 2 of 32, cluster 3 of 13 and the fourth cluster of 28 wheat genotypes. This analysis 

reveals the presence of wide genetic diversity among the experimental material, according to 

grouping within the main clusters. 

 

 
Figure 2. Dendrogram representing clustering of the analyzed wheat genotypes 

 

The traits were classified in two groups where KM, NT along with SL belonged to the 

first group. The second group of traits consisted of NK and PH. (Figure 3). 

First group of genotypes is characterized with low values for plant height and moderate 

values for the other analyzed traits. Second group consisted of genotypes with medium-high to 

high values for plant height, number of grains per class and mass of grains. The second group 

could be divided in two main subgroups (Figure 3). Most of the genotypes from the first 

subgroup had low values for spike length and in the second subgroup genotypes had medium-

high to high values for the same trait. In the third group are located genotypes with medium-

high values of plant height and spike length and also genotypes 1 and 2 except for plant height 

and grain weight per spike, had low values for all other traits. Three subgroups were detected 

in the fourth group. The first subgroups contain genotypes with high values for the number of 

tillers and low values for spike length, with medium-high to high plant height. The second 

subgroup included genotypes with medium-high values of plant height, medium-low to low 

values for the number of grains and low values for spike length (with the exception of 

genotypes 80, 74 and 85, within high values for spike length). The third subgroup contained 

genotypes with high values of plant height and spike length and low to medium-low values for 

the other traits. 

Superior genotypes in some clusters might be usefully involved in hybridization 

programs for obtaining transgressive segregating lines with high genetic yield potential. All 

genotypes not belonging to any cluster (2, 14, 6, 1 and 3) could be used in the breeding program 

for improvement of certain characteristics for which they show high values. 
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Figure 3. Two-way cluster with classification of genotypes according to the effect of the 

analyzed traits 

CONCLUSIONS 
The existing variability between the analyzed wheat genotypes in this study was 

effectively evaluated by PCA and two-way cluster analysis. The significant differences found 

in the present study show the existence of a high genetic variability among the 95 bread wheat 

genotypes and analyzed quantitative traits, adequate for selection of desirable traits, and 

creation of new favorable gene combinations. Three main PCs explained over 85.75% of the 

variation among the genotypes, as grain number per spike and grain weight of grain per spike 

and spike length were principal discriminatory traits. Obtained results by biplot analysis are 

positively associated with wheat yield, especially genotypes 5, 18, 19, 70 and 81. 

The use of principal component analysis (showing the largest contributor to the total 

variance) and cluster analysis in the wheat germplasm, simplify wheat classification, the 

identification of the superior genotypes (considering the evaluation of mean values) and their 

relation with morphological traits with possibility expansion in breeding programs. 

Identification of the most important wheat quantitative agronomical traits can facilitate 

selection of species, varieties and lines with desirable traits, increasing the information of the 

wheat germplasm. The traits with more significant weighting on respective PC variance can be 

utilized successfully, as quantitative markers for evaluation and characterization of the wheat 

germplasm. 
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