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Summary

The analysis of terminal restriction fragment length
polymorphisms (T-RFLP) of 16S rRNA genes has
proven to be a facile means to compare microbial
communities and presumptively identify abundant
members. The method provides data that can be used
to compare different communities based on similarity
or distance measures. Once communities have been
clustered into groups, clone libraries can be prepared
from sample(s) that are representative of each group
in order to determine the phylogeny of the numerically
abundant populations in a community. In this paper
methods are introduced for the statistical analysis of
T-RFLP data that include objective methods for (i)
determining a baseline so that ‘true’ peaks in electro-
pherograms can be identified; (ii) a means to compare
electropherograms and bin fragments of similar size;
(iii) clustering algorithms that can be used to identify
communities that are similar to one another; and (iv)
a means to select samples that are representative of
a cluster that can be used to construct 16S rRNA gene
clone libraries. The methods for data analysis were
tested using simulated data with assumptions and
parameters that corresponded to actual data. The sim-
ulation results demonstrated the usefulness of these
methods in their ability to recover the true microbial

community structure generated under the assump-
tions made. Software for implementing these meth-
ods is available at http://www.ibest.uidaho.edu/tools/
trflp_stats/index.php.

Introduction

 

The analysis of terminal restriction fragment length poly-
morphisms (T-RFLP) of 16S rRNA genes, first introduced
by Liu and colleagues (1997), offers a useful means for
comparing the composition of microbial communities and
is widely used. In most applications of T-RFLP, fluores-
cently labelled universal primers that anneal to conserved
regions of 16S rRNA genes in prokaryotes are used to
amplify these regions from genomic DNA isolated from a
microbial community. Some laboratories use fluorescently
labelled forward and reverse primers, whereas others use
one labelled and one unlabelled primer. The resulting
mixture of amplicons is digested using restriction
enzyme(s), and restriction fragments are electrophoreti-
cally resolved. Only the fluorescently labelled terminal
restriction fragments are detected, and their sizes are
determined by comparison to those of an internal stan-
dard consisting of DNA fragments of known length. The
data obtained can be used in one of two ways. First, the
identity of microbial populations in a community can be
tentatively identified by comparing the sizes of terminal
restriction fragments in a profile to those that would be
predicted from the amplification and digestion of 16S
rRNA gene sequences found in databases. Second, the
presence or absence of fragments and their abundance
in profiles of samples can be scored and these data can
be used to compare different communities based on sim-
ilarity or distance measures.

The use of experimentally determined terminal restric-
tion fragment sizes to assess community composition has
several limitations. First, the use of different fluorophors
on internal size standards and DNA fragments in the
sample introduces errors in accurately determining the
sizes of unknown fragments (C. Shyu 

 

et al

 

., unpublished).
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This results from shifts in electrophoretic mobility that are
independent of fragment size and caused by chemical
differences in the fluorophors used to label the DNA frag-
ments of the internal standard versus those in the sample
(C. Shyu 

 

et al

 

., unpublished). Second, any given fragment
in a T-RFLP profile can arise from more than one phylotype
(Marsh 

 

et al

 

., 2000). Where a phylotype is defined to be
a bacterial 16S rDNA sequence type. This is inherent to
the occurrence of conserved DNA sequences in 16S rRNA
genes, particularly among phylogenetically related organ-
isms. This lack of sequence variability can be partially
overcome by the use of PCR amplicons whose 5

 

′

 

 and 3

 

′

 

ends are labelled with different fluorophors. This effectively
increases the resolution of the method by testing for the
existence of two restriction site polymorphisms in each
16S rRNA gene, which potentially doubles the number of
fragments produced from a sample. Third, the number of
phylotypes represented in DNA sequence databases is a
tiny fraction of the total that exist in nature. Consequently,
most organisms found in environmental samples are
novel; the sequences of their ribosomal RNA genes are
unknown and not represented in databases, and their
phylogeny cannot be determined from the size(s) of ter-
minal restriction fragment(s). To classify these organisms
based on their phylogeny, one must (at least) determine
the nucleotide sequence of their 16S rRNA genes, align
the sequence with known sequences and create a genetic
distance matrix. Thus, it is often necessary to construct a
clone library of 16S rRNA genes from each sample,
sequence a large number of randomly chosen clones, and
phylogenetically analyse the data. This is costly and time-
consuming for studies that involve numerous samples.

T-RFLP, used in conjunction with clone library construc-
tion and analysis, is suitable for high-throughput, auto-
mated analyses of samples. This offers the possibility of
conducting expansive studies to assess spatial and tem-
poral changes in microbial diversity, or to systematically
explore the effects of treatments and disturbances on
microbial community composition and structure. Several
computational tools are needed in order to execute such
studies in an objective, statistically extensive and cost-
effective manner. These include: (i) an algorithm for deter-
mining a baseline so that ‘true’ peaks in electrophero-
grams can be identified; (ii) a means to compare
electropherograms and bin fragments of similar size; (iii)
clustering algorithms that can be used to identify commu-
nities that are similar to one another and (iv) a means to
select samples that are representative of a cluster.

 

Results and discussion

 

Identifying ‘true’ peaks

 

An important first step in the analysis of T-RFLP data is

to identify ‘true’ peaks in electropherograms by distin-
guishing baseline ‘noise’ from signals resulting from
fluorescently labelled DNA fragments. Current peak iden-
tification methods largely rely on the researcher’s judge-
ment in setting a fluorescence threshold below which all
peaks are considered to be noise (Dunbar 

 

et al

 

., 2001;
Blackwood 

 

et al

 

., 2003; Rich 

 

et al

 

., 2003). In the method
we developed, the variability in the data is used to identify
‘true’ peaks. To compensate for such factors as variation
of the concentration of DNA in various samples, the first
step in the analysis is to normalize the data by calculating
the relative peak areas. This is done by dividing all peak
areas by the total area of all peaks in a sample profile.
The data in each profile have two components: back-
ground ‘noise’ and ‘signals’ resulting from fluorescently
labelled DNA fragments. Signals typically have much
larger areas (and higher peak heights) than background
noise and hence will add more to the variation in the data.
The variance is calculated by assuming the true mean of
the background fluorescence is 0. Large peaks are con-
sidered to be outliers and are progressively eliminated
from the dataset. The calculation is done recursively until
there are no large peaks to be removed and the remaining
variation represents the background ‘noise’ alone. This
filtering algorithm proceeds as follows:

 

(1)

 

The standard deviation for the standardized dataset
is calculated assuming that the true mean is equal to
0, i.e. use the sum of the squares of the standard-
ized data  (

 

Σ

 

x

 

2

 

)  to  calculate  the  standard  deviation

. 

 

x

 

 is the peak areas associated with the
noise and
noise and the signal.

 

(2)

 

Data points that have values larger than three stan-
dard deviations are identified.

 

(3)

 

These points are removed and the standard deviation
of the new dataset is recalculated assuming that the
true mean is equal to 0.

 

(4)

 

Steps 1–3 are repeated until there are no data points
present that exceed the three standard deviation limit.

 

(5)

 

The data matrix is reduced to include only fragments
that correspond to peaks that were removed as outli-
ers (‘true’ peaks).

This approach automates the process of identifying the
peaks, markedly reduces the time required to process
data, and enables investigators to identify ‘true’ peaks in
a more objective manner as compared with other available
methods.

 

Comparing electropherograms

 

The sizes of the fragments in a sample are determined by
comparing their electrophoretic mobilities with that of frag-
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ments of known size in an internal standard. Each frag-
ment length is assumed to correspond to a certain
bacterial phylotype. To compare communities one must
first ‘bin’ DNA fragments of comparable sizes that are
found in different samples to compensate for analytical
errors made in estimating the fragment lengths. Frag-
ments within the same bin are considered to be phylo-
types that are common to the microbial communities
sampled.

Binning is performed by first pooling all the data
(fragment lengths) from all the community samples of
interest.  These  fragment  lengths  are  then  sorted  so
that duplicate lengths that appear in multiple samples
are identified and eliminated. Hierarchical clustering
(Johnson and Wichern, 1992; Johnson, 1998) is per-
formed to identify those fragments with lengths close
enough to be grouped in the same length category (or
bin). Fragment lengths that are binned together are rep-
resented by their average length. Peak areas of binned
fragments from the same sample are summed. This
approach is similar to that described in Dunbar and col-
leagues (2001), though we do not enforce a limit on the
number of fragments that can belong to any one bin. A
matrix is created with the new representative fragment
lengths being in the first column, each of the subsequent
columns contains the peak areas associated with each
of the samples. Every row of this matrix represents a
phylotype identified by the representative fragment
length in the first cell; the entries in the remaining cells
represent the peak areas reflecting the abundance of this
phylotype in each sample. Accordingly, this matrix has
(

 

N

 

 

 

+

 

 1) columns, where 

 

N

 

 represented the number of
sampled communities. Further processing of the data
involves either standardizing the peak areas again by
dividing by the total area within each sample to give the
relative abundance of each fragment or reformatting the
matrix to a 0–1 format based on the presence or
absence of a certain fragment length in a microbial com-
munity – depending on the goal of the research.

 

Clustering of samples

 

Clustering is one of the most common statistical methods
utilized to group samples whose T-RFLP profiles are sim-
ilar to one another. Typically, the number of different kinds
of microbial communities (clusters) is subjectively deter-
mined – a process that is fraught with problems. The
problem of how to objectively determine a meaningful
number of clusters has been studied extensively in the
statistics literature (Milligan and Cooper, 1985; Cooper
and Milligan, 1988). We identified three algorithms to
assess the number of clusters in a dataset (Milligan and
Cooper, 1985; Cooper and Milligan, 1988; SAS Institute,
1989): Cubical Clustering Criteria (CCC) introduced by

Sarle (1983), the pseudo F statistic introduced by Calinski
and Harabasz (1974), and a statistic that can be trans-
formed to a pseudo T

 

2

 

 developed by Duda and Hart
(1973). Once clusters of similar microbial communities
have been identified, clone libraries can be constructed
from communities that are representative of all the com-
munities within a cluster. This provides the obvious advan-
tage that it is not necessary to prepare and analyse all
the samples within a cluster because fewer samples will
suffice to describe the diversity within a cluster, thus con-
serving time and effort while reducing costs.

The CCC compares the 

 

R

 

2

 

 (the proportion of variance
accounted for by the clusters) to its expected value, 

 

E(R

 

2

 

)

 

,
which is calculated assuming the data are uniformly dis-
tributed over a hypercube (Sarle, 1983; Milligan and Coo-
per, 1985). Equation 1 shows the CCC index as presented
in Sarle (1983):

(1)

where 

 

n

 

 is the number of available observations, and 

 

p

 

*
is the dimensionality of the variation between clusters.
The optimal number of clusters is identified by plotting
the CCC index against the number of clusters, and then
locating the number of clusters that has the highest pos-
itive index value that is greater than 2 because an index
value between 0 and 2 does not give sufficient evidence
for the existence of significant clusters. Negative values
that are decreasing for one or more clusters indicate uni-
modal or long-tailed distribution of the data. Extreme
negative values indicate the presence of outliers (Sarle,
1983).

The pseudo F index (Calinski and Harabasz, 1974) is
calculated as follows:

(2)

where 

 

n

 

 is the number of observations in a sample, 

 

k

 

 is
the number of clusters, 

 

B

 

 is the between cluster sum of
squares and cross product matrix, and 

 

W

 

 is the pooled
within cluster sum of squares and cross products matrix.
By this method, the optimal number of clusters is deter-
mined by plotting the F index against the number of clus-
ters. The highest F index corresponds to the optimal
number of clusters.

Duda and Hart (1973) propose a ratio index [Je(2)/
Je(1)] to identify the optimum number of clusters. Je(2) is
the within cluster sum of squares error when the data are
divided into two clusters. Je(1) is the sum of square error
before division. If the within cluster sum of squares error
for the two clusters is less than that for one cluster (within
a certain critical value), the one cluster hypothesis is
rejected in favour of the two clusters (Milligan and Cooper,
1985). This test can be transformed to a pseudo T

 

2

 

 test

CCC
E R

R

np

E R
=

-
-

È
ÎÍ

˘
˚̇ + ( )( )

*

ln
( )

.
1

1
2

0 001

2

2 2

F
trace B k
trace W n k

=
-( )[ ]

-( )[ ]
/
/

1



 

932

 

Z. Abdo 

 

et al.

 

© 2005 Society for Applied Microbiology and Blackwell Publishing Ltd, 

 

Environmental Microbiology

 

, 

 

8

 

, 929–938

 

(SAS Institute, 1989; Johnson, 1998). The optimal number
of clusters can be identified by a small value for the
pseudo T

 

2

 

 that is followed by a large value (SAS Institute,
1989).

We propose that the optimal number of clusters be
identified based on the pseudo F and the CCC indices, if
they are in agreement. If they do not agree, then the
outcome of one of them is favoured if it is associated with
a higher pseudo T

 

2

 

 index. The choice of this strategy is
due, mainly, to the ease of its automation.

 

Within cluster sampling

 

The goal of within cluster sampling is to identify a number
of communities (referred to as 

 

communities

 

 hereafter)
within a cluster that properly represent the cluster so they
can be used to construct clone libraries. Here we propose
four methods to achieve this aim. Two of these methods
(The Pair-wise Distances method and the Maximum Vari-
ation method) utilize the coefficient of variation (CV) as a
decision rule to determine the sample size. The coefficient
of variation is given in Eq. 3:

(3)

where 

 

n

 

 is the sample size. The other two (the Systematic
Cover and the Cover Sampling methods) use the per cent
cover as a decision rule to determine the appropriate
sample size. The cover is defined as the proportion of
phylotypes that might be detected in a sample as com-
pared with the total number of phylotypes detected in the
whole cluster. Detailed description of each one of these
methods is introduced below.

The decision to use one of these methods depends on
how much of the variation in the cluster the researcher
wants to explain. The lowest resolution results from using
the Systematic Cover method, which focuses on richness
alone in choosing a sample. The aim of this method is to
identify the species that make up the communities asso-
ciated with a certain cluster with no regard to how abun-
dant these species might be. The advantage is that
smaller sample sizes will be chosen using this method as
compared with the other methods. The highest resolution
results from choosing a sample using the Maximum Vari-
ation method, which aims at explaining as much of the
variation in the cluster as possible with a disadvantage of
having to deal with large sample sizes compared with the
other methods. The Pair-wise Distances method and the
Cover Sampling method provide intermediate resolutions.
The Maximum Variation, Pair-wise Distances and Cover
Sampling methods attempt to provide samples that help
the researcher study the abundance of the different spe-
cies that a cluster is composed of, in addition to identifying
which species exist.

CV
Standard Error

mean
Standard Deviation / n

mean
= =

( )

 

Pair-wise distances.

 

The following is an iterative
approach to determine the sample size that conforms to
a predefined coefficient of variation.

 

(1)

 

Sample 

 

n

 

 communities repeatedly B times at random
without replacement from all communities within a
cluster. Because at least two communities are needed
to calculate pair-wise distances, 

 

n

 

 should be greater
than or equal to 2.

 

(2)

 

Calculate the pair-wise distances between the sam-
pled communities and average the results for each of
the samples drawn.

 

(3)

 

Calculate the CV associated with the sample size 

 

n

 

.

 

(4)

 

Repeat 1 through 3, adding 1 to the previous sample
size, until the coefficient of variation is less than or
equal to the predefined lower limit for the coefficient
of variation.

The 

 

n

 

 resulting after the last step is the minimum sam-
ple size needed to attain a CV equal or less than a
predetermined value. Ideally we would want to construct
the sampling distribution for the mean pair-wise distances
based on all possible permutations at each sample size
of interest and calculate the standard error based on
these permutations. This can be computationally prohibi-
tive. The proposed sampling without replacement approx-
imates this sampling distribution and is less
computationally intensive. The larger the number of repe-
titions (B), the more accurate the approximation will be.

 

Maximum coefficient of variation.

 

In this method we
utilize the fragment length with the maximum coefficient
of variation to calculate the sample size. Our intention
is to find a sample that explains as much of the maxi-
mum variability as possible. A sampling without replace-
ment algorithm similar to the one described above is
used.

 

(1)

 

Calculate the CV corresponding to the peaks associ-
ated with each of the fragment lengths in a cluster.

 

(2)

 

Identify the fragment length that has the highest CV.

 

(3)

 

Repeatedly sample 

 

n

 

 communities B times, at random
without replacement, from all communities within a
cluster.

 

(4)

 

Calculate the CV, for the fragment length identified in
step 2, associated with the sample size 

 

n

 

.

 

(5)

 

Repeat steps 3 and 4, adding 1 to the previous sample
size until the coefficient of variation is less than or
equal to the predefined coefficient of variation.

 

Systematic Cover method.

 

To choose samples using
this method we systematically search the communities
until we identify samples that provide at least a predefined
cover within each cluster. The following steps are included
in the algorithm to achieve this goal.
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(1)

 

Find the community that provides the largest cover.
This community will serve as a starting point.

 

(2)

 

Search for the second community that, when com-
bined with the first, will again provide the largest cover.

 

(3)

 

Repeat this last step until the cover of the level of
interest is attained.

As indicated above, this method provides the best cover
although it might not provide the right representation of
the phylotype abundance in a community type. However,
the advantage of this method is that it provides the small-
est sample size (i.e. number of communities) needed to
identify the make-up of a certain community type within a
defined cover.

 

Cover Sampling method.

 

This method aims to adjust
the previous method to provide a viable representation of
phylotype abundance in the different community types.
Two stopping rules are employed for this purpose: The first
is the cover (described in the previous method); the sec-
ond is the frequency of attaining this cover when randomly
choosing a certain number of communities (a sample
size) that belong to a cluster. The aim is to choose a
random sample size that covers a proportion, 

 

β

 

, of the
phylotypes in cluster with frequency 

 

π

 

 (95% for example).
Similar to the methods presented under the coefficient of
variation approach, all permutations of sampled commu-
nities need to be found based on a certain sample size to
create the distribution of the covers associated with that
sample size. A sampling without replacement strategy is
also used to approximate such a distribution in this case.
The sample size that meets the two rules is chosen as
the optimum sample size. The algorithm is as follows:

 

(1)

 

Repeatedly sample 

 

n

 

 communities B times, at random
without replacement, from all communities within a
cluster.

 

(2)

 

The algorithm presented previously (see systematic
method) is used to calculate the cover for each of the
B samples.

 

(3)

 

The calculations are stopped if the proportion of times
that the sample cover exceeds the predefined cover,

 

β

 

, is more than or equal 

 

π

 

. Otherwise, steps 1 and 2
are repeated after increasing 

 

n

 

 by 1.

 

Sampling intensity

 

A method was developed to identify a lower bound on the
number of microbial communities sampled so that all com-
mon microbial community types are represented with high
probability. For illustrative purposes we denote a commu-
nity type as 

 

common

 

 if its frequency among the microbial
community types is greater than or equal to 

 

p

 

0

 

 

 

=

 

 10%.
The largest sample size will be required when all of the

common microbial community types are barely above the

threshold required to be deemed common. In our case,
this occurs when there are 10 common community types
each with frequency of 10%. Any other configuration
would have fewer common community types and the com-
mon types would appear in higher frequency. So, consider
a sample of size 

 

n

 

 from a group of community types with
10 types of equal frequency. The probability that a partic-
ular community type is not sampled in the first draw is
0.90, and the probability that this type is missed in all 

 

n

 

draws from the population is (0.90)

 

n

 

, and therefore the
chance that at least one of the 10 community types is
missed in each of the 

 

n

 

 draws is bounded above by
(10)(0.90)

 

n

 

, making the chance that all the common types
are sampled to be at least 1 

 

−

 

 (10)(0.90)

 

n

 

.

 

 Setting this
probability equal to 0.99, virtually assures that all the com-
mon types will be sampled. This is done by solving for

 

n in the following equation (10)(0.9)n = 0.01, which implies

 that . In general, if p0 is the minimum

frequency of a common community type and 1 − α is the
probability that all the common types are sampled, then
the  general  formula  for  the  sample  size  n  is  given by

. Yu and Williams (1991) present a special

case of this sampling formula that is concerned with one
community type only. While the above formula virtually
guarantees that all common types will be represented in
the sample, it does not make any predictions about the
sample frequency of each of these types. It is possible
that a common type will appear in the sample with low
frequency, simply due to sampling error. It is relatively
straightforward to demonstrate that any type whose
frequency in the population is 10% or higher will appear
in the sample (with 0.95 probability) at frequency of 4%
or higher. The general inclusion rule would be to include
all  types  with  sample  frequency  or higher where

.  Based  on  this  logic  we

consider a sample of size 65 to adequately sample all
common community types, where a common type has
frequency of at least 10%. To guard against sampling error
we will include any type with sample frequency of 4% or
greater as common.

Analysis of simulated data

Using the Jaccard measure of similarity (Milligan, 1981),
we compared the clusters that arose from analysis of the
simulated data that was generated, as described in the
Experimental procedure section below, to the true clusters
of the data (Table 1). The data showed a clear improve-
ment in identifying the correct number of clusters as the
range of similarity used for binning the fragments was
increased from 0.1 bp to 1 bp regardless of the scenario
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under consideration. The analysis also indicated that as
the level of background noise increased, the ability to
recover the true clusters decreased. The performance of
the analytical procedures was about the same for commu-
nities that contained 100 or 200 true phylotypes, and
somewhat worse for smaller communities with 50 true
phylotypes. The proportions of perfect match for scenarios
conforming to the same variation and cut-off limits were
within three standard deviations from one another. This
lack of significant distinction between true and calculated
community types held when there was 10% or 20% dif-
ference between community types.

Examples of the distributions of the numbers of recov-
ered clusters for scenarios 4, 5, 6 and 13, 14, 15 are
presented Figs 1 and 2 respectively. These scenarios dif-
fer only in the per cent difference between the community
types (10% in Fig. 1 versus 20% in Fig. 2). The data
highlight the importance of choosing a correct range for
peak alignment when comparing the different communi-
ties; choosing a range of 0.1 bp usually did not result in
the correct number of clusters, while increasing the range
to 0.5 or 1 bp improved the ability to recover the true
number of clusters (Figs 1 and 2). Increasing the fragment
size range from 0.5 bp to 1 bp also resulted in tighter
distributions that centred on the true number of clusters
(7). The ability to estimate the true number of clusters
diminished as the background noise was increased from
25 to 75 (area units), and there was a tendency to over-
estimate the number clusters as the noise was increased.
This conforms to the results deduced from Table 1. The
results of analyses done on other scenarios were similar
and reinforce these conclusions.
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Table 2. Simulation scenarios used to validate the proposed data
processing and analysis methods.

Scenario

Percent
community
difference (%)

Fragment
sample
size

Noise
standard
deviation

1 10 200 25
2 10 200 50
3 10 200 75
4 10 100 25
5 10 100 50
6 10 100 75
7 10 50 25
8 10 50 50
9 10 50 75

10 20 200 25
11 20 200 50
12 20 200 75
13 20 100 25
14 20 100 50
15 20 100 75
16 20 50 25
17 20 50 50
18 20 50 75
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Experimental procedure

Data simulation

Data with known history and assumptions must be used to
evaluate methods for processing and clustering of T-RFLP
data (summarized in Table 2). Such data were generated by
simulation and were then analysed using the methods
described above. The performance of these methods was
measured by their ability to reconstruct the truth.

Our simulated microbial communities were designed so
that they would belong to one of seven distinct microbial
community types and form seven clusters. Each community

type (hence each cluster) was identified by a set of fragment
lengths that are considered to be the phylotypes that consti-
tute a particular community and an associated set of peak
areas representing the phylotypes in the community. The
sets of fragment lengths corresponding to each of the com-
munity types overlapped to accommodate the fact that differ-
ent microbial community types may share similar microbes
in their composition. We used two overlap settings: at least
80% (corresponding to 20% difference) and at least 90%
(corresponding to 10% difference), to assess the effect of
the differences among community types on recovering the
true clusters. The sets of peak areas were generated using
a lognormal distribution (May, 1975; Pielou, 1975) with

Fig. 1. Distribution of the number of clusters recovered from simulated data based on 10% difference between community types and 100 true 
species (scenarios 4, 5 and 6). A–C are associated with background variation based on a standard deviation of 25 from a mean equal to 0 and 
corresponds to clustering using 0.1 bp, 0.5 bp and 1 bp binning ranges respectively. D–F are associated with background variation with standard 
deviation of 50 from a mean equal to 0 and corresponds to clustering using 0.1 bp, 0.5 bp and 1 bp binning ranges respectively. G–I are associated 
with background variation based on a standard deviation of 75 from a mean equal to 0 and corresponds to clustering using 0.1 bp, 0.5 bp and 
1 bp binning ranges respectively.
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parameters mean-log = 4.5, and variance-log = 4 that
allowed the resulting data to be within the range observed
for vaginal microbial communities (X. Zhou et al., unpubl.
data). The number of peak areas in each of these sets
matched the number of fragments in one of the fragment
lengths sets, and each peak area was randomly assigned to
one fragment length in the corresponding fragment lengths
set. Accordingly, community types differed from one another
on the basis of the phylotypes present (fragment lengths) or
in terms of the abundances (peak areas) of a given phylo-
type found in more than one community. We tested commu-
nities with 50, 100 and 200 true phylotypes to study the
effect of increasing the number of true peaks in a profile on
the recovery of the true clusters.

Samples from each community type were generated by
using its identifying fragment lengths sets as a mean of a
multivariate normal distribution, with diagonal variance-cova-
riance matrices, to generate fragment lengths. The diagonal
elements of these matrices were equal to 0.01 (equivalent to
a standard deviation of 0.1 bp), which was determined based
on data from an ABI PRISM 3100 Genetic Analyzer (Applied
Biosystems, Foster City, CA) provided by S. Bent (unpubl.
data). Then, using the peak areas as a mean to a multivariate
normal distribution, we generated the peak areas corre-
sponding to the aforementioned fragment lengths samples.
The variance-covariance matrices for these normal distribu-
tions was also diagonal though the variances on the diagonal
were determined using a coefficient of variation of 0.1.

Fig. 2. Distribution of the number of clusters recovered from simulated data based on 20% difference between community types and 100 true 
species (scenarios 13, 14 and 15). A–C are associated with background variation based on a standard deviation of 25 from a mean equal to 0 
and corresponds to clustering using 0.1 bp, 0.5 bp and 1 bp binning ranges respectively. D–F are associated with background variation with 
standard deviation of 50 from a mean equal to 0 and corresponds to clustering using 0.1 bp, 0.5 bp and 1 bp binning ranges respectively. G–I 
are associated with background variation based on a standard deviation of 75 from a mean equal to 0 and corresponds to clustering using 0.1 bp, 
0.5 bp and 1 bp binning ranges respectively.
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Accordingly, the variation in the peak areas depended on the
areas of these peaks (the larger these areas, the larger the
associated variance was); this is in accordance with our
observations based on the dataset we studied. Figure 3
presents a dendrogram based on peak data generated under
the assumption that 200 true phylotypes constitute a commu-
nity type, and that the community types differ by 20%. G1I1,
G1I2, …, G7I1 denote individuals in specific clusters. For
example, G1I2 represents the second individual of the first
cluster.

We added noise to each of the samples by simulating 750
data points under a normal distribution with a mean equal to
0. Given that background noise is pooled and subtracted from
the dataset, we contend that 750 data points representing
the noise in each sample were sufficient for the purposes of
this simulation. Three different background variation scenar-
ios [standard deviations of 25, 50 and 75 (area units)] were
used to study the effect of the relative noisiness of the data
(as compared with the peak sizes). To simulate the discrep-
ancy due to the inconsistencies of varying the amount of DNA

Fig. 3. Dendogram based on raw peak data 
generated under the assumption that 200 true 
species existed in a community type and that 
these community types had 20% difference 
between them. G1I1, G1I2, …, G7I1 represent 
the names of the clusters and the names of 
individuals belonging to those clusters. For 
example, G1I2 represents the second individual 
of the first cluster.



938 Z. Abdo et al.

© 2005 Society for Applied Microbiology and Blackwell Publishing Ltd, Environmental Microbiology, 8, 929–938

per sample or under sampling of DNA fragments in a sample
we multiplied the different sample peak sizes by a factor
generated using a uniform distribution with values between
0.5 and 1.5 and then dropping peaks with area smaller than
5. This reduces the number of peaks in the dataset, by
eliminating those which are too small to distinguish from the
background noise. We sampled 65 communities that were
distributed as follows: 25 belonging to the first community
type; 15 belonging to the second; 10 belonging to the third,
eight belonging to the fourth; and four, two and one belonging
to the fifth, sixth and seventh community types respectively.
In total, 18 scenarios (two different per cent overlap between
community types; three different true numbers of phylotypes
associated with each community type; and three different
background noise levels resulting in different relative peak-
noise sizes) were tested. For each scenario 1000 datasets
were simulated, for a total of 18 000 datasets.

For each dataset, the peak areas were normalized and true
peaks were identified using the algorithms described above.
Peaks were aligned using three size ranges, 0.1 bp, 0.5 bp
and 1 bp. The outcome was three separate data matrices per
original data set to yield 54 000 data matrices in total that
were processed through SAS® to cluster and identify the
optimum number of clusters using the above described
methods.

Software and algorithms

R (R Development Core Team, 2003) functions that imple-
ment the described procedure for identifying the ‘true’ peaks,
binning the different fragment lengths, and for within cluster
sampling are available at http://www.ibest.uidah.edu/tools/
trflp_stats/index.php along with a SAS® macro that auto-
mates the decision procedure used to identify the optimal
number of clusters in cluster analysis.
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