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 1. Abstract

 3. Clustering Software Packages

 5. Experiments and Results

The identification, characterization, and comparison of microbial communities are
important goals in microbial ecology. Analysis of amplicon length heterogeneity (ALH)
profiles of 16S rRNA genes has been used as a fingerprinting method to rapidly compare
complex microbial communities and to study their diversity (Mills, et al., 2003). In this
study, we consider the combination of the ALH profiles obtained from different
hypervariable regions within the 16S rRNA gene as a way to discriminate one community
from another. An array of “unsupervised clustering” tools has been developed. These tools
take combined ALH profiles from a collection of samples of microbial communities, and
cluster the data into groups. To evaluate the clustering results from known samples, we
introduce the concept of Robust Entropy that helps alleviate the effect of a limited number
of outliers on the overall clustering results.. The two data sets that were studied included
ALH profiles of the bacterial communities from (a) Idaho agricultural soils and (b)
sediments from the Chesapeake Bay marsh regions. Our results indicate that the groupings
obtained by our clustering tools are consistent with a priori information about the data.
Our tools provide efficient and reliable methods for comparative analyses of microbial
communities.

We have built several tools to perform unsupervised clustering of combined ALH profiles:
• Hierarchical Clustering (Hastie, et al., 2001 ) :
• Greedy, neighbor-joining clustering method
• Output depicted as dendrograms
• Two distance functions used: Euclidean Distance and Pearson Correlation Coefficient
• Prone to errors because of early greedy choices
• K-Means Clustering (Hastie, et al., 2001 ) :
• Has the ability to recover from early mistakes
• Needs the specification of the number of clusters (i.e., K)
• As K changes, the cluster membership can change dramatically
• Self-Organism Maps (SOM) (Kohonen, 1995) :
• Similar to K-Means; Needs to specify the architecture of the map
• Provides information about potential “neighborhood” relationships between clusters
• X-Means Clustering (Pelleg, et al., 2000) :
• Variant of K-Means, where K needs not be precisely specified
• Chooses the number of clusters, K, based on model selection, and performs clustering
• Adaptive Self-Organism Maps (ASOM):
• New variant of SOM, where the architecture needs not be precisely specified
• Can find the optimal clusters and number of clusters based on model selection

The data sets that were analyzed using these unsupervised clustering tools include:
1. Combined ALH profiles from soil samples collected from Idaho (representing nine
different soil management types)
2. Combined ALH profiles from soil samples collected from Virginia's Chesapeake Bay
(representing nine different locations and seven different times)
3. synthetic data

.

.

 2. Introduction
• 16S rRNA was chosen as the gene target because of its well-known conservation across all
the prokaryotes.
• 16S rRNA has 9 variable regions (V1 through V9). ALH profiles of the microbial
communities were obtained by using Polymerase Chain Reaction (PCR) (Suzuki, M., M.
S. Rappe, et al. 1998) with different primers that target the individual variable regions.
• A combined ALH profile was obtained by concatenating the ALH profiles obtained from
using different pairs of primers on the same sample.
• A variety of clustering tools were applied to the combined ALH profiles.

 4. Evaluation of Clustering Results
Three evaluation techniques were employed:
• Entropy is a measure of the information content or “uncertainty” of a group. It requires
a priori grouping information for its computation. The existence of outliers can make
the Entropy value become very large. Therefore, it cannot adequately measure the
quality of the actual clustering results.
• Robust Entropy is similar to Entropy, but is relatively insensitive to noise in the data. It
is the Entropy calculated after eliminating select outliers.
• Bayesian Information Criterion (also known as the Schwartz criterion) is a log-likelihood
measure. It is used as a criterion for model selection.

Figure 3: Adaptive SOM (ASOM) Results of Idaho soil data.

 6. Conclusions and Discussion
• Combined ALH Profile of 16S rRNA genes
• Combined ALH profiles of 16S rRNA genes can be used to characterize the microbial
communities and compare them.
• ALH profile of regions V1 and V1 plus V2 contain more useful information than region V3.
• Result Evaluation
• It is difficult to ascertain the validity of inferences drawn from the output of unsupervised
community clustering, especially for unknown data.
• The measures of entropy and robust entropy are only meaningful for the same data and the
same architecture.
• The BIC was successfully used to make model selection. However, it takes everything into
consideration, and is not very robust in the presence of outliers.
• Comparison of Unsupervised Clustering Tools
• K-Means and X-Means tend to be influenced greatly by different initializations.
• SOM and ASOM are more stable than K-Means and X-Means.
• X-Means and ASOM make greedy decisions, so early decisions can greatly affect the results.
• Overall, our results show that ASOM is the best tool among these unsupervised tools.
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