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1. Introduction 
 
Information about genetic diversity is an invaluable aid in crop improvement 
programmes.  In literature, a large number of methods are available to analyze genetic 
diversity in populations.  To have an idea on genetic diversity, much attention has to be 
given on multivariate statistical techniques applied in genetic data. The data often involve 
a number of numerical measurements and combinations of different types of variables.  
Different data sets like pedigree data, passport data, biochemical data obtained from 
isozyme analysis, and, recently, DNA-based molecular marker data. In this lecture, a 
brief discussion will be made on clustering techniques applied on molecular marker data 
of crop genotypes. For more details on this topic one may refer to Mohamadi and 
Prasanna (2003). 
 
2. Cluster analysis 
 
Cluster analysis is more primitive technique in that no assumptions are made concerning 
the number of groups or the group structure.  Grouping is done on the basis of similarities 
or distances (dissimilarities).  The inputs required are similarity measures or data from 
which similarities can be computed. 
 
Similarity measures   
Most efforts to produce a rather simple group structure from a complex data set 
necessarily require a measure of “closeness”, or “similarity”.  There is often a great deal 
of subjectivity involved in the choice of a similarity measure.  Important considerations 
include the nature of the variables (discrete, continuous, binary) or scales of measurement 
(nominal, ordinal, interval, ratio) and subject matter knowledge. When items (units or 
cases) are clustered, proximity is usually indicated by some sort of distance.  On the other 
hand, variables are usually grouped on the basis of correlation coefficients or like 
measures of association. 
 
Distances and Similarity Coefficients for Pairs of Items 
The Euclidean (straight-line) distance between two p-dimensional observations (items) 
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where as the statistical distance between the same two observations is of the form  
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Ordinarily, A=S-1, where S contains the sample variances and covariances.  However, 
without prior knowledge of the distinct groups, these sample quantities cannot be 
computed.  For this reason Euclidean distance is often preferred for clustering.   
Another distance measure is the Minkowski metric, given as 
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Genetic Distance 
Genetic distance is “that difference between two entities that can be described by allelic 
variation” (Nei, 1973).  This definition was later elaborated by Nei (1987) as “the extent 
of gene differences…between populations or species that is measured by some numerical 
quantity”.  A more comprehensive definition of genetic distance is “any quantitative 
measure of genetic difference, be it at the sequence level or the allele frequency level that 
is calculated between individuals, populations or species” (Beaumont et al., 1998). 
 
On the basis of data obtained by measurement of quantitative traits in inbred lines, Smith 
et al. (1991) suggested a measure of genetic distance as follows: 
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where T1 and T2 are the values of the ith trait for inbred lines 1 and 2, respectively, and 
the var T(i) is the variance for the ith trait over all inbreds. 
 
Various genetic distance measures have been proposed for analysis of molecular marker 
data for the purpose of genetic diversity analysis.  For molecular marker data where the 
amplification products may be equated to alleles, as in case of simple sequence repeats 
(SSRs) and restriction fragment length polymorphisms (RFLPs), allele frequencies can be 
calculated.  The genetic distance between individual i and j can be estimated using the 
formula,  
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where Xai is the frequency of the allele a for individual i, n is number of alleles per locus, 
and r is constant based on the coefficient used.  In its simple form (i.e., when r=1), 
genetic distance can be calculated as  
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when  r = 2, dij is referred to as Rogers’ (1972) measure of distance (RD), where 
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Although allele frequencies can be calculated for some of the molecular markers, the data 
is most widely employed to generate a binary matrix for statistical analysis.  The 
commonly used measures of genetic distance or genetic similarity (GS) using such binary 
data are (i) Nei and Li’s (1979) coefficient(GDNL), (ii) Jaccard’s (1908) coefficient 
(GDj), (iii) simple matching coefficient (GDSM) (Sokal and Michener, 1958), and (iv) 
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Modified Rogers’ distance (GDMR).  Genetic distances determined by these measures can 
be estimated as follows: 

  01101111 2/21 NNNNGDNL      
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where N11 is the number of bands – alleles present in both individuals; N00 is number of 
bands-alleles absent in both individuals; N10 is the number of bands-alleles present only 
in the individual I; N01 is the number of bands-alleles present only in the individual j; and 
N represents the total number of bands-alleles. Appropriate choice of a genetic distance 
measure, on the basis of the type of the variable and scale of measurement, is an 
important component in the analysis of genetic diversity among set of genotypes 
(Mohammadi and Prasanna, 2003).  
 
Mantel test 
 

In case the researcher is interested to make use of more than one measure of genetic 
distance to analyze a given data set or different data sets, it is important to ascertain the 
correspondence between matrices derived from different distance measures.  The test of 
matrix correspondence, popularly known as Mantel test (Mantel, 1967), analyzes matrix 
correspondence on the basis of the assumption of asymptotic normality for a particular 
test criterion.  Mantel test is a regression in which the variables are themselves distances 
or dissimilarity matrices summarizing pair-wise similarities-dissimilarities between units 
of study.   It is based on a simple cross-product term, , . ijijYXZ   and is normalized 

by means of the following formula: 
        yijxij SYYSXXnr //1/1       (9) 

where Xij and Yij are the off-diagonal elements of matrices X and Y, n is the number of 
elements in the distance matrices, and the Sx and Sy are standard deviations for variables 
X and Y, respectively.  This standardized equation allows one to consider variables of 
different measurement units within the same framework, rescaling the statistic to the 
range of a conventional correlation coefficient bounded on -1 to 1.  Because the elements 
of a distance matrix are not independent, Mantel’s test of significance is evaluated via 
permutation procedures to overcome the problem of dependent elements.  Note that the 
Mantel test is based on linear correlation, and hence, is subject to the same set of 
assumptions that beset a common Pearson correlation.  However, the test of spatial 
dependence is averaged over all distances in the simple Mantel test, and so this test 
cannot discover changes in the pattern of correlation at different distances (scales). 
Because the Mantel test proceeds from a dissimilarity-similarity matrix, it can be applied 
to different types of variables (categorical, rank, or interval-sale data).  This is especially 
important in analysis of genetic diversity, where various data sets may be used to assess 
the relationships among different individuals or populations.  Mantel test has been used in 
analysis of genetic diversity in crop plans, particularly in ascertaining correspondence of 
matrices derived by means of different marker systems over the same set of genotypes  
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Hierarchical Clustering methods 
Distance-based clustering methods can be categorized into two groups: hierarchical and 
nonhierarchical.  Hierarchical clustering methods proceed by either a series of successive 
mergers or by a series of successive divisions. Agglomerative hierarchical methods start 
with the individual objects.  Thus, there are initially as many clusters as objects.  The 
most similar individuals are first groped, and these initial groups are merged according to 
their similarities.  Eventually, as the similarity decreases, all subgroups are fused into a 
single cluster. The following are the steps in the agglomerative hierachical clustering 
algorithm for grouping N objects 
 

1. Start with N clusters, each containing a single entity and an N x N symmetric 
matrix of distances (or similarities)  .ikdD   

2. Search the distance matrix for the nearest (most similar) pair of clusters.  Let the 
distance between “most similar” clusters U and V be duv. 

3. Merge clusters U and V. Label the newly formed cluster (UV).  Update the entries 
in the distance matrix by (a) deleting the rows and columns corresponding to 
clusters U and V and (b) adding a row and column giving the distances between 
cluster (UV) and the remaining clusters. 

4. Repeat Steps 2 and 3 a total of N – 1 times.  (All objects will be in a single cluster 
at termination of the algorithm).  Record the identity of clusters that are merged 
and the levels *(distances or similarities) at which the mergers take place. 

 
Among various agglomerative hierarchical methods like, single linkage, complete 
linkage, average linkage, centroid, Ward’s methods, the UPGMA (Unweighted Paired 
Group Method using Arithmetic averages) (Sneath and Sokal, 1973; Panchen, 1992) is 
the most commonly adopted clustering algorithm, followed by the Ward’s minimum 
variance method (Ward, 1963).  For more details on hierarchical clustering methods 
reference may be made to Johnson and Wichern (1996). 
 
Non-hierarchical Clustering methods 
The nonhierarchical clustering procedures do not involve construction of dendrogams or 
trees.  These procedures, also frequently referred to as “K-means clustering”, are based 
on “sequential threshold”, “parallel threshold”, or “optimizing” approaches for assigning 
individuals to specific clusters, once the number of clusters to be formed is specified 
(Everitt, 1980).   MacQueen [17] suggests the term K-means for describing his algorithm 
that assigns each item to the cluster having the nearest centroid (mean).  In its simplest 
version, the process is composed of these three steps. 

1. Partition the items into K initial clusters. 
2. Proceed through the list of items, assigning an item to the cluster whose centroid 

(mean) is nearest. (Distance is usually computed using Euclidean distance with 
either standardized or unstandardized observations).  Recalculate the centroid for 
the cluster receiving the new item and for the cluster losing the item. 

3. Repeat Step 2 until no more reassignments take place.   
Rather than starting with a partition of all items into K preliminary groups in Step 1, we 
could specify K initial centroids (seed points) and then proceed to Step 2. 
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The final assignment of items to clusters will be, to some extent, dependent upon the 
initial partition or the initial selection of seed points.  Experience suggests that most 
major changes in assignment occur with the first reallocation step. For performing 
nonhierarchical clustering procedure different statistical packages such as SAS 
[FASTCLUS] and SPSS [QUICK CLUSTER] are available.  Nonhierarchical clustering 
methods are rarely used for analysis of intraspecific genetic diversity in crop plants.  The 
primary reason could be the lack of prior information about the optimal number of 
clusters that are required for accurate assignment of individuals.   

 
3. Choice of a Clustering Method 
 
UPGMA method has been widely used in the past literature.  Although some studies 
indicated the relative advantages of UPGMA clustering algorithm in terms of consistency 
in grouping biological materials with relationships computed from different types of data, 
a single clustering method might not be always optimal or effective in revealing genetic 
associations.  Despite some favourable attributes in UPGMA, the underlying assumptions 
are rarely met.   Five clustering methods, namely UPGMA, UPGMC (Unweighted Paired 
Group Method using Centroids), Single Linkage, Complete Linkage, and Median, were 
compared for their utility in revealing genotype associations in barley germplasm 
collections (Peeters and Martinelli, 1989).  UPGMA and UPGMC were found to be 
almost comparable with a relatively high level of accuracy, in accordance with pedigrees, 
compared to other methods.  Single Linkage and Median clustering methods led to 
“chaining effect”, which gave poor resolution of individual groups and complicated the 
interpretation of results.   
 
One way of comparing the efficiency of different clustering algorithms is through 
estimation of the “cophenetic correlation coefficient”, which is a product moment 
correlation coefficient measuring agreement between the dissimilarity-similarity 
indicated by a phenogram-dendrogram as output of analysis and the distance-similarity 
matrix as input of cluster analysis.  A method yielding a high cophenetic correlation 
coefficient can be considered as an appropriate method for a particular analysis 
(Romesburg, 1984).  The degree of fit can be interpreted subjectively as; 0.9≤ r, very 
good fit; 0.8 ≤ r < 0.9, good fit; 0.7 ≤ r < 0.8, poor fit; r < 0.7, very poor fit (Rohlf, 1992).  
However, a low cophenetic correlation coefficient does not mean that the dendrogram has 
no utility, but only indicates that some distortion might have occurred.  For a large 
sample of individuals, the cophenetic correlation coefficients have similar values and are 
not affected by the number of characters.         
 
Determination of optimal number of clusters 
Another important aspect in cluster analysis is determining the optimum number of 
clusters or number of acceptable clusters. In essence, this involves deciding where to 
“cut” a dendrogram to find the true or natural groups. An “acceptable cluster” is defined 
as “a group of two or more genotypes with a within-cluster genetic distance less than the 
overall mean genetic distance and between cluster distances greater than their within 
cluster distance of the two clusters involved” (Brown-Guedira et al., 2000). Thompson et 
al., (1998) find that consistency of clustering based on different methods of grouping, 
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provides strong evidence that natural clusters are present and they also used the 
multidimensional scaling for the evidence of the major grouping of genotypes in the 
cluster analysis. Also suggested that the second eigen value of similarity matrix to set at 
0.75 to be certain that most of the variation is explained by the first PC. Using molecular 
marker data, Melchinger (1993) compared PCA, Principal Coordinate analysis (PcoA) 
and cluster analysis with respect to their efficiency in analyzing genetic diversity in crop 
plants. Messmer et al., (1992) suggested that to extract maximum information for 
molecular marker data, PCA or PCoA could be used in combination with cluster analysis.  
 
Bootstrap technique in marker classification 
Many a times, it is very expensive to go for large number of molecular markers in 
classifying the crop genotypes. The sampling variance is used to determine how large a 
sample of markers is required to provide a given level of precision. Sampling variance in 
the estimation of genetic relationships occurs when discrepancies are detected between a 
random subset of molecular marker bands and all possible bands. Larger number of 
random polymorphic bands will provide an increasingly more precise estimate of genetic 
relationships and will reduce the variance caused by under-sampling certain regions of 
the genome. Nevertheless, to obtain larger numbers of random polymorphic bands is now 
expensive in terms of time and resources, and linkage information among polymorphic 
bands is not always available. Thus, it would be desirable to estimate genetic 
relationships using the smallest set of polymorphic bands, which minimize sampling 
variance (Smith, et al., 1990). Tivang et al., (1994) applied bootstrapping technique in 
relation to application of molecular data for analysis of genetic diversity and for finding 
the smallest set of markers that can provide an accurate assessment of genetic 
relationships among a set of genotypes or groups of populations. Vuylsteke et al., (2000) 
performed the bootstrap analysis to determine the effective number of molecular markers 
through empirical estimation of sampling variance of genetic distances or similarities 
calculated from AFLP marker data set. 
 
4. Analysis of Molecular Variance (AMOVA) 
 
Analysis of Molecular Variance (AMOVA) is used to summarize the population structure 
with the marker data from different genotypes, while remaining flexible enough to 
accommodate different types of assumptions about the evolution of the genetic system. 
Recently, Analysis of Molecular Variance (AMOVA) is used to calculate the variance 
between and within groups. This technique treats genetic distances as deviations from a 
group mean position, and uses the squared deviations as variances. The total sums of 
squares of genetic distances can then be partitioned into components that represent the 
within group and the between-group mean squares. The resulting test statistic ST is 
analogous to Wright’s FST, and is the ratio of the between-group mean square to the total 
mean square (Wright, 1951; Cockerham, 1973). ST represents the correlation between 
random genetic accessions within a group relative to random accessions from the 
population at large. This statistic can take values between 0 and 1; higher values indicate 
greater partitioning of the population into sub-groups. 
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Excoffier et al., (1992) proposed Analysis of Molecular Variance (AMOVA), which can 
estimate variance components and  statistics, reflecting the correlation of haplotypic 
diversity at different levels of hierarchical subdivision. This approach eliminates the 
normality assumption, that is convention for analysis of variance but inappropriate for 
molecular data. Huff et al., (1993) applied the AMOVA for the first time to RAPD 
phenotypes, apportioning genetic variation among individuals/within populations, among 
populations/within adaptive regions, and among regions. They demonstrated the power of 
AMOVA in separating important and interesting regional and population differences 
against a background of extensive within-population polymorphism, such as that 
resulting from the polyacrylamide separation of silverstained RAPD markers from 
outbreeding individuals.  
 
Johns et al., (1997) used AMOVA to determine the degree of genetic differentiation 
between the groups, by comparing the variance ratio ST of the observed groups with the 
variance ratio of randomly created groups. Barrett and Kidwell (1998) used AMOVA and 
suggested genetic diversity among wheat cultivars was hierarchically arranged. This is 
the first use of AMOVA for diversity assessment among inbred genetic material resulting 
from plant breeding efforts rather than natural population samples. The AMOVA is 
concerned with the potential hierarchical structure that may be present in the genetic 
diversity estimate data matrix, thus it accepts genetic distance estimates from 1/0 data 
matrix as real, and permutes cultivars of variance patterns being randomly accounted for 
by that structure. 
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