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Abstract

Genetic markers such as amplified fragment length polymorphisms (AFLP)
are used to fingerprint the genetic makeup of plant material. Cluster analysis is
used to identify genetic similarities between populations. With a view to classify
wild wheat populations on the basis of AFLP marker data, this study presents
an empirical method for estimating the optimum number of plants, and illus-
trates the procedure on a total of eight populations of Triticum dicoccoides and
T. araraticum. Applications of a resampling with replacement method and fitting
of an exponential function of sample size to the least squares scaling of stress
(LSS) derived from the similarity matrix were made. An expression for the op-
timum sample size was then derived from an exponential relationship. When
applied on the presence/absence data of 203 polymorphic AFLP markers on the
population accessions, the method showed that 4 - 5 plants are required to es-
timate the asymptotic value of the LSS measure within a difference of 5 - 10%.
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1 Introduction

Conservation of genetic resources is essential for continuous plant
breeding efforts leading to plants with desired agronomic traits. Sam-
pling strategies for conservation of genetic resources to preserve a
diversity of genes or accessions of the species have been discussed in
the literature (Brown 1989, Brown and Marshall 1995, Franco et al.
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2005). Molecular studies for genetic polymorphisms have been carried
out for a number of different applications, such as anthropological and
evolutionary studies, genetic identification in plants and conservation
of germplasm and application to crop improvement. Genetic markers,
such as amplified fragment length polymorphism (AFLP) have been
found to be very useful and economic in capturing the genetic struc-
ture of plant materials. Wild wheat populations can be very diverse in
genetic makeup. Identifying similarities between populations will help
in obtaining a more convenient preservation strategy of the genetic
material with no substantial reduction of the diversity. Evaluations
of genetic diversity have been carried out using morphological and
molecular traits. A review of statistical methods applied in plant bio-
diversity studies can be found in Mohammadi and Prasanna (2003).
Genetic similarities of the genetic entities can be done using a clus-
tering method. In order to obtain clustering of genetic populations or
accessions, one approach is to use morphological information but they
are subject to the environmental variation, while the other approach
would be to use genetic markers such as AFLP marker. Generating
information has a cost, for example, the cost would be proportional
to the number of plants assayed and the number of markers used. A
question often asked is how many plants/accessions (at the minimum)
are needed to provide nearly the same clusters as prevailing in the pop-
ulation of a given species. Determination of sample size to estimate
the genetic diversity has been addressed by several researchers includ-
ing (Nei, 1987; Barrett et al., 1998; Hegde, et al. 2002; Dreisigaker
et al. 2004; Singh et al., 2006). Another aspect of diversity study is
to examine similarity between the populations, for example by using
clustering methods (Weir, 1996; Pritchard et al., 2000; Hegde et al.,
2002). However, limited effort has been made for determining opti-
mum sample size required for clustering of genetic materials based on
genetic data.

Using the AFLP markers data, this study evaluates the effect of
sample size on the clustering of accessions, for a chosen similarity
definition and a clustering method. For a given clustering method,
the clusters depend on the similarity matrix. It is expected that the
similarity matrix based on the optimum sample size will be close to
the similarity matrix if all the plants in the populations were used.
We can use a measure of fit, called the least square scaling of the stress
between the similarity matrix based on a sample and population, as
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the standardized sum of squares of difference between the elements
of the two matrices (LSS). If the same set of markers and similarity-
measure are used for the sample and population similarities, so no
further transformation would be necessary. Another variant of the
measure of fit could be the standardized sum of squares of difference
between the square of the elements of the two matrices (LSSS). These
measures were introduced in psychometric applications and has been
described in Cox and Cox (1994) and Gower and Hand (1996).

Sample size determination for the situations where the variance
of estimate of diversity is expressible as sample size can be done ex-
plicitly as in Nei (1987). However, where there is no expression of
variance available for genetic diversity, one may use empirical rela-
tionship with the sample size (Singh et al., 2006). In the present
case of clustering the populations, since there is no explicit expression
available for LSS or LSSS in terms of sample size, we can pursue the
approach of Fairfield Smith (1938) for the uniformity field trials and
its recent applications by Girma (2000) and Fagrouda and Van Meir-
venne (2002). Fairfield Smith (1938) computed variance of means on
a per-unit basis for various plot sizes from the same trial, and fitted
a linear relationship of logarithm of the variance on logarithm of the
sample size, equivalent to the variance being expressed as the power
of the plot size. In the uniformity field trials, Smith (1938) generated
various plot sizes by merging the neighboring plots of unit size; we fol-
lowed the resampling approach to generate samples of various sizes.
There are a number of resampling approaches available in literature,
e.g. interpenetrating sub-sampling (Mahalanobis, 1944, 1946; Ghosh
2005), Jackknife method (Quenouille, 1949) and bootstrap method
(Efron, 1979) which are used to estimate variance of a given statistic
of interest. In the present case, our interest lies in fitting a relationship
between LSS/LSSS, a quantity measuring squared deviation, and the
sample size developed when the resampling was carried using simple
random sampling with replacement (Efron, 1979). No study of the
theoretical properties of the distribution of LSS has been aimed at.

The objective of this study was to 1) consider a similarity ma-
trix for classification and a measure of fit or stress, to represent the
closeness between the sample similarity matrix and the population
similarity matrix, 2) generate stress measures with varying sample
sizes using bootstrap methods, 3) identify a functional relation with
help of the visual display, called an empirical relationship, and 4) use
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the relationship to estimate optimum sample size, and demonstrate
the application on the AFLP marker data to cluster 8 populations of
wild wheat.

2 Material and methods

2.1 AFLP analysis and data

This study used data on the presence/absence of 203 polymorphic
AFLP markers on wild relatives of wheat. Total number of markers
used was 277. We used a total of 8 populations of T. dicoccoides and
T. araraticum given in Table 1. Details of the experimental methods
are given in Sasanuma et al. (2002).

Table 1. Populations, origin of collection and number of
plants/accessions used for this study
Species Populations Country Plants
T. dicoccoides D1 Iran 9

D1 Iran 9
D2 Iraq 8
D3 Jordan 10
D4 Syria 9
D5 Palestine 10

T. araraticum A1 Turkey 7
A2 Syria 9
A3 Iran 9

2.2 Statistical Methods

Consider a set of m populations where a number of accessions (ni, i =
1 . . .m) have been genotyped using AFLP markers on L loci. The
binary data, xijl, is the presence (1)/absence (0) of the AFLP marker
band at the l-th locus on the j-th accession of the i-th population
(l = 1 . . . L, j = 1 . . .ni). Clustering methods can be found in stan-
dard texts (Hand 1981, Jain and Dubes 1988) and statistical software
(Payne et al. 2007). In order to cluster the populations based on data

from all the accessions, we obtained a matrix of means

(

x̄il =
j=ni
∑

j=1

xijl/ni

)

.
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We used Euclidian distance between the populations and clustering
was carried out using average linkage function (also called UPGMA
method) which is most frequently used in clustering genetic materi-
als. Let the similarity matrix based on the full data be denoted by a
m×m matrix SP = (ψii′).
To generate similarity matrices for varying sample sizes, we follow

bootstrap resampling method of Efron (1979). For a given sample
size k, say, take a simple random sample with replacement k ac-
cessions out of the ni samples available on a given i-th population

(i = 1 . . .m). Form a matrix

(

ȳil =
j=k
∑

j=1

yijl/k

)

where y is the sample

version of the x, the presence/absence of the l-th marker. Using the
values of (ȳil; i = 1 . . .m, l = 1 . . . L) we obtain a sample similarity
matrix, SBkr = (ψkrii′)(m × m), which with r = 1 will be called
the first bootstrap (re-sampled) matrix. The process of resampling
from each population can be repeated, say N times, to generate N
(bootstrap) samples of matrices SBkr(r = 1, 2, . . .N), each of size k.

Then, one can obtain a bootstrap matrix SB̄k

(

=
r=N
∑

r=1

SBkr/N

)

=
(

r=N
∑

r=1

ψkrii′/N

)

=

(

r=N
∑

r=1

ψ̄kii′

)

= as an average value of the similari-

ties. Actually, one would use SB̄k to cluster the populations based on
the marker information on k accessions. Since the cluster formation
depends on a similarity matrix and a grouping method, therefore, for
a given grouping method, the closeness between sample of a given size
and the population can be defined as difference or a function of the
difference between the matrices SB̄k and SP . We have used two meth-
ods of closeness, based on the concept of stress and squared-stress in
psychology as a measure of fit based on least squares scaling. For a
given sample size k, the two measures are:

Least-squares- scaling (LSS) stress:

LSSk =
m
∑

i<i′=1

(

ψ̄kii′ − ψkii′

)2

/
m
∑

i<i′=1

ψ̄2

kii′

Least- squares- squared-scaling (LSSS) stress:

LSSSk =

m
∑

i<i′=1

(

ψ̄2

kii′ − ψ2

kii′

)2

/

m
∑

i<i′=1

ψ̄4

kii′
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Similarly, the above process can be repeated from other sample sizes
k = 2, 3, . . .A graphical display could exhibit an association between
the sample size and the closeness of the sample to the population
similarity as measured by the two stresses (k, LSSk) or (k, LSSSk).
The optimum k will be the one with the lowest value of LSSk/LSSSk,
with a preference to a smaller k.

2.3 Estimation of the sample size

Following the approach of Singh et al. (2006) for determining sample
size for diversity estimation, the association between a given sample
size k and the LSS, ωk say, was modeled using an exponential rela-
tionship:

ωk = A+BRk + ηk

where ηks are assumed independent and identically distributed
random errors with mean zero and constant variance. Estimation
of the parameters A,B and R of the above model was carried out
using ordinary least squares method. Generally R will be < 1, ωk will
decrease to A (if B > 0) as k increases to infinity. It would be sufficient
to determine k when ωk is close to A, say with a relative difference of
ε (for which values such as 0.05 or 0.10 may be reasonable). In this
case, we get the following equation:

ωk = A(1 + ε) = A+BRk.

This gives the optimum k,

k0 = In(εA/B)/In(R).

The estimate of ko were be obtained by replacing A,B and R by
their least-squared estimates.

3 Application/results

Of the 277 AFLP markers, 203 were found polymorphic when 71 ac-
cessions/plants from a total of 8 populations of species T. dicoccoides

and T. araraticum were assayed. Using Euclidian distance between
the means of presence of marker bands to derive similarity between
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the populations, similarity matrix from all the accession records and
the bootstrapped matrices for various sizes up to the maximum size
available for a given population were developed (Table 2 in Appendix).
The clusters are given for various sizes in Fig 1. in Appendix. Us-
ing these matrices, the standardized stress values and squared stress
values were obtained. The exponential functions of the sample size
were fitted to the data on stress measures. The observed and fitted
relations are shown in Fig. 2 in Appendix. The estimate of the pa-
rameters of the fitted relationships and estimates of optimum sample
size for various degree of closeness (ε = 0.05−0.20) of the stress levels
to its asymptotic limit are given in Table 3 in Appendix.

It may be noted that the exponential curves fit very well to the
two stress measures, LSS and LSSS.

4 Discussion

In the approach followed, it would be pertinent to mention that the
ωk values generated by resampling to fit the exponential relationship
would not be independent as the marker data used in obtaining ωks for
larger k values are likely to contain the data used for smaller sample
sizes. Thus, this method shares a similar practical limitation with
Smith (1938) and Girma (2000) method. Further, we do not find any
alternative approach to compare with.

Molecular studies for genetic polymorphisms are being carried out
for a number of different applications, such as genetic disorders in
different populations, genomics, and genetic identification of ethnic
groups for forensic and legal applications, genetic identification of
plants for commercial applications and conservation of germplasm.
This paper addresses the question of the optimum size of the sample
required to cluster the populations with similar genetic structure as
detected by the AFLP markers.

This study had a limitation on the sample size (a maximum of 10)
and there is a need to see what happens in case of larger number of
accessions per populations to validate the results. Further the AFLP
markers, being dominant markers, restrict exhibiting only two alle-
les per locus. In order to cover genetic structure comprising larger
number of multiple alleles, we need to extend this approach of sample
size determination from data on codominant markers and also on the
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other species populations.
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Appendix

Table 2 Similarly matrices using Euclidian distances on allelic frequencey computed
from all accessions (full data) and frok bootstraps at different sample sizes

D1 D2 D3 D4 D5 A1 A2 A3 D1 D2 D3 D4 D5 A1 A2 A3
D1 100 Full data
D2 78 100
D3 75 79 100
D4 70 70 70 100
D5 66 75 73 64 100
A1 65 67 66 69 69 100
A2 69 70 69 70 72 76 100
A3 69 70 70 73 69 75 78 100
D1 100 k = 1 100 k = 2
D2 75 100 77 100
D3 72 73 100 74 76 100
D4 71 68 69 100 71 70 70 100
D5 68 70 71 64 100 70 73 70 64 100
A1 69 71 67 68 67 100 69 69 68 70 70 100
A2 70 69 70 70 71 71 100 73 71 71 70 72 74 100
A3 71 72 71 72 67 69 72 100 73 72 72 72 69 73 76 100
D1 100 k = 3 100 k = 4
D2 78 100 78 100
D3 74 76 100 75 77 100
D4 71 70 70 100 72 71 70 100
D5 68 73 71 65 100 70 74 71 64 100
A1 68 69 66 68 67 100 70 70 68 69 70 100
A2 71 71 71 70 72 73 100 73 72 71 70 72 75 100
A3 72 73 72 73 69 72 75 100 74 74 73 73 70 74 77 100
D1 100 k = 5 100 k = 6
D2 79 100 79 100
D3 75 77 100 76 78 100
D4 72 71 70 100 72 71 70 100
D5 69 74 72 65 100 69 74 71 65 100
A1 68 70 67 69 68 100 69 69 67 69 69 100
A2 72 72 71 70 72 74 100 72 72 71 70 72 75 100
A3 72 73 72 73 70 73 76 100 73 73 72 74 70 74 77 100
D1 100 k = 7 100 k = 8
D2 79 100 79 100
D3 75 78 100 76 78 100
D4 72 71 70 100 72 71 70 100
D5 69 75 72 65 100 69 75 72 65 100
A1 69 70 67 68 69 100 69 70 67 69 68 100
A2 72 73 71 70 72 75 100 72 72 71 70 72 75 100
A3 72 74 72 73 70 74 77 100 73 74 73 74 70 74 77 100
D1 100 k = 9 100 k = 10
D2 79 100 79 100
D3 76 78 100 76 78 100
D4 72 72 70 100 72 72 71 100
D5 69 75 72 66 100 69 75 72 66 100
A1 69 70 67 69 69 100 69 70 67 68 69 100
A2 73 73 71 71 73 75 100 72 73 71 71 73 75 100
A3 73 74 72 74 70 74 78 100 72 74 72 74 71 74 78 100

D1 to D5 : T. dicoccoides populations. A1 to A3 :T. araraticum populations.
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Table 3 Estimated values of exponential relationship parameters and optimum values of sample size
Estimated sample size

ε

Fitted function 0.05 0.10 0.20

LSS ωk = (0.0399 ± 0.00125) + (0.0638 ± 0.0112)(0.4891 ± 0.071)k 4.9 3.9 2.9

R̄
2 = 94%

LSSS ωk = (0.4772 ± 0.0580) + (0.2123 ± 0.0309)(0.11337 ± 0.00323)k 4.9 4.0 3.0

R̄
2 = 96%

LSS = Least-square-scaling stress measure. LSSS = Least-squares-squared-scaling stress measure. ωk = LSS

or LSSS for sample size k. R̄
2 = percent variance accounted for . ε = relative difference in the asymptotic

values of the stress measure.

Fig 1. Dendrograms of the population clustering based on Euclidian distances and average linkage
Dendrogram
∗∗ Level 80.0 70.0
D1 1 ..
D2 2 ..)
D3 3 ..)..
D4 4 ....)..
D5 5 ........)
A1 6 .. )
A2 7 ..) )
A3 8 ..).. ... ) ........
∗∗ Level 75.0 65.0 ∗∗ Level 80.0 70.0
D1 1 .. D1 1 ..
D2 2 ..) D2 2 ..)
D3 3 ..).. D3 3 ..)..
D4 4 ....).. D4 4 ....)..
D5 5 ........) D5 5 ........)
A1 6 .. ) A1 6 ........) )
A2 7 ..) ) A2 7 ..) )
A3 8 ..).. ... ........ A3 8 ..) .. ).. )......
∗∗ Level 80.0 70.0 ∗∗ Level 80.0 70.0
D1 1 .. D1 1 ..
D2 2 ..) D2 2 ..)
D3 3 ..).. D3 3 ..)..
D4 4 ....).. D4 4 ....)..
D5 5 ........) D5 5 ........)
A1 6 .. ) A1 6 ........)
A2 7 ..) ) A2 7 ..) )
A3 8 ..).. )... ........ A3 8 .... .. )........
∗∗ Level 80.0 70.0 ∗∗ Level 80.0 70.0
D1 1 .. D1 1 ..
D2 2 ..) D2 2 ..)
D3 3 ..).. D3 3 ..)..
D4 4 ....).. D4 4 ....)..
D5 5 ........) D5 5 ........)
A1 6 .. ) ) A1 6 ........) )
A2 7 ..) ) A2 7 ..) )
A3 8 ..).. )... )........ A3 8 .... .. ).... ).... )....
∗∗ Level 80.0 70.0 ∗∗ Level 80.0 70.0
D1 1 .. D1 1 ..
D2 2 ..) D2 2 ..)
D3 3 ..).. D3 3 ..)..
D4 4 ....).. D4 4 ....)..
D5 5 ........) D5 5 ........)
A1 6 .. ) ) A1 6 ........) )
A2 7 ..) ) A2 7 ..) )
A3 8 ..).. )... )........ A3 8 .... .. ).... ).... )....
∗∗ Level 80.0 70.0 ∗∗ Level 80.0 70.0
D1 1 .. D1 1 ..
D2 2 ..) D2 2 ..)
D3 3 ..).. D3 3 ..)..
D4 4 ....).. D4 4 ....)..
D5 5 ........) D5 5 ........)
A1 6 .. ) ) A1 6 ........) )
A2 7 ..) ) A2 7 ..) )
A3 8 ..).. )... )........ A3 8 .... .. ).... ).... )....

D1 to D5 : T. dicoccoides populations. A1 to A3 :T. araraticum populations.
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